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This dissertation tackles three applications of economic models to understand urban 

transportation networks. The first chapter considers the relationship between equity and the 

transportation system in urban environments where welfare is affected by a host of factors 

including labor and housing markets as well as local amenities. I examine the effect of 

transportation policies directed at reducing travel times for commuting on inequality in urban 

labor markets and consider the choice of city of residence by workers with and without a college 

degree, using differences in outcomes across these two groups to characterize economic 

inequality. Behavioral and supply parameters are estimated in a sorting model that controls for 

the effect on location decisions vis-à-vis wages, rents and amenities. Based on these estimates, 

policy simulations consider the effect of public transit expansion to lower travel times to work 

financed by a head tax, congestion pricing or fare increase. Overall the paper documents limited 

benefits to workers without a college education from the set of proposed policies relative to those 

with a degree.   

The second chapter presents joint work which develops a theoretical framework for examining 

the equilibrium behavior of networks with overlapping externalities which generalizes a series of 

equilibrium sorting models in housing and social interaction literatures. We present a framework 

that draws on algorithmic game theory to produce theorems of existence, uniqueness and 



 

identification of demand parameters which highlight the importance of the interconnectedness of 

the network for defining equilibrium outcomes. We end with a series of applications of this 

framework to empirical examples. 

The third chapter, also joint work, examines a program that allows solo-drivers to enter carpool 

lanes upon a payment of a toll, providing the first estimates of commuters’ value of urgency, 

defined as a discrete willingness-to-pay to avoid failing on-time arrival. Earlier theoretical 

models that ignore preferences for urgency fail to fit the data and explain important empirical 

regularities. While the value of time and value of reliability have been commonly used for 

infrastructure project evaluation, our results show that the value of urgency is the critical 

parameter for evaluation of congestible infrastructure projects where pricing is possible.
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CHAPTER 1 

THE LONG ROAD TO WORK: THE DIVERGENT EFFECTS OF TRANSPORTATION 

POLICIES BY WORKER SKILL IN A LOCATIONAL SORTING MODEL 

Introduction 

Much attention has been paid in recent economic and political circles to the growing importance 

of economic inequality.1 This debate spans issues from the availability of technology to access to 

healthy food in so-called urban food deserts, but a popular refrain has been the challenge of finding 

quality, that is high-enough paying, work for laborers of varying skill levels. Mirroring, in part, 

the discussion around an established topic in urban economics, a new strain of micro-level research 

has considered the role of urban spatial mismatch on a range of economic outcomes (Chetty, et al., 

2015; Anderson, et al., 2014). The spatial mismatch literature considers whether and why jobs and 

housing might not be located optimally in urban areas. This could occur for a range of possible 

reasons (e.g., attraction to amenities, availability of affordable housing), with the result that some 

workers do not make appropriate matches in the labor market (Wasmer and Zenou, 2002). 

Regardless of whether mismatch results in an economically inefficient allocation of workers, there 

may still be reason for concern that it has negative effects on certain parts of the income and skill 

distribution. 

This dynamic has a major implication for transportation policy. Consider the plight of a widely 

publicized 56 year old Detroit resident, James Robinson, who, after his 1988 Honda Accord quit 

out on him a decade ago, has proceeded to walk 21 miles on a daily basis to connect his bus 

                                                
1 This rhetoric has helped to shape much of the tone of policy discussions in the context of the 2016 presidential campaign. Dorothy Wickenden of 

The New Yorker try to summarize this tone in a http://www.newyorker.com/news/news-desk/the-political-scene-the-rhetoric-of-inequalityrecent 

discussion with political writers. 
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commute to his factory job in the suburb of Rochester Hills.2 The public attention to this man’s 

commute reflects a general perception that urban transportation systems, as they currently exist, 

fail to connect workers to jobs.3 That is, the spatial mismatch of residential and employment 

locations of workers could be mitigated by reducing transportation costs, particularly for 

commuters that find that basic accessibility may be prohibitively costly. Responding to this 

concern, policy analysts have called for pro-employment approaches to transportation that 

“connect low-income workers to jobs.”4 Of one form or another, these proposals generally 

recommend some kind of government expenditure on transportation infrastructure or subsidization 

of buses (whether public or private). Before jumping to this solution, one may want to ask why 

commutes for low skilled workers might be long and what that suggests about the causal 

mechanisms at play. 

Because many of the costs of transportation and sprawl are not priced, lower income residents may 

have too little access to transportation, while others may use transportation systems too much. 

Another dimension of the spatial mismatch problem that the urban literature has highlighted is that 

it may lead to “wasteful commuting” (Hamilton and Röell, 1982). This strand of literature has 

compared the commuting patterns that one would expect if households choose work and home 

locations to reduce commuting costs. These papers have then asked whether observed commuting 

volumes match what is predicted from a standard microeconomic urban model (Alonso, 1964; 

Muth, 1969; Mills, 1972). These papers have generally found the answer to be no, that volumes 

are in excess of what would be expected.5 A natural extension from this observation is that, for 

                                                
2 Bill Laitner. “Heart and Sole: Detroiter Walks 21 Miles in Work Commute.” Detroit Free Press. February 10th, 2015. 
3 Gillian White. “Stranded: How America’s Failing Public Transportation Increases Inequality.” The Atlantic. May 16th, 2015.  
4 Michael Strain. “How the Government Can Spend Billions of Dollars on a New Policy and Still Win Conservative Support.” The Washington 

Post. August 22nd, 2014. 
5 A rich literature has debated how to measure “wasteful commuting” accurately and how large the problem is (White, 1988; Hamilton, 1989; 

Cropper and Gordon, 1991). 
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some workers who can afford it, driving to work, particularly using a personal automobile, may 

be too cheap. Moreover the costs and consequences of wasteful commuting may exacerbate or 

counteract inequalities in commuting times and costs depending upon which workers are made to 

suffer from the longer commutes and higher congestion that wasteful commuting may generate. 

This paper examines the relationship between inequality and transportation policies as played out 

in the location decisions of workers within and between US cities, considering the interaction of 

these factors with urban amenities and labor and housing markets. I estimate preferences for the 

choice of an MSA from three decades of the 5% sample of the US Census. Building off the 

econometric framework in Diamond (2015), the estimation approach considers market outcomes 

for wages, commuting costs, housing costs and amenities, controlling for variation in preferences 

due to demographics and birth location. An added dimension of my model is that I allow for within-

MSA variation where workers can choose to live in the center city or the suburban periphery, 

reflecting intra-urban geographic preferences of particular worker types and demographics. This 

turns out to be important for understanding commuting patterns as travel times and their 

relationship to housing rents and other determinants of location vary meaningfully between center 

cities and suburbs. 

I estimate a system of equations arising from a model of locational sorting to uncover the structural 

parameters for labor demand, housing supply and transportation capacity. This model allows me 

to consider how the commuting decisions of high and low skilled workers determined by joint 

work and residential location decisions vary across cities and between regions within a city. The 

model includes a labor demand equation to allow wages to adjust to migration patterns. A housing 

supply equation in my model allows rents to adjust for migration and availability of developable 

property, and transportation equations allow travel times to adjust for migration and infrastructure 
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differences. I also use a rich set of instrumental variables to control for the effects of endogenous 

sorting and the estimating equations are constructed in first differences to control for time invariant 

unobservables. Estimates from the model produce elasticities of labor supply, housing supply and 

commuting costs consistent with ranges in the literature. 

The rationale for this overall approach is two-fold. For one, to understand how spatial patterns 

might drive inequality, one needs to consider what factors other than commuting vary across space 

in cities and how they might be valued differently by different types of workers. This reflects an 

understanding that differences in prices, amenities and preferences might drive certain types to 

live in one part of the cities and others elsewhere (Wheaton, 1977). Two, the benefit that workers 

obtain from their location within cities needs to consider the opportunity cost of that location 

relative to where they could live in another city. This reflects the fact that workers may move to a 

new city based on an employment opportunity and then have to decide on where to live within that 

city conditional on their work location.6 By using MSA-level sorting to identify preferences for 

commuting relative to other factors and allowing for consideration of location within cities, this 

paper strikes a balance between micro- and macro-level models of sorting.7 

The principal data for the estimation come from three waves (1980, 1990, and 2000) of the US 

Census 5% sample, which allows for rich estimation of individual preferences across MSAs, as 

well as then MSA-level prices and quantities in housing, labor and transportation markets. 

Additional transportation data comes from the National Household Travel Survey (NHTS), the 

American Public Transit Association and the Highway Performance Monitoring System via data 

                                                
6 The setup for my model assumes that the decision is joint, however the neighborhood-level price indices I use as a control reflect the two-stage 

choice of neighborhood conditional on MSA choice, so, in practice, my model can be thought to embody both approaches.  
7 Hamilton and Phaneuf (2014) consider a two-stage budgeting model in which they show how a nested logit model at the Census tract level can 

be used with restricted U.S. Census micro-data to estimate preferences for locational attributes between (macro) and within (micro) cities. Without 

access to the same level of data as these authors, I do consider the nested choice of PUMAs (larger than a Census tract) within MSAs using a price 

index described in Section 5.1.3 that closely mirrors what Hamilton and Phaneuf use. 
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made available by Duranton and Turner (2011). 

In my results, I find that simple measures of commuting times and cost tend to be worse, on 

average, for higher skilled works, not better. I estimate the average expenditure share on housing 

turns out to be higher (80%) than many comparable estimates, which may be because households 

that consume more housing tend to be located farther from the city center and therefore have longer 

commutes and less income after commuting costs available for non-housing expenditures. In 

addition, I find that a 10% increase in a city’ s population raises average commuting time by 40%, 

but this is reduced by 5% for a 1% increase in capacity from roads, buses and rail. This result 

suggests that while aggregate travel times in cities may be largely unaffected by increases in 

roadway expansion (Duranton and Turner, 2011), it is not necessarily the case that this effect is 

the same for commutes to work, where in higher congestion cities, the effect of one additional 

driver on the roadway is much higher than on average throughout the day. 

Using these structural estimates, I incorporate a public sector into the model that finances provision 

of public transit via taxation and compare the effects of a standard set of transportation policies, 

congestion pricing and public transit subsidization, on the distribution of workers and welfare. 

These simulations, which are done separately on subsets and all cities, have substantially different 

welfare effects depending on their context. Public transit subsidization seems to do reasonably 

little to improve the welfare of low skilled workers, largely because most of them drive to work. 

On the other hand, skilled workers obtain a welfare benefit relative to income twice that of their 

less skilled counterparts. Benefits from MSA-wide subsidization of public transit financed by 

congestion pricing seems to have meaningful effects for high and low skilled workers and results 

in average lower commuting times. Reallocation of workers within and between cities show 

interesting but relatively small effects from the polices modeled. 
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This paper proceeds in 6 parts. Section 2 places the current paper within the intersection of urban 

labor and transportation literatures as well as those valuing non-market amenities. Section 3 

presents the theoretical basis for the empirical model developed in the paper. Section 4 clarifies in 

detail how the dataset for this study was constructed and considers some motivating descriptive 

statistics. Section 5 motivates and presents the econometric framework used to estimate the 

structural parameters of the model. Section 6 presents the key econometric results and considers 

their implications for inequality and sorting. Section 7 describes and presents key results from the 

welfare analysis of the transportation policies considered, and Section 8 concludes. 

 

Relation to Previous Literature 

The issue of how commuting to work and income inequality are related is at the center of an 

established literature in urban economics considering how rent gradients dictate the location of 

heterogeneous workers and the commuting patterns that are implied by the ensuing distribution of 

said workers. In the tradition of the Alonso-Muth-Mills framework, the location of heterogeneous 

workers within a city should be determined by the relative sizes of the elasticity of housing demand 

with respect to income and the elasticity of marginal commuting costs with respect to income. In 

instances where the former is larger than the latter, the pattern of resulting equilibrium bid rents 

should ensure that income levels will increase with distance from the city center. However, when 

the opposite relationship between elasticities exists, income should be expected to fall with 

distance (Wheaton, 1977). The implication of this result is that as commuting costs rise, it is 

theoretically ambiguous what will happen to commutes of different workers. This ambiguity 

motivated the empirical work of LeRoy and Sonstelie (1983) and Gin and Sonstelie (1992) to 

consider the role of changes in transportation technology (e.g., the streetcar) on the cost of 
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commuting and the locations of high and low income workers in cities. These outcomes depend, 

in part, on the nature of the transportation system in cities as Glaeser, Kahn and Rappaport (2008) 

have shown that while we might normally expect housing bid rents and thus the income 

distribution to be higher in central cities, the availability of mass public transit in the urban core 

helps to account for the large proportion of low income individuals in these areas.8 Another 

important factor is the relationship between travel demand patterns and spatial structure as spread 

cities will naturally gravitate towards personal auto-use as pointed out by Bento, et al. (2005). 

The spatial mismatch literature has drawn a series of useful observations about the nature of 

transportation markets and the location of workers. Arnott (1998), for one, in laying out the 

theoretical conditions that can generate spatial mismatch, points out that the principal variables 

associated with the phenomenon, employment and housing market locations, are fundamentally 

endogenous and as a result need to be considered in a general equilibrium framework, motivating, 

in part, the approach taken in the current paper. Brueckner, Thisse and Zenou (1999) present an 

early attempt to model the relationship between urban accessibility from transportation and labor 

force participation, while Holzer, et al. (2003) examines the effect of public transit expansion on 

employment outcomes for Latinos and African-Americans. Brueckner and Rosenthal (1999) 

examine the link between urban location of different demographic groups and intra-urban housing 

stock heterogeneity, while Brueckner, Thisse and Zenou (1999) show that differences in the intra-

urban location of amenities can help to explain why the poor live in different parts of American 

cities relative to European ones. 

A host of factors in housing markets can help to understand the observed residential distribution 

                                                
8 Also, as discussed in Section 4, there are sorting dynamics related to housing density gradients across cities that help to explain why the poor may 

live in center-cities. 
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of workers within cities beyond what is described from the spatial mismatch literature. Chen and 

Rosenthal (2008) consider, for example, how much locational patterns are dictated by what firms 

value versus what households value about amenities in particular cities and find that the latter 

factor tends to dominate. Notowidigdo (2013) documents the relative immobility of poorer 

households resulting from falling housing prices and social transfers. Gyorko, et al. (2013) show 

how in large, so-called “superstar cities,” like San Francisco, high housing market rents tend to 

crowd out low income households. This has an obvious connection to the broader gentrification 

literature. Guerreri, Hartley and Hurst (2013) model endogenous gentrification and show the 

subsequent effect on housing market outcomes, while Ioannides and Zabel (2008) show the role 

of social networks via a “catching up with the Jones”’ approach to housing structure quality on 

housing market reallocation. Molloy and Shan (2010) document the capitalization of rising 

commuting costs into housing prices. So, et al. (2001) come the closest to asking the same question 

as the current study in their analysis of sorting in labor and housing markets where commuting 

costs play a substantial role. However, their model is estimated as a series of reduced form 

elasticities to be compared with those in the urban literature. 

A rich and recent literature has examined macro- and micro-level sources of inequality in local 

labor markets. Diamond (2015) shows the strong correlation between inequality, productivity and 

urban amenities, arguing that high skilled workers are drawn to cities with more developed 

amenities, but in turn, their presence increases investment in them. Autor and Dorn (2013) and 

Eekhout, et al. (2014) consider the role of skill complementarities on productivities in cities, testing 

whether low skilled workers are better off in cities with more high skill workers that they can pair 

with. An essential component to this literature has been to understand how to think about how 

households value cities and the amenities within them. Albouy (2008) and Albouy and Lue (2015) 
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document variation in indices of quality of life in cities and consider the role of commuting. Bieri, 

Kuminoff, Pope (2015) do, perhaps, the most thorough job to date in the literature of documenting 

the implied value of urban amenities based on the most comprehensive database of i ever 

constructed. 

Finally, this paper draws on a considerable literature in applied public finance related to the 

provision of urban transportation. Keeler & Small (1977) do the first extensive job of modeling 

and estimating the supply and demand parameters implied by urban freeway provision. Bento and 

Parry (2001, 2002) explore the implications of fundamental factors in public finance (revenue 

recycling and pre-existent tax distortions) on the welfare effects of congestion tolling. Mohring’s 

(1972) seminal work showed the theoretical basis for benefits from subsidization of bus fares from 

scale economies. Subsequent work by Parry and Small (2009), Proost and Van Dender (2008) and 

Basso and Silva (2014) have tried to simulate these effects in specific urban locations. Basso and 

Silva (2014) show the substantial welfare benefits in London and Santiago, Chile from pairing 

congestion pricing with public transit subsidization. 

 

Model of Locational Equilibrium in Urban Regions 

The model below describes the migration of high and low skilled workers (here used to describe 

workers with and without a college degree) across US Metropolitan Statistical Areas (MSAs), 

which I will interchangeably refer to as cities (and which may include within-MSA regions). These 

movements act in response to wage and rent gradients as a function of the relative cost of 

commuting that draws on Diamond’s (2015) model of amenity demand for high and low skill 

workers. Here I consider the location of workers both between cities and within cities. This is done 

by allowing for location in a subset of larger cities to differ between the center-city and peripheral 
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areas in cases where the city is geographically large enough to have a peripheral region.9 This 

treatment is meant to reflect the fact that commuting and land development patterns may vary in a 

meaningful way depending upon which region the individual lives in.10 The unit of observation 

for this study will then be an MSA-region (i.e., the center city or periphery within an MSA) in a 

particular decade.11 Here I allow rents, amenities, travel times to work, and labor supply to vary 

within MSAs across these regions, but consider a single MSA-level wage reflective of the common 

treatment in the urban literature. 

Individuals in the model choose an MSA based on a vector of rents emerging in equilibrium from 

the housing market, a vector of wages consistent with that workers skill level (college or no 

college), a vector of MSA-level amenities, and a vector of commuting costs based on travel times. 

Because individuals choose to live in a city based upon an MSA-level wage for their skill level 

that does not vary in my formulation contingent on where they live, the choice of an MSA-region 

can be thought to involve a nested choice structure where an individual chooses an MSA and then 

a location within the MSA.12 

 

Labor Demand 

 

The demand for labor can be modeled in the form of a general production function 𝑓 for a 

representative firm in each MSA (across regions), 𝑗 = 1,… , 𝐽 during decade 𝑡 ∈

{1980, 1990, 2000} 

                                                
9 As discussed in Section 4, this corresponds to the Census designations for metropolitan central city status.  
10 Glaeser and Kahn (2010) use this distinction in much the same way as applied here, where there they consider environmental externalities 

associated with commuting and housing demand that may vary across regions within a city. 
11 I will consider all MSAs as having a center city, while only some may have peripheral areas. 
12 As I will not have data in detail to consider with sufficient richness settlement patterns within cities, this represents a simplification that controls 

for the fact that high and low skill workers are frequently located in different parts of a city, and commuting costs also vary based on where 

individuals live. 
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 𝑌𝑗𝑡 = 𝑓(𝐾𝑗𝑡 , 𝐻𝑗𝑡 , 𝐿𝑗𝑡),  (1) 

 

 where 𝐾𝑗𝑡 is capital, 𝐿𝑗𝑡 are the number of workers without college education, and 𝐻𝑗 is the number 

of workers with college or higher education (and as superscript will denote attributes of each labor 

type). 

Assuming a perfectly competitive labor market where the wage is set equal to the marginal product 

of labor and capital is assumed to be freely mobile, one can write the demand for labor in terms of 

an inverse factor demand function:  

 

 𝑊𝑗𝑡
𝐻 = 𝑔𝐻(𝐾𝑗𝑡 , 𝐻𝑗𝑡 , 𝐿𝑗𝑡)  (2) 

 

 

 𝑊𝑗𝑡
𝐿 = 𝑔𝐿(𝐾𝑗𝑡 , 𝐻𝑗𝑡 , 𝐿𝑗𝑡),   (3) 

 

 

Labor Supply  

 

Workers of type 𝑒 = 𝐻, 𝐿 obtain utility from an MSA-region level good in each MSA-region 𝑀𝑗𝑡 

and a nationally produced good 𝑂𝑡, and gain utility from the vector of amenities in the city they 

live in 𝐴𝑗𝑡.
13 Conditional on having chosen to live in a city𝑗, consumers choose 𝑀𝑗𝑡 and 𝑂𝑡 subject 

                                                
13 Note here that while I have used j’s in the preceding section to refer to MSAs (across regions), here (and in subsequent parts of the model) we 

will allow within MSA variation to occur between center cities and peripheral regions (suburbs). 
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to the budget constraint that the wage less any commuting costs, 𝐶𝐶𝑗𝑡
𝑒. and a city-specific head tax 

(or if negative, a lump sum subsidy), 𝜏𝑗𝑡, must be greater than or equal to the sum of their 

expenditures on local (housing) and national goods. In addition, households face a time constraint 

that divides their total time endowment, �̅�, (assumed to be fixed and constant) to be equal to the 

sum of travel time commuting, 𝑇𝑇𝑗𝑡
𝑒 , time spent working, 𝑊𝑇𝑗𝑡

𝑒 , and leisure time, 𝐿𝑇𝑗𝑡
𝑒 .14 

Considering the nationally produced good to reflect consumption of a Hicksian composite good, 

we can normalize its real price to one and consider the level of 𝑃𝑡 to be reflective of variation in 

the cost of a representative bundle goods in any particular decade.15 

Here 0 ≤ 𝛽 ≤ 1 corresponds to the share of income spent on housing, which need not be constant 

across individuals as is explored below, but will be assumed to be for exposition purposes 

presently.  

 

 max
𝑀𝑗𝑡,𝑂𝑡

ln(𝑂𝑡
1−𝛽
) + ln(𝑀𝑗𝑡

𝛽
) + 𝐴𝑗𝑡                  (4) 

  𝑠. 𝑡.   𝑃𝑡𝑂𝑡 + 𝑅𝑗𝑡𝑀𝑗𝑡 ≤ 𝑊𝑗𝑡
𝑒 − 𝐶𝐶𝑗𝑡

𝑒 − 𝜏𝑗𝑡 ,   𝑎𝑛𝑑  

 𝑇𝑇𝑗𝑡
𝑒 +𝑊𝑇𝑗𝑡

𝑒 + 𝐿𝑇𝑗𝑡
𝑒 = �̅� 

 

The choice of including costs related to transportation is influenced by classical work on urban 

location and commuting costs (Muth,1969; White,1976; and Straszheim, 1984) and on the more 

recent urban quality of life literature (Albouy and Lue, 2014). Both strands suggest that there is 

good reason to include commuting costs directly as an adjustment to disposable income, which 

                                                
14 Given the scope of this study, I do not explicitly consider the allocation of time between work, leisure and commuting time, but rather consider 

the role of variation in travel time on household’s ensuing indirect utility. This is equivalent to assuming that the equilibrium ratio of time spent 

commuting, working and in leisure is unaffected by the choice of consuming goods in equation (4).  
15 In the econometric and simulation models described below, I use urban consumer price index (CPI-U) to measure 𝑃𝑡 . 
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would correspond here to demand for the nationally-traded good. Moreover, there is considerable 

evidence that long travel times to work may impose considerable time costs on workers that may 

influence the decision of where to live and work (Giuliano and Small, 1993). 

Assuming that each individual’s indirect utility is measured with an idiosyncratic error following 

a Type I Extreme Value distribution, the indirect utility of a worker 𝑖 in city 𝑗 having chosen 

optimal demands for 𝑂 and 𝑀𝑗 will be:16  

 𝑉𝑖𝑗𝑡
𝑒 = ln (

𝑊𝑗𝑡
𝑒−𝐶𝐶𝑗𝑡

𝑒 −𝜏𝑗𝑡

𝑃𝑡
) − 휁ln (

𝑇𝑇𝑗𝑡
𝑒

𝑃𝑡
) − 𝛽ln (

𝑅𝑗𝑡

𝑃𝑡
) + 𝐴𝑗𝑡(𝐻𝑗𝑡/𝐿𝑗𝑡) + 휀𝑖𝑗𝑡 , 𝑒 = 𝐻, 𝐿.     (5) 

 

 The term 𝐴𝑗𝑡(𝐻𝑗𝑡/𝐿𝑗𝑡) determines the value to amenities in MSA-region j to households, which 

includes the ratio of high to low skilled workers reflecting the fact that skill rat ios may generate 

particular combinations of amenities otherwise unobserved in the data. 𝐴𝑗 also includes exogenous 

variables such as crime rates, density of commercial shopping and air quality. Here the coefficients 

on each term have been divided by the marginal utility of income so that the coefficient on travel 

time, 휁 can be understood as reflecting the value of commuting time to work, described below as 

the value of accessibility.17 This has a conceptual link to the value of time as detailed in the urban 

transportation literature. Similarly, 𝛽 can be interpreted as the expenditure share on housing. The 

indirect utility function in (5) assumes a representative agent for each city, which is a simplification 

for expositional purposes.18 

Integrating over the probability distribution assumed for (5), we can generate MSA-region shares 

from which it follows that the number of high and low skilled workers correspond to:  

                                                
16 Here, I use the one normalization afforded by the logit formulation and set the standard deviation of the error term to one.  
17 This expression for travel time costs is reflective of a principle microeconomic literature going back at least to Becker (1965) that the value of 

time can be expressed as some fraction of the hourly wage (or salary equivalent) a worker earns. 
18 In the richer econometric model considered in Section 5, I allow the marginal utility of income, travel time and housing to vary across observed 

demographic groups in the sample. 
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𝐻𝑗𝑡 = ∑𝑖∈ℋ

exp{ln(
𝑊𝑗𝑡
𝐻−𝐶𝐶𝑗𝑡

𝐻−𝜏𝑗𝑡

𝑃𝑡
)−𝜁ln(

𝑇𝑇𝑗𝑡
𝑒

𝑃𝑡
)−𝛽ln(

𝑅𝑗𝑡

𝑃𝑡
)+𝐴𝑗𝑡(𝐻𝑗𝑡/𝐿𝑗𝑡)}

∑𝐽
𝑘exp{ln(

𝑊𝑘𝑡
𝐻 −𝐶𝐶𝑘𝑡

𝐻 −𝜏𝑘𝑡
𝑃𝑡

)−𝜁ln(
𝑇𝑇𝑘𝑡
𝑒

𝑃𝑡
)−𝛽ln(

𝑅𝑘𝑡
𝑃
)+𝐴𝑘𝑡(𝐻𝑘𝑡/𝐿𝑘𝑡)}

       (6) 

 

 

𝐿𝑗𝑡 = ∑𝑖∈ℒ

exp{ln(
𝑊𝑗𝑡
𝐿 −𝐶𝐶𝑗𝑡

𝐿 −𝜏𝑗𝑡

𝑃𝑡
)−𝜁ln(

𝑇𝑇𝑗𝑡
𝑒

𝑃𝑡
)−𝛽ln(

𝑅𝑗𝑡

𝑃𝑡
)+𝐴𝑗𝑡(𝐻𝑗𝑡/𝐿𝑗𝑡)}

∑𝐽
𝑘 exp{ln(

𝑊𝑘𝑡
𝐿 −𝐶𝐶𝑘𝑡

𝐿 −𝜏𝑘𝑡
𝑃𝑡

)−𝜁ln(
𝑇𝑇𝑘𝑡
𝑒

𝑃𝑡
)−𝛽ln(

𝑅𝑘𝑡
𝑃𝑡
)+𝐴𝑘𝑡(𝐻𝑘𝑡/𝐿𝑘𝑡)}

,        (7) 

 

 where ℋ and ℒ are the stock of high and low skilled workers in the US. 

 

Commuting Costs 

 

Commuting costs are comprised of the monetary outlays to commute, where individuals commute 

to and from work using available technology (public transit or car).19 The monetary costs of 

operating a vehicle are modeled as expenditures on gasoline (the gas price, 𝑔𝑗, divided by average 

fuel economy, 𝐹𝐸𝑗𝑡) plus the operating costs per mile (wear and tear), 𝑂𝑀𝑗𝑡. These are multiplied 

by the distance traveled to work by car, which is a function, 𝜙𝑗𝑡
𝑐𝑎𝑟, of travel time. Alternatively, 

these costs for traveling by public transit are encompassed in the fare, 𝑓𝑎𝑟𝑒𝑗𝑡,
20 

 

                                                
19 Individuals working from home are excluded from the sample. Walking or biking to work is treated like taking public transit where the fare is 

zero. 
20 One overly restrictive assumption of this model is no substitution between driving and public transit use. Ideally one would estimate a nested 

logit structure that incorporated mode choice into commuting behavior. The current specification without substitution between modes reflects the 

fact both that there are financial (buying a car) and geographical (proximity to transit) barriers for certain individuals to switch modes and 

preferences for car versus public transit commuting. I consider the effect of substitution between car and transit in the simulations in Section 7. 
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𝐶𝐶𝑗𝑡
𝑒 =

(
𝑔𝑗𝑡

𝐹𝐸𝑗𝑡
+ 𝑂𝑀𝑗𝑡) ⋅ 𝜙𝑗𝑡

𝑐𝑎𝑟(𝑇𝑇𝑗𝑡
𝑒,𝑐𝑎𝑟),  𝑖𝑓  𝑚𝑜𝑑𝑒  𝑖𝑠  𝑐𝑎𝑟,

𝑓𝑎𝑟𝑒𝑗𝑡, 𝑒 = 𝐻, 𝐿  𝑖𝑓  𝑚𝑜𝑑𝑒  𝑖𝑠  𝑝𝑢𝑏𝑙𝑖𝑐  𝑡𝑟𝑎𝑛𝑠𝑖𝑡.
(8) 

 

 

Travel Times 

 

To understand the relationship between travel times and where households live, monocentric city 

models derived in the style of Alonso-Muth-Mills provide a framework for understanding the 

geographical distribution of workers within cities. The distribution of workers arising in 

equilibrium from these models are typically a function of bid rents of households and the 

distribution of housing density. A common assumption here is a constant per-mile cost of 

commuting reflecting a uniform and linear commuting technology.21 It has been well understood 

in the transportation economics literature, however, that unit commuting costs are not likely to be 

constant over space and that they are determined by the availability of commuting capacity in the 

form of more roadway (which allows for uncongested traffic flow) and public transportation. 

One can then think of decomposing travel times in city 𝑗 into some function of trip distance and 

technological factors in the sense modeled by Couture, Duranton and Turner (2015) in their 

decomposition of MSA-level commuting technology into a fixed effect that predicts travel times 

for given distance. However, as I do not observe commuting distances for each individual in the 

data, and it is difficult to disentangle the effect of underlying economic factors (e.g., city 

                                                
21 An individual may be compelled to live further from her workplace given particular amenities (favorable school districts, low crime areas, 

coastline) than her equilibrium demand might dictate in the absence of said amenities. Commuting technology takes the form of both capacity 

(freeway) for vehicle travel as well as public transport, walkability, bikeability, and telecommuting. More capacity may or may not lead to lower 

average commuting times (see Duranton and Turner, 2011) for evidence that it may not), while public transit or telecommuting may lower travel 

times when they provide faster commutes in congested cities. 
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population) on distance independently of commuting technology, I parametrize the relationship 

between travel time and urban population accounting for commuting technology in terms of 

effective capacity as follows:  

 

 𝑇𝑇𝑗𝑡
𝑒 = (𝐻𝑗𝑡 + 𝐿𝑗𝑡)[휃1

𝑒 + 휃2
𝑒𝑟𝑜𝑎𝑑𝑗𝑡 + 휃3

𝑒𝑏𝑢𝑠𝑗𝑡 + 휃4
𝑒𝑟𝑎𝑖𝑙𝑗𝑡].   (9) 

  

Here 𝑟𝑜𝑎𝑑𝑗𝑡 is the effective capacity of mode 𝑚, which is the lane miles of urban highways for 

vehicle commuting and the number of bus and rail lines for public transit commuting (and equal 

to zero for walking or biking). It is useful to reiterate here that because j indexes MSA-regions, for 

larger MSAs that include a peripheral region, households considering living in the peripheral 

region (suburb) or a particular MSA will face a different MSA-level travel time than that for living 

in the center city, reflecting the potential for longer commutes in those areas. Also because workers 

of different skill levels may live within different parts of a given MSA-region, differentiation of 

travel time by education type, e, reflects the fact that commute lengths within a given MSA-region 

may vary based on these differences in spatial distribution. 

 

Housing Supply 

 

Here I consider the relationship between urban population, the unit cost of housing and house 

prices. The framework used here assumes an open city model where households are able to move 

between MSA-regions, that developers of housing are price takers and sell homogenous houses at 

a price equal to marginal cost, and that housing is owned by absentee landlords and rented to local 
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residents.22 Note from (5) that the implied demand for housing for each worker type (𝑂𝑗𝑡
𝑒 ) is given 

by their disposable income, the rental price of housing and the expenditure share of housing (𝛽):  

 

 𝑂𝑗𝑡
𝑒 = 𝛽

𝐼𝑗𝑡
𝑒

𝑅𝑗𝑡
,     (10) 

 

 where disposable income is wage net of commuting costs and taxation, 𝐼𝑗𝑡
𝑒 = 𝑊𝑗𝑡

𝑒 − 𝐶𝐶𝑘
𝐿 − 𝜏𝑗.

23 

Then aggregating to the MSA level, the equilibrium MSA-region rent equals the marginal cost of 

housing including land and construction costs (𝐶𝑗), which are discounted by the cost of capital, 휄:  

 

 𝑅𝑗𝑡 = 휄𝐶𝑗 (𝐻𝑗𝑡
𝛽𝐼𝑗𝑡
𝐻

𝑅𝑗𝑡
+ 𝐿𝑗𝑡

𝛽𝐼𝑗𝑡
𝐿

𝑅𝑗𝑡
)
𝛾𝑗

.    (11) 

 

 Here 𝛾𝑗 reflects the elasticity of rent with respect to city population, which can be decomposed 

into components corresponding the extent of housing regulation (𝑥𝑗
𝑟𝑒𝑔
) and land not available for 

development (𝑥𝑗
𝑢𝑛𝑎𝑣𝑎𝑖𝑙) following Saiz (2010) as:  

 

 𝛾𝑗 = 𝛾 + 𝛾
𝑟𝑒𝑔exp(𝑥𝑗

𝑟𝑒𝑔
) + 𝛾𝑢𝑛𝑎𝑣𝑎𝑖𝑙exp(𝑥𝑗

𝑢𝑛𝑎𝑣𝑎𝑖𝑙).     (12) 

 

 

Government 

                                                
22 In the econometric model I will control for the quality of housing by partialling out observed housing attributes of individual houses from the 

observed MSA-region level rent. 
23 Using this derived form of housing demand ensures consistency between the share of expenditures on housing in labor supply from equation (11) 

and the effect on rents via population changes in response to labor supply in equation (16). 
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On an annual basis, local governments finance transportation infrastructure at the MSA level by 

instituting a head tax 𝜏𝑗 as in the budget constraint in (4), such that they are able to finance the cost 

of infrastructure for roads, buses, and rail via a cost function 𝜓𝑗
𝑐𝑎𝑝

:24  

 

 𝜏𝑗𝑡(𝐻𝑗𝑡 + 𝐿𝑗𝑡) = 𝜓𝑗𝑡
𝑐𝑎𝑝(𝑟𝑜𝑎𝑑𝑗𝑡 , 𝑏𝑢𝑠𝑗𝑡, 𝑟𝑎𝑖𝑙𝑗𝑡), ∀𝑗.    (13) 

 

Here capacity and associated costs are fixed for an MSA and the head tax merely varies with the 

number of people paying the tax reflecting the fact that cities with greater capacity per capita will 

have to spend more to accommodate the larger implied capacity. An important assumption of this 

model is that the level of capacity is exogenous, such that within a particular decade, the 

transportation infrastructure is fixed apart from the adjustments to roads, buses and rail explicitly 

measured. In reality, governments at various levels adjust the capacity of infrastructure in response 

to changing population levels and the distribution of housing and employment. However, because 

changes in infrastructure are relatively slow to adjust in this manner for a variety of reasons 

(political inefficiency, entrenched public sector unions, zoning laws), it may be reasonable to 

assume that effects in the model are generally robust to loosening this assumption. 

 

Equilibrium Conditions 

 

A spatial equilibrium given the above framework is defined as a vector of rents, urban amenity 

                                                
24 At the present moment, I make no assumptions about returns to scale or complementarity of the production function underlying this cost function. 

I ignore financing issues arising from overlapping jurisdictional issues in transportation finance, where one mode is potentially financed at the 

municipal level (local public transportation, local roads), another at the state level (rail) and possibly another at the national level (interstates).  
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levels, wages, travel times, taxes, commuting costs and a national price index across each MSA-

region j and each decade t,  

 

 {{𝑅𝑗𝑡, 𝐴𝑗𝑡 ,𝑊𝑗𝑡
𝐻 , 𝑊𝑗𝑡

𝐿 , 𝜏𝑗𝑡 , 𝑇𝑇𝑗𝑡
𝐻, 𝑇𝑇𝑗𝑡

𝐿 , 𝐶𝐶𝑗𝑡
𝐻 , 𝐶𝐶𝑗𝑡

𝐿  𝑃𝑡}𝑗=1
𝐽
}
𝑡∈{1980,1990,2000}

 

 

such that: 

1. All workers in city 𝑗 are housed:  

 

 𝑅𝑗𝑡
∗ = 휄 ⋅ 𝐶𝑗𝑡 [

𝛽

𝑅𝑗𝑡
(𝐼𝑗𝑡
𝐻∗𝐻𝑗𝑡

∗ + 𝐼𝑗𝑡
𝐿∗𝐿𝑗𝑡

∗ )]
𝛾𝑗

, ∀𝑗     (14) 

 

2. Wages adjust to equate labor demand and supply:  

 

 𝑊𝑗𝑡
𝐻∗ = 𝑔𝐻(𝐾𝑗𝑡

∗ , 𝐻𝑗𝑡
∗ , 𝐿𝑗𝑡

∗ )      (15) 

  

 𝑊𝑗𝑡
𝐿∗ = 𝑔𝐿(𝐾𝑗𝑡

∗ , 𝐻𝑗𝑡
∗ , 𝐿𝑗𝑡

∗ ),      (16) 

 

3. Workers choose the utility maximizing city to live in: 

 

 

 𝐻𝑗𝑡
∗ = ∑𝑖∈ℋ

exp{ln(
𝑊𝑗𝑡
∗𝐻−𝐶𝐶𝑗𝑡

∗𝐻−𝜏𝑗𝑡
∗

𝑃𝑡
∗ )−𝜁ln(

𝑇𝑇𝑗𝑡
∗𝐻

𝑃𝑡
)−𝛽ln(

𝑅𝑗𝑡
∗

𝑃𝑡
∗ )+𝐴𝑗𝑡(𝐻𝑗𝑡

∗ /𝐿𝑗𝑡
∗ )}

∑𝐽
𝑘exp{ln(

𝑊𝑘𝑡
∗𝐻−𝐶𝐶𝑘𝑡

∗𝐻−𝜏𝑗𝑡

𝑃𝑡
∗ )−𝜁ln(

𝑇𝑇𝑘𝑡
∗𝐻

𝑃𝑡
)−𝛽ln(

𝑅𝑘𝑡
∗

𝑃𝑡
∗ )+𝐴𝑘𝑡(𝐻𝑘𝑡

∗ /𝐿𝑘𝑡
∗ )}

    (17) 
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 𝐿𝑗𝑡
∗ = ∑𝑖∈ℒ

exp{ln(
𝑊𝑗𝑡
∗𝐿−𝐶𝐶𝑗𝑡

∗𝐿−𝜏𝑗𝑡

𝑃
)−𝜁ln(

𝑇𝑇𝑗𝑡
∗𝐿

𝑃𝑡
)−𝛽ln(

𝑅𝑗
∗

𝑃𝑡
)+𝐴𝑗𝑡(𝐻𝑗𝑡

∗ /𝐿𝑗𝑡
∗ )}

∑𝐽
𝑘 exp{ln(

𝑊𝑘𝑡
∗𝐿−𝐶𝐶𝑘𝑡

∗𝐿−𝜏𝑗𝑡

𝑃𝑡
∗ )−𝜁ln(

𝑇𝑇𝑘𝑡
∗𝐿

𝑃𝑡
)−𝛽ln(

𝑅𝑘𝑡
∗

𝑃𝑡
∗ )+𝐴𝑘𝑡(𝐻𝑘𝑡

∗ /𝐿𝑘𝑡
∗ )}

,    (18) 

 

 

4. Amenities reflect the share of high and low skill workers:  

 

 𝐴𝑗𝑡
∗ = 𝑥𝑗𝑡

𝐴𝛽𝐴 + 𝛽𝑆ln (
𝐻𝑗𝑡
∗

𝐿𝑗𝑡
∗ ).     (19) 

 

5. Travel times adjust to equilibrium population levels 

 

 𝑇𝑇𝑗𝑡
∗𝐻 = (𝐻𝑗𝑡 + 𝐿𝑗𝑡)[휃1

𝐻 + 휃2
𝐻𝑟𝑜𝑎𝑑𝑗𝑡 + 휃3

𝐻𝑏𝑢𝑠𝑗𝑡 + 휃4
𝐻𝑟𝑎𝑖𝑙𝑗𝑡]   (20) 

 

 

 𝑇𝑇𝑗𝑡
∗𝐿 = (𝐻𝑗𝑡 + 𝐿𝑗𝑡)[휃1

𝐿 + 휃2
𝐿𝑟𝑜𝑎𝑑𝑗𝑡 + 휃3

𝐿𝑏𝑢𝑠𝑗𝑡 + 휃4
𝐿𝑟𝑎𝑖𝑙𝑗𝑡]   (21) 

 

6. Local governments set a head tax to pay for capacity that balances budget given population size:  

 

 𝜏𝑗𝑡
∗ =

𝜓𝑗𝑡
𝑐𝑎𝑝

(𝐻𝑗𝑡
∗ +𝐿𝑗𝑡

∗ )
.    (22) 
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Data and Summary Statistics 

Datasets Used 

 

Data used to estimate parameters and simulate policies from the model described in Section 3 

come from 14 separate sources. The primary data are the 1980, 1990 and 2000 5% US Census 

sample obtained from the Integrated Public Use Microdata Series (IPUMS) database (Ruggles, et 

al., 2010). From this dataset, I obtain the population of workers with and without a college 

education, annual wage income, the value of owner occupied housing, rental housing and utility 

payments, travel times to work, the physical location of households within and between MSA-

regions, birth country, state and region, race, and which transportation modes households use to 

commute to work. The sample is drawn based on a single head of household, where heads are 

between 25 and 55 years old, work at least 48 weeks of the year and 35 hours per week and do not 

own a business or a farm. 

In addition, to control for supply factors in the housing marker, I use data on land unavailability 

from Saiz (2010) constructed from satellite data for land use patterns within MSAs. Land 

regulation costs are also incorporated using the Wharton Land Use Regulatory Index (Gyorko, et 

al., 2008). These costs are estimated at the MSA level based on various forms of cost for developers 

hoping to build residential property. I calculate the rental value of housing by using rental values 

for rental properties and calculating annual rental rates for owner occupied housing following the 

housing literature. 
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Amenities in the data come from several sources and are aggregated to the MSA level.25 Data on 

the availability of commercial establishments come from the County Business Patterns dataset and 

include information on the number of grocery, apparel, food and beverage, bookstore and dry 

cleaning establishments per 1000 residents in a particular MSA. In addition, data on crime from 

the FBI’s Uniform Crime Reports, on air quality from the US Environmental Protection Agency, 

on heating and cooling degree days from the National Oceanic and Atmospheric Administration 

National Climatic Data Center (NOAA-NCDC), and on public expenditures on parks and K-12 

public education come from the Census of Governments. 

Transportation data used to model effects and costs from the transportation system come from 

several sources. Data on the number of urban freeway lanes come from the Highway Performance 

Management System (HPMS). Data on public transit infrastructure, the number of peak service 

buses per 10,000 population and the availability of light rail, come from reports published by the 

US Department of Transportation Urban Mass Transit Administration.26 All three of these data are 

used and made available by Duranton and Turner (2011). To construct a measure of commuting 

costs, data from the National Public Transportation Association (NPTA) on urban transit fares by 

MSA are used to construct a measure of MSA-level fares. Annual Internal Revenue Service 

estimates for vehicle wear and tear per mile are used to construct a measure of vehicle operating 

costs, and National Household Travel Survey (NHTS) data from the US Department of 

Transportation are used to estimate MSA-level fuel economy, which together with US Department 

of Energy Energy Information Administration (DOE-EIA) data on gasoline prices provides a 

measure that includes fuel costs. Further details on the construction of the data is described in 

                                                
25 Note that this assumes amenities are the same across regions within an MSA. To deal with heterogeneity in unobserved intra -MSA amenities, I 

control for PUMA-level effects as is described in Section 5.1.3.  
26 These data are submitted by municipalities in order to comply with Section 15 of the Urban Mass Transportation Act.  
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Appendix A. 

 

Calculation of Commuting Costs 

 

The lack of comprehensive and nationally representative micro-level data on household 

commuting costs is a problem acknowledged by Census Bureau statisticians themselves (Rapino, 

et al., 2011).27 While the National Household Travel Survey (NHTS) provides extremely detailed 

micro-level data on travel patterns including commuting to work, there is little information from 

this survey about the monetary cost of commuting and the publicly available versions of this survey 

dataset only provide geographical variables to the state level, making the identification of which 

MSA (let alone within MSA location) infeasible.28 The U.S. Census Survey of Income and 

Program Participation (SIPP), which is intended to produce a comprehensive measure of 

American’s income and receipts from social transfer programs, does ask in a supplemental version 

of its stratified multistage survey about expenses related to vehicle mileage, tolls, parking and 

public transportation fares and fees for workers with a paid job during the reference period. 

However the information from this survey is also not geographically disaggregated below the state 

level, and so presents little information to explain how location and commuting costs may be 

related. In order to attempt to provide a credible MSA-region level calculation of commuting costs 

for workers, I use data from the 5% sample of the US Census through IPUMS on the mode of 

travel that household heads not working from home use to get to work. Based on the shares of use 

of each commuting mode (driving, public transit or walking), I construct a skill-specific, MSA-

                                                
27 This is a particular problem from a policy perspective when estimating the cost of living for the poor, as commuting costs can act as a “hidden 

cost” not properly accounted for in estimates of who is poor and calculation of payments for social transfer programs. 
28 A zip-code level version of the dataset exists, but is confidential. 
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region, time-variant measure of commuting costs as the weighted average of monetary outlays for 

commuting based on the variable indicated in (8).29  

 

𝐶𝐶𝑗𝑡
𝑒 =

𝑝𝑢𝑏𝑙𝑖𝑐𝑗𝑡

𝑐𝑜𝑚𝑚𝑢𝑡𝑒𝑟𝑠𝑗𝑡
𝑓𝑎𝑟𝑒𝑗𝑡 +

𝑑𝑟𝑖𝑣𝑒𝑟𝑗𝑡

𝑐𝑜𝑚𝑚𝑢𝑡𝑒𝑟𝑠𝑗𝑡
(
𝑔𝑗𝑡

𝐹𝐸𝑗𝑡
+𝑂𝑀𝑗𝑡)𝜙𝑗𝑡

𝑐𝑎𝑟(𝑇𝑇𝑗𝑡
𝑒,𝑐𝑎𝑟), 𝑒 = 𝐻, 𝐿. (23) 

 

To construct an annual calculation of commuting costs, this expression is multiplied by 520, which 

corresponds to an assumed 260 working days a year with a trip to and from work. Costs for drivers 

is the sum of per-mile gasoline and wear and tear costs based on state-level fuel economy 

information from the National Household Travel Survey, on IRS data on vehicle wear, and 

gasoline prices from the EIA. Since the IPUMS data do not provide distances to work for 

commuters in the sample, I estimate at the MSA-level the predicted travel distance (represented 

by the function, 𝜙𝑗𝑡
𝑐𝑎𝑟, mapping travel times to distances) based on NHTS state-level data for 

commuting distances and travel times. That predicted distance is then used to estimate the cost of 

driving to work. Monetary outlays for commuting costs of walking to work (included in the 

number of commuters) are considered to be zero. More details on how this variable is constructed 

is provided in Appendix A. The ratio of commuting costs for each worker type in Table 1 to their 

corresponding income ranges between 0.02 and 0.09, averaging about 0.05. By comparison the 

estimates of this share that Albouy and Lue (2014) use based on the SIPP are 0.049 for drivers, 

0.033 for transit users and 0.00 for walkers, making the more geographically disaggregated data 

used in my paper very close to the aggregate ones derived from a national survey and used 

elsewhere in the literature. 

                                                
29 Time costs of commuting are considered separately in the travel time variable, 𝑇𝑇𝑗𝑡

𝑒 . 
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Adjustments to Rents and Wages 

Rents 

 

The variable for annual MSA-region housing rents, 𝑅𝑗𝑡, from equation (17) reflects the annualized 

rental cost of housing. This is constructed for households that are renting by adding to reported 

rental payments costs associated with liquid, gas and solid fuel, electricity and water. Owner 

occupied housing is converted into a rental payment following the approach detailed by Poterba 

(1992), which accounts for costs associated with maintenance costs, depreciation, interest rates 

and a risk premium. Added to this value are the same type of utility costs as for renters. More 

details on how this calculation was performed is described in Appendix B. 

As formalized by Rosen (1979) and Roback (1982), the urban economic literature has long 

recognized that the cost of housing reflects, among other things, the value of the bundle of 

attributes associated with the house, both in terms of its physical characteristics and the set of 

locational amenities it affords. An MSA-region model that did not account for variation in housing 

quality reflected in rental rates could misattribute effects to land availability or population that 

were actually driven by variation in housing quality. To account for this, I perform a set of auxiliary 

regressions on a sample of MSA-region houses to control for the number of rooms, bedrooms, 

property acreage, house age, and the number of units on the property in the rental rate of housing. 

The residual after controlling for these observable factors is what is then used for the housing-

quality-adjusted rental rate of housing for 𝑅𝑗𝑡. A full description of these regressions and their 

coefficients is reported in Appendix B. 
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Wages 

 

The labor economics literature has long recognized that the observed market wage for different 

worker types reflects not only the marginal productivity of labor, but also the sorting of individuals 

into particular occupations and locations (Roy, 1951). If we observe the wage for the head of 

household in a particular location, this may not reflect the fact that potential income and observed 

income differ on account of the interaction of location-specific and individual-specific attributes, 

and this effect may bias estimates of the impact of worker attributes (e.g., skill level) on income. 

A semi-parametric correction is proposed by Dahl (2002) that predicts location-specific wages as 

a function of migration probabilities across regions.30 I regress wage income from a quadratic 

expression of migration probabilities between US Census regions by demographic groups by each 

decade and for each MSA-region, and use predicted incomes from the regression as final wage 

income in the model. More details and regression coefficients from this procedure are detailed in 

Appendix B. 

 

Summary Statistics 

 

From Figure 1, we can observe some patterns consistent with what microeconomic theory tells us 

about urban spatial patterns. Looking at the distribution of commuting for high and low skilled 

workers, a casual observer may wonder why average commutes are shorter for low skilled workers 

since we might suspect that rents fall with distance from the city center. In turn, poorer low-skilled 

                                                
30 This approach has been widely used in the locational sorting and non-market amenity valuation literature (inter alia, Bieri, Kuminoff, and Pope, 

2014; Bayer, Keohane and Timmins, 2009; Hamilton and Phaneuf, 2014). 
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workers might choose, for the reasons discussed above, to live in the city-center, which seems to 

contradict the assertion that low skilled workers commute farther. As shown in Figure 2, in a 

monocentric city model with heterogeneous workers the housing price gradient, depicted by the 

curved lines, is given by the highest going bid rents from each worker type. A simple prediction 

from these models is that the slope of bid rent curves for each group equals the negative of the 

commuting cost divided by housing density. Since the rich typically live in large houses, this 

implies that the curve for low skilled and thus lower income households is more negatively sloping 

as shown by the curve 𝑅𝐿. This also implies, for this simple model, that the poor will generally 

tend to live closer to the city center and the rich farther away, all else being equal. Clearly, as the 

story of James Robinson made clear, there are other reasons that low skilled households may live 

farther from their place of work, but it helps to provide basic intuition for the results in this figure. 

An interesting pattern also emerges from Panel d of Figure 1, that the slope of the rent gradient 

with respect to commuting travel times, which is negative in the center-city and for skilled workers 

in the periphery is positive for unskilled workers in the periphery. This positive slope demonstrates 

a trade-off inherent for low skilled workers that our sorting model will try to consider: that rents 

are higher for low skilled workers with longer commutes. This may be the case because these 

households consume more housing than their urban, shorter-commute counterparts or because they 

value proximity to particular amenities (better schools, parks) that are located farther from their 

place of work. 
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Figure 1: Rent and Wage Gradients Across Cities 

Notes: Wages and rents are the unadjusted versions in real terms deflated by CPI-U to 2000 dollars. Dots represent MSA-level average within 

regions (Center-City or Periphery). Average commute is reported average AM commute to work. Lines correspond to a regression line for each 

region type.    

 

Figure 2: Housing Bid Rent Gradients and Income 

Notes: The figure depicts bid rent curves in a simple monocentric city model with two worker types, high and low income. The curves 𝑅𝐻  and 𝑅𝐿 

refer to the bid rents of high and low income workers, where the slope is given by -1 times the ratio of commuting costs to housing density. As a 

result, low income workers sort towards the center city denoted as the region to the left of 𝑑∗, and high income workers to the right. 
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Figure 3 shows changes in wage and rent gradients over commuting distances between 1980 and 

2000. From this diagram, we can see that across MSA-regions in the data, longer commutes seem 

to have been compensated with higher real wages, but that this effect diminishes with bigger 

commuting changes for skilled workers and slightly increases for unskilled workers. In addition, 

the increase in wages is greater in percentage terms for college educated workers. The difference 

in this effect is even larger as seen in Panel b for households living in the periphery. Generally, 

real housing rents seem to increase in response to both commuting time increases and decreases in 

the data, but it is striking that in the periphery, the magnitude of the slope drops with the distance 

of the commute reflecting perhaps the continued availability of low cost housing for households 

willing to drive longer distances from more peripheral properties. 
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Figure 3: Changes in Rent and Wage Gradients Across Cities 1980-2000 

Notes: Percentage changes in wages and renst are the unadjusted versions in real terms deflated by CPI-U to 2000 dollars. Dots represent MSA-

level average within regions (Center-City or Periphery). Average commute is reported average AM commute to work. Lines correspond to a 

regression line for each region type.      
 

Table 1 reports averages for key explanatory variables in the model across decades in the sample. 

The raw wage income reported reflects the average nominal wage across MSAs, while the adjusted 

wage has been made to account for locational sorting following Dahl (2002). In general, wages 

are slightly lower after sorting has been accounted for and as one might expect unskilled workers 

have 29-41% lower wage income than college educated workers. In the panel of MSA-regions, 

there are more center cities, reflecting the fact that smaller MSAs often are not large enough to 

accommodate extensive suburban areas, and the population of workers with and without college 

degrees is lower, although a larger share of low skilled workers live in these peripheral areas. Rents 

are lower in peripheral areas and the quality-adjusted rent (partialling out observed house 

attributes) is between a quarter and half of the full rental value. 
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The statistics on mode use also provide an intriguing insight into usage. While the importance of 

public transportation for low income households has been well documented in the urban literature 

(Glaeser, Kahn and Rappaport, 2008), it is nonetheless important to point out that the majority 

users of these services in both center city and peripheral areas are college educated commuters, 

throughout the sample. That said, while a larger share of college educated public transit users live 

in center-city areas, for commuters without a college degree, a larger share live in peripheral areas, 

indicating that using policy to connect low skill workers to jobs who live in these outer areas may 

be an important aspect of their mobility. That said, it’s important to stress the message from Figure 

1 and Table 1, which is that commuting times are not, on average, longer for peripheral workers. 

This may reflect different employment locations or longer travel times associated with workers 

who start their journey in center cities. Average commuting costs are higher in the sample for 

individuals living in center cities reflecting this longer commute. 

Data on the amenities used to characterize MSAs in the labor supply equation are summarized in 

Table 2, which includes measures on violence, air quality, public expenditures, commercial 

establishments and weather variables. 
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Table 1: Summary Statistics for Key Variables 

  
  1980  1990  2000 

 Raw Wage Adj. Wage  Raw Wage Adj. Wage  Raw Wage Adj. Wage 

Annual Wage Earnings College $22,122 $20,871  $38,529 $34,963  $55,962 $49,387 

Annual Wage Earnings No College $15,617 $14,496  $23,840 $21,703  $32,994 $29,686 
         
 Center-City Peripheral       Center-City Peripheral  Center-City Peripheral 

Num. of MSAs 202  49   202  49   202  49  

Workers College 1,992 685   5,739 1,948  8,119 2,905 

Workers No College 6,631 2,254  17,847 5,598  20,904 6,916 

Annual Rent $5,860 $5,679  $8,728 $8,455  $12,929 $12,663 

Adj. Annual Rent $2,876 $2,806  $2,828 $2,489  $4,052 $3,662 

Regulation Index -0.087  -0.048   -0.158  -0.033   — — 

Land Avail. Index 0.250  0.246   0.252  0.247   — — 

Shr. College using Public Trans. 0.040  0.033   0.030  0.023   0.028  0.023  

Shr. No College using Public Trans. 0.021  0.029   0.017  0.023   0.015  0.021  

Shr. College Driving 0.920  0.935   0.944  0.956   0.954  0.961  

Shr. No College Driving 0.949  0.945   0.961  0.957   0.968  0.964  

Avg. Commute Time (min.) College 20.8  19.0   21.7  20.1   24.5  22.4  

Avg. Commute Time (min.) No College 20.8  19.6   21.2  20.1   23.8  22.0  

Annual Commut. Costs College $1,308 $1,012  $1,181 $924  $1,067 $825 

Annual Commut. Costs No College $1,371 $1,064  $1,182 $932  $1,059 $816 
Notes: Table reports means from data for each decade on the estimation sample. The first two rows of wage data are MSA-level annual average nominal wage earnings. ‘Raw Wage’ is unadjusted for 

sorting, while ‘Adj. Wage’ uses Dahl (2002) correction for sorting. ’Center-City’ reports averages for key variables from regions defined in Section 3 corresponding to the urban core, while ‘Periphery’  

reports those for the suburban peripheral areas for MSAs that have them. ‘Annual Rent’ is the annualized rental cost of housing for both owner-occupied and rental properties, adjusting for interest, taxes, 

risk premium, maintenance costs and depreciation, and inflation following Poterba (1992). ‘Adj. Annual Rent’ reports the residual annualized rents at the MSA-region level after observable housing 

characteristics have been differenced out.        
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Table 2: Summary Statistics for Amenity Data 

  

  Obs. Mean  Std. Dev.    Min. Max. 

Violent Crime per 1000 753 45.6 60.1 0.000 509 

Property Crime per 1000 753 53.3 71.8 0.000 632 

Median Air Quality 753 49 15 10 124 

Public Educ. Exp. per capita 753 $0.306 $0.077 $0.132 $0.662 

Public Park Exp. per capita 753 $0.015 $0.010 $0.001 $0.108 

Groceries per capita 753 1.09 1.46 0.047 18.4 

Apparel per capita 753 1.07 1.38 0.029 17.5 

Food/Bev. per capita 753 1.66 2.05 0.016 23.0 

Bookstore per capita 753 0.971 1.15 0.013 14.2 

Dry Cleaning per capita 753 0.806 1.04 0.033 13.2 

Movie Theaters per capita 753 0.249 0.469 0.005 6.27 

Heating Deg. Day 753 14,849 16,443 0.000 139,096 

Cooling Deg. Day 753 4,536 5,881 0.000 56,305 
Notes: This table reports summary statistics for amenities included in labor supply equations for 

model. Amenity levels are at the MSA level across both the center-city and periphery. ‘Median Air 

Quality’ reports the median air quality index for an MSA, corresponding to a score between 0 and 500, 

where 0 is "Good" and 500 is "Hazardous." ‘Heating Deg. Day’ and ‘Cooling Deg. Day’ are the 

accumulated days worth of temperature (in degrees Fahrenheit) above or below the temperature at 

which a building does not require heating or cooling to maintain room temperature.         
 

 

 

Econometric Framework 

 

Structural estimation of key supply and demand parameters proceeds in two principal steps, 

generally following the approach of Berry, Levinsohn and Pakes (1995). The first step involves 

estimating moving costs at the individual level from Census-level data. This is analogous to the 

approach used in Bayer, Keohane and Timmins (2009), where the goal in the first stage is to 

recover time-variant MSA specific fixed effects, denoted 𝛿𝑗𝑡
𝑑, to use as a left-hand sized variable 

for the second-stage. Integrating over the Type I Extreme Value distribution assumed for, 휀𝑖𝑗𝑡., a 

log likelihood function can be constructed in terms of the choice probabilities for MSA-region 
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location decisions, which can be maximized to estimate the underlying parameters: 

 

lnℒ(𝛿𝑗𝑡
𝑧 , 𝛽) = ln [∑𝑁𝑖=1

exp{𝛿𝑗𝑡
𝑧 +𝛽𝑠𝑡𝑧𝑖𝑠𝑡𝑖𝑥𝑗

𝑠𝑡+𝛽𝑑𝑖𝑣𝑧𝑖𝑑𝑖𝑣𝑖𝑥𝑗
𝑑𝑖𝑣+𝛽𝐶𝑧𝑖𝑐ℎ𝑖𝑙𝑑𝑖+𝑐𝑒𝑛𝑡𝑒𝑟𝑗}𝟏{𝑗𝑖=𝑗}

∑𝐽
𝑘=1exp{𝛿𝑘𝑡

𝑧 +𝛽𝑠𝑡𝑧𝑖𝑠𝑡𝑖𝑥𝑘
𝑠𝑡+𝛽𝑑𝑖𝑣𝑧𝑖𝑑𝑖𝑣𝑖𝑥𝑘

𝑑𝑖𝑣+𝛽𝐶𝑧𝑖𝑐ℎ𝑖𝑙𝑑𝑖+𝑐𝑒𝑛𝑡𝑒𝑟𝑗}
],  (24) 

  

where 𝑧 = 1, . . . ,8 denotes a demographic group (includes race, immigration status and college 

graduate or not, interacted), 𝑖 = 1, . . . , 𝑁 denotes an individual, 𝑡 = 1980,1990, 2000 indicates 

the census year, and 𝑗 = 1, . . . , 𝐽 denotes the choice of an MSA-region. Here 𝑧𝑖 is a 7 x 1 vector of 

dummies indicating 𝑖’s demographic characteristics (college education, race and immigrant 

status), 𝑠𝑡𝑖 is a 49 x 1 vector indicating 𝑖’s birth state with a 1 and zero otherwise, 𝑥𝑗𝑡
𝑠𝑡 is a 49 x 1 

vector indicating that the MSA is located in 𝑖’s birth state with a one and zero otherwise, 𝑠𝑡𝑖 is a 

8 x 1 vector indicating 𝑖’s birth census division with a 1 and zero otherwise, 𝑥𝑗𝑡
𝑠𝑡 is a 8 x 1 vector 

indicating that the MSA is located in 𝑖’s birth census division with a one and zero otherwise, and 

𝑐ℎ𝑖𝑙𝑑𝑖 is a dummy variable indicating whether any children are present in the household, and 

𝟏{𝑗𝑖 = 𝑗} is an indicator equal to one if 𝑖 is observed living in city 𝑗 in time 𝑡 and 0 otherwise. I 

also include the dummy variable 𝑐𝑒𝑛𝑡𝑒𝑟𝑗 which is equal to one if the MSA-region j is a center-city 

area and zero if it is a peripheral region.31 The coefficients for the parameters in equation (24) are 

reported in Appendix D. 

The fixed effects estimated in (24), 𝛿𝑗𝑡
𝑧 , differentiated by demographic group, 𝑧, are then first 

differenced and regressed on the determinants of MSA-region level utility that are suggested from 

                                                
31 Rather than implement this as a full maximum likelihood model, I build on the insight posited by Berry (1994) and utilized in by Bayer, Keohane 

and Timmins (2010) to calculate the log difference in shares for each year for MSAs relative to a base city (in this case Houston, TX to make the 

normalization comparable to Bayer, Keohane and Timmins, 2010). The difference in log shares correspond to the mean utility vector, 𝛿𝑗𝑡
𝑑 =

ln(𝑠𝑗𝑡
𝑑) − ln(𝑠0𝑡

𝑑 ), where 𝑠0𝑡
𝑑  corresponds to the shares for the base city in year 𝑡 for demographic group 𝑑. 
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the theoretical model in equation (11) above. Note that this first differenced equation predicts how 

changes in income (wages net of commuting costs and taxes), rents, the skill ratio and other 

amenities, Δ𝐴𝑗𝑡, influence the changes MSA-region specific indirect utility. This effect in turn 

explains the pattern of locational choices observed in the data. In order to account for heterogeneity 

in preferences for housing, time and income, I interact the parameters estimating the marginal 

utility of these factors with a set of demographic-specific interacted dummy variables, 𝑧, for that 

indicate whether a worker has a college education, is black, is an immigrant and has children.32 

 

Δ𝛿𝑗𝑡
𝑧 = 𝛽𝑤𝑧Δln(

𝑊𝑗𝑡
𝑒 − 𝐶𝐶𝑗𝑡

𝑒

𝑃𝑡
) − 𝛽𝑅𝑧Δln(

𝑅𝑗𝑡
𝑃𝑡
) + 𝛽𝑠𝑘Δln (

𝐻𝑗𝑡
𝐿𝑗𝑡
) + 𝛽𝐴Δ𝐴𝑗𝑡 + Δ𝜉𝑗𝑡

𝑧 , 

𝑒 = 𝐻, 𝐿, ∀𝑗.  (25) 

 

In addition to the labor supply equation, labor demand is estimated from equations (21) and (22) 

after first difference and inclusion of an econometric error term by approximating 𝑔𝐻 and 𝑔𝐿 using 

flexible first order approximation is estimated: 

 

 Δln(𝑊𝑗𝑡
𝐻) = 𝛽𝐻𝐻Δln(𝐻𝑗𝑡) + 𝛽

𝐻𝐿Δln(𝐿𝑗𝑡) + Δ휀𝑗𝑡
𝐻   (26) 

 

 

 Δln(𝑊𝑗𝑡
𝐿) = 𝛽𝐿𝐻Δln(𝐻𝑗𝑡) + 𝛽

𝐿𝐿Δln(𝐿𝑗𝑡) + Δ휀𝑗𝑡
𝐿 .   (27) 

 

                                                
32 The head tax included in equation (5) is dropped here as I estimate the model in the absence of fiscal instruments. I will later include it as a means 

to finance public transit, or having a negative tax to redistribute congestion fees in lump sum. In practice there are several distortionary taxes 

households face, property taxes, income taxes, and sales taxes that could affect the location of where to live.  
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MSA-region level rents are estimated from taking first differences from equation (14). Assuming 

that construction costs are constant (after adjusting for the cost of capital), this results in the 

following expression, which explains rents net of interest rates, 휄, as being a function of the inverse 

elasticity of housing supply (controlling for the role of regulation and land availability) and 

changes in housing demand: 

 

Δln(𝑅𝑗𝑡) = ln휄𝑡 + (𝛾 + 𝛾
𝑟𝑒𝑔exp(𝑥𝑗

𝑟𝑒𝑔
) + 𝛾𝑢𝑛𝑎𝑣𝑎𝑖𝑙exp(𝑥𝑗

𝑢𝑛𝑎𝑣𝑎𝑖𝑙))Δln (
𝛽

𝑅𝑗𝑡
(𝐼𝑗𝑡
𝐻𝐻𝑗𝑡 + 𝐼𝑗𝑡

𝐿𝐿𝑗𝑡)) +

Δ휀𝑗𝑡
𝑅 .  (28) 

 

Finally, travel times are estimated as an explicit function of changes in the log of total MSA-region 

population and the inverse elasticity of travel supply, which is determined by the amount of 

transportation infrastructure from roads, buses and light rail: 

 

Δln(𝑇𝑇𝑗𝑡
𝐻) = [휃1

𝐻 + 휃2
𝐻exp(𝑟𝑜𝑎𝑑𝑗𝑡) + 휃3

𝐻exp(𝑏𝑢𝑠𝑗𝑡) + 휃4
𝐻exp(𝑟𝑎𝑖𝑙𝑗𝑡)]Δln(𝐻𝑗𝑡 + 𝐿𝑗𝑡) +

Δ휀𝑗𝑡
𝑇𝑇𝐻(29) 

 

 

Δln(𝑇𝑇𝑗𝑡
𝐿) = [휃1

𝐿 + 휃2
𝐿exp(𝑟𝑜𝑎𝑑𝑗𝑡) + 휃3

𝐿exp(𝑏𝑢𝑠𝑗𝑡) + 휃4
𝐿exp(𝑟𝑎𝑖𝑙𝑗𝑡)]Δln(𝐻𝑗𝑡 + 𝐿𝑗𝑡) + Δ휀𝑗𝑡

𝑇𝑇𝐿.  

(30) 

 

 

Identification  
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Identification of the parameters from the model in equations (25), (26)-(30), requires standard 

assumptions about orthogonality of the observed covariates to their respective errors to hold. An 

advantage of the first-differenced estimating equations is that it partials out any confounding time 

invariant unobservables that would have biased the estimated coefficients in a levels equation. In 

addition to this first-difference, separate decade-specific fixed effects are included within each 

equation to account for time-variant effects constant across MSA-regions such as those related to 

macroeconomic trends. For various reasons, one could still plausibly suspect the orthogonality 

assumption to be invalid because of time variant unobservables. Most notably, despite the sorting 

corrections performed to income described in Section 4.3.2, it may still be likely that unobserved 

local labor factors (strength of labor unions, monopsony power) may be correlated with 

employment levels and the wage, biasing the labor demand elasticities. Similarly, as the labor 

supply equation includes both wage levels, rents and travel times, there may be good reason to 

suspect that congestion effects and local labor market responses may create simultaneity bias in 

equation (25). A final concern may be that while I control for MSA level amenities in the supply 

of labor, there is no control for within-MSA variation that may attract particular households to a 

location.33 On top of that, the first two instruments below provide potential ways to identify the 

role of labor supply in the equations above in the presence of the simultaneity and omitted variables 

biases. Finally, unobserved within-MSA effects are controlled for using a novel approach to 

attempt to difference out this effect. 

 

                                                
33 For example, trend-savvy household heads with (or without) a college education may choose not move to New York City were it not for the 

specific attributes associated with Williamsburg in Brooklyn. 
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Labor Market Shocks 

 

Given the endogeneity of labor supply and demand across MSAs, I adopt instruments for labor 

supply using local labor demand shocks following Bartik (1991). This approach involves using 

changes in MSA level wages by industry for high and low skilled workers from other cities, 

weighted by the relative sizes of those sectors:  

 Δ𝐵𝑗𝑡
𝐻 = ∑𝑖𝑛𝑑 (ln𝑊𝑖𝑛𝑑,−𝑗𝑡

𝐻 − ln𝑊𝑖𝑛𝑑,−𝑗𝑡−10
𝐻 )

𝐻𝑖𝑛𝑑,𝑗𝑡−10

𝐻𝑗𝑡−10
   (31) 

 Δ𝐵𝑗𝑡
𝐿 = ∑𝑖𝑛𝑑 (ln𝑊𝑖𝑛𝑑,−𝑗𝑡

𝐿 − ln𝑊𝑖𝑛𝑑,−𝑗𝑡−10
𝐿 )

𝐿𝑖𝑛𝑑,𝑗𝑡−10

𝐿𝑗𝑡−10
.  (32) 

 These separate instruments are also combined into an aggregate instrument across both skill 

levels: 

 

 Δ𝐵𝑗𝑡 = Δ𝐵𝑗𝑡
𝐻 𝐻𝑗𝑡−10

𝐻𝑗𝑡−10+𝐿𝑗𝑡−10
+ Δ𝐵𝑗𝑡

𝐿 𝐿𝑗𝑡−10

𝐻𝑗𝑡−10+𝐿𝑗𝑡−10
.  (33) 

 In addition to including these shocks as instruments to identify labor supply levels, the high and 

low skilled shocks are also added to the wage equations estimated in equations (26) and (27), 

which become: 

 

Δln(𝑊𝑗𝑡
𝐻) = 𝛽𝐻𝐻Δln(𝐻𝑗𝑡) + 𝛽

𝐻𝐿Δln(𝐿𝑗𝑡) + 𝛽
𝐻𝐵𝐻Δ𝐵𝑗𝑡

𝐻 + 𝛽𝐻𝐵𝐿Δ𝐵𝑗𝑡
𝐿 + Δ휀𝑗𝑡

𝐻    (34) 

 

Δln(𝑊𝑗𝑡
𝐿) = 𝛽𝐿𝐻Δln(𝐻𝑗𝑡) + 𝛽

𝐿𝐿Δln(𝐿𝑗𝑡) + 𝛽
𝐿𝐵𝐻Δ𝐵𝑗𝑡

𝐻 + 𝛽𝐿𝐵𝐿Δ𝐵𝑗𝑡
𝐿 + Δ휀𝑗𝑡

𝐿 .      (35) 

 

Exogenous Amenity Shares 
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Bayer and Timmins (2006) illustrate the potential to identify parameters for an indirect utility 

function predicting location choices where an amenity is endogenously formed through social 

interaction by instrumenting for the choices of others using their predicted choices based purely 

on exogenous characteristics. A necessary condition for the existence of a unique equilibrium in 

this context is that the endogenous amenity take the form of some kind of congestion, that is it 

contributes negatively to indirect utility. Given the role of increased population in generating 

additional traffic congestion that increases travel times (and lowers indirect utility, ceteris 

paribus), this effect would seem an ideal candidate for using the set of instruments proscribed by 

those authors. An added benefit in this case is that because congestion costs are aggregate and 

summed across both worker types through the labor supply equations, the traffic congestion effect 

is not linear-in-means and avoids the “reflection problem” that often plagues social interaction 

models (Manski, 1993). As in Bayer and Timmins, I use the set of exogenous amenities to predict 

the expected choice shares and then use those shares as an additional instrument in our instrument 

set: 

 

 𝜎𝑗𝑡
𝑒 =

𝐴𝑗𝑡
𝑒𝑛𝑑

∑𝑘𝐴𝑘𝑡
𝑒𝑛𝑑 ,   (36) 

 

 where 𝐴𝑗𝑡
𝑒𝑛𝑑 excludes the skill ratio, which is determined endogenously and identified with the 

instruments detailed in Section 5.1. 

 

Within MSA-Region Amenities 

 



 

40 

To attempt to address the effect of within-MSA amenities, I need to control for factors that would 

influence the choice of location within an MSA, conditional on a household having already chosen 

an MSA to live in. Blackorby and Russell (1997) show how to extend a representative-consumer 

demand model to the case of two-stage budgeting, and recent work by Hamilton and Phaneuf 

(2014) build on this framework to estimate a two-stage location sorting model that predicts the 

probability of choosing a particular neighborhood (defined as a census tract) conditional on the 

choice of an MSA. They build this into a model that they call both macro- and micro-level, where 

households make a choice of MSA based on the utility obtained from choosing the most desired 

neighborhood within that MSA. The authors show how this choice can be represented in a nested 

logit demand model and then they show how that framework can be approximated by estimating 

an MSA-level price index at the micro level that reflects the utility of the most preferred 

neighborhood within an MSA, conditional on having chosen to live in that MSA. 

This approach requires a substantial amount of data at a very disaggregate level, and Hamilton and 

Phaneuf take advantage of their access to confidential census-tract level data to estimate the first-

stage price index to then plug into the MSA-level equations estimated using an IPUMS dataset 

like the one used in the present study. Borrowing from Tra’s (2010) approach, which demonstrated 

the ability to credibly estimate demand from sorting behavior within an MSA using observations 

at the PUMA level, I control for PUMA-level unobserved amenities by constructing PUMA shares 

by MSA-region and including these as MSA-region price indices that act as additional controls in 

the labor supply equation, (25).34 These shares are constructed as:  

 Γ𝑗𝑡 = log(∑
𝑛𝑚
𝑚=1 exp (

1

𝑛𝑚
∑𝑞≠𝑚 ln (

𝑠𝑚𝑗𝑡

𝑠𝑞𝑗𝑡
))),  (37) 

                                                
34 Tra’s paper sought to estimate willingness-to-pay for clean air within the Los Angeles area. 
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 where 𝑠𝑚𝑗𝑡 is the share of individuals in MSA-region j during decade t observed living in PUMA 

m, and 𝑛𝑚 is the number of PUMAs in MSA-region j. The intuition behind the construction of Γ𝑗𝑡 

is that it is log-sum of the average of relative PUMA-level choice probabilities. More details on 

the derivation of this expression and how it is calculated are provided in Appendix C. 

 

Estimation 

 

From the estimating equations detailed above, the resulting set of moment conditions that can be 

used to define a consistent estimator for the relevant parameters are:  

𝐸(Δ휀𝑗𝑡
𝑇𝑇𝐻Δ𝑍𝑗𝑡) = 0 

𝐸(Δ휀𝑗𝑡
𝑇𝑇𝐿Δ𝑍𝑗𝑡) = 0 

𝐸(Δ휀𝑗𝑡
𝑅Δ𝑍𝑗𝑡) = 0 

𝐸(Δ휀𝑗𝑡
𝑊𝐻Δ𝑍𝑗𝑡) = 0 

𝐸(Δ휀𝑗𝑡
𝑊𝐿Δ𝑍𝑗𝑡) = 0 

𝐸(Δ𝜉𝑗𝑡
𝑧 Δ𝑍𝑗𝑡) = 0, 

 

 with the instrument set:  
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 Δ𝑍𝑗𝑡 =

(

 
 
 
 
 
 
 

Δ𝐵𝑗𝑡, Δ𝐵𝑗𝑡
𝐻, Δ𝐵𝑗𝑡

𝐿 ,

Δ𝐵𝑗𝑡𝑥𝑗
𝑟𝑒𝑔
, Δ𝐵𝑗𝑡

𝐻𝑥𝑗
𝑟𝑒𝑔
, Δ𝐵𝑗𝑡

𝐿𝑥𝑗
𝑟𝑒𝑔

Δ𝐵𝑗𝑡𝑥𝑗
𝑢𝑛𝑎𝑣𝑎𝑖𝑙 , Δ𝐵𝑗𝑡

𝐻𝑥𝑗
𝑢𝑛𝑎𝑣𝑎𝑖𝑙 , Δ𝐵𝑗𝑡

𝐿𝑥𝑗
𝑢𝑛𝑎𝑣𝑎𝑖𝑙

Δ𝐵𝑗𝑡𝑥𝑗
𝑟𝑜𝑎𝑑, Δ𝐵𝑗𝑡

𝐻𝑥𝑗
𝑟𝑜𝑎𝑑, Δ𝐵𝑗𝑡

𝐿𝑥𝑗
𝑟𝑜𝑎𝑑

Δ𝐵𝑗𝑡𝑥𝑗
𝑏𝑢𝑠 , Δ𝐵𝑗𝑡

𝐻𝑥𝑗
𝑏𝑢𝑠 , Δ𝐵𝑗𝑡

𝐿𝑥𝑗
𝑏𝑢𝑠

Δ𝐵𝑗𝑡𝑥𝑗
𝑟𝑎𝑖𝑙 , Δ𝐵𝑗𝑡

𝐻𝑥𝑗
𝑟𝑎𝑖𝑙, Δ𝐵𝑗𝑡

𝐿𝑥𝑗
𝑟𝑎𝑖𝑙

𝜎𝑗𝑡
𝐻 , 𝜎𝑗𝑡

𝐿
}
 
 
 
 

 
 
 
 

. 

 

The parameters from equations (25), (28)-(30),(34) and (35) are then estimated via system 

generalized method of moments (GMM), where the empirical analog to the moment conditions 

above can be written in terms of the sum over stacked moment conditions:  

 

 𝑚(𝛽, 𝛾, 휃) =
1

𝐽𝑇
∑𝑗𝑡 (Δ𝑒𝑗𝑡Δ𝑍𝑗𝑡), 

 

and to obtain a set of consistent parameter estimates the following objective is minimized  

 

 min
{𝛽,𝛾,𝜃}

𝑚(𝛽, 𝛾, 휃)𝑊𝑚(𝛽, 𝛾, 휃)′. 

Here 𝑊 is the consistent system GMM weighting matrix estimated using an iterated approach. 

Iterated GMM is necessary here because the value of the instrument set changes with each iteration 

in response to changes in 𝜎𝑗𝑡
𝐻    𝑎𝑛𝑑   𝜎𝑗𝑡

𝐿  as the coefficients for the exogenous amenities predicting 

these shares change. Because unobserved factors in each estimating equation may affect workers 

within an MSA-region more closely than those in different MSA-regions (e.g., a natural disaster 

that affects a particular MSA-region), I cluster standard errors in the model at the MSA-region 

level. 
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Estimation Results 

Parameter Estimates 

 

The first-stage estimates used to obtain MSA-region level fixed effects that appear on the left-hand 

side of equation (25) are reported in Appendix D.35 Table 3 presents the estimated parameters from 

the second stage of the estimation. Here the parameters come from the six equation system GMM 

model of labor supply, labor demand, housing supply, and transportation for high and low skilled 

workers across MSA-regions. The five numbered column pairs that span the table correspond to 

five separate system GMM regressions, where dual columns under each number column-pair 

correspond to parameter estimates within the same model for workers with and without a college 

education.36 

Panel A of Table 3 reports estimates from the labor supply model, where preference parameters 

for black and immigrant workers as well as those for particular amenities and decade fixed effects 

have been excluded for brevity but are reported in Appendix D. The first seven rows report 

coefficient values and their standard errors for estimates from the labor supply equation for the 

base category of worker, who is white, US born and without children. Column pair (1) considers 

the base specification, which includes the Bayer-Timmins amenity instruments, but uses raw 

wages and rents and no PUMA-Amenity Index. Column pair (2) includes adjusted wages and rents, 

column pair (3) excludes the Bayer-Timmins instruments, and column pair (4), the preferred 

specification, includes the Bayer-Timmins instruments, adjusted wages and rents and the PUMA 

                                                
35 The parameters corresponding to preferences for living in birth state and division are generally consistent with those estimated elsewhere in the 

literature (Diamond 2015; Bayer, Keohane, Timmins 2009; Hamilton and Phaneuf 2014). 
36 When columns are unpaired, the same reported parameter applies to both worker skill types. 
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Amenity Index. Since the expenditure share of housing is a key elasticity to ensure household 

preferences for income and housing are accurately measured, column pair (5) calibrates (rather 

than estimates) the value of this ratio in the model to that predicted from the Bureau of Labor 

Statistics’ Consumer Expenditure Survey (CEX), for the US for the sample period (0.62). Part of 

the reason that the specification in column pair (4) is preferred is that among the first four column 

pairs, the implied expenditure share of housing across all households, reported in the fifth row, is 

the least statistically distinguishable from the CEX value of 0.62 as reported by the Wald test for 

which the p-values are reported in the fifth row from the bottom of Table 3.37 In addition, as 

reported by the column above that, a Sargan J-statistic test for over-identifying restrictions reports 

a value of the statistic sufficient to be unable to reject the null hypothesis that all of the instruments 

are uncorrelated with their respective error terms across all 6 equations. 

The signs of the coefficients in panel A are generally consistent with what expectations would be 

for the influence of these key factors in the decision to live in an MSA-region. Higher incomes 

attract more workers, higher rents repel them, higher travel times, which represent a time cost, 

repel workers, and the skill mix (i.e., the ratio workers with a college degree to those without) can 

have a varying sign depending on the degree of complementarity of these groups and the value of 

amenities that the combination engenders. However, in the preferred specification the sign for this 

variable for both skilled and unskilled workers is positive reflecting the fact that having a greater 

share of college educated workers may result in higher quality amenities. The implied local 

expenditure share and the value of accessibility are constructed by taking the ratio of the marginal 

utility of housing and travel time relative to that for income, respectively, where the reported 

                                                
37 The p-value for this test is 0.53, which means that I was unable to reject the null hypothesis that the expenditure share of housing implied from 

the estimates for the marginal utility of income (wage) and housing (rent) is equal to 0.62. The preceding 4 column pairs do reject this null 

hypothesis, although the estimates are sometimes close to the share observed in the CEX. 
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standard errors are calculated using the delta method. 

The value of accessibility estimate can be strongly linked to the concept of the value of time as 

this number tells us how workers trade off commuting time to work with their annual incomes. 

The travel time variable used in this regression reports the total travel time to work in hours for 

260 work trips per year. Because the Census asks workers for their travel time to work and 

commutes home from work may be different given different time demands and the need for side 

trips, this estimate is an understatement of the true time budget for commuting, which may help to 

explain why the dollar amount estimated, $1.18 and $6.83 for skilled and unskilled workers, 

receptively is at least half if not an order of magnitude lower than what would be expected for the 

value of time, which most conventional estimates put at close to half the hourly wage (Small, 

2012). It is also curious that the estimate seems consistently larger for workers without a college 

education than for those with one. This difference may reflect the fact that this measure does not 

fully capture the trade-off by individuals of time for money but rather the value of shorter 

commutes which drivers have many other ways of adjusting their behavior to accommodate 

(earlier departure times, carpooling, etc.). For this reason, low skilled workers who are more likely 

to work jobs that pay an hourly wage or in shifts may place greater value on shorter commute times 

than workers with a college degree who may be salaried and have more flexible start times, and as 

a result are observed to have a higher value of accessibility to work despite the fact that their 

underlying values of time may differ. 

The second half of Panel A reports the differential effects of the estimated factors on labor supply 

for households with children. Across households heads with and without a college degree, those 

with children tend to more highly value income, and there is slightly more value on housing, 

reflecting the fact that higher housing quality may be more valuable to households with children. 
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Travel times are more highly valued (positively) for households with children than those without, 

which may reflect the fact that these households are willing to undergo longer commute times in 

return for better quality housing relative to households without children.38 The implied expenditure 

share on housing is 9 percentage points higher for households with children, again suggesting that 

they may have stronger preferences for higher housing quality or size. 

Panel B reports estimates from the housing supply equation (28), where the signs of the 

coefficients square well with intuition. Land use regulations and the lack of available developable 

land in the preferred specification, column pair (4), are positive indicating that the more 

constrained land is to develop the higher rental values are on average for a one percent increase in 

housing demand in a particular MSA-region in the sample. The signs of these estimates are 

sensitive to the choice of specification, which may reflect the effect of not imputing rents or using 

appropriate instruments. The base housing supply elasticity, 𝛾 in (28), has a sign that squares with 

intuition (positive) and is of a similar order of magnitude as estimates using a similar model by 

Saiz (2010). 

Panel C reports estimates from the labor demand equations, where the “College” column reports 

estimates from the equation for workers with a college education (34), and “No College” reports 

that for the equation for workers without one (35). These estimates correspond to the inverse of 

own- and cross-price elasticities of demand for labor. The signs for these estimates are positive in 

the preferred specification (column pair (4)) except for the cross-elasticity of college educated 

worker wages with respect to workers without college. The positive signs for own price elasticities 

suggests that the effects of simultaneity bias may have been limited by the use of the Bartik 

                                                
38 It may also be the case that reported commute times to work for households with children may include time spent dropping children off at school 

or day care, which also may add to the observed travel times and subsequent valuation for this group. 
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instruments, since the coefficient sign implies that higher demand for labor yields higher wages 

for that labor type following the law of demand. The sign of the cross-price elasticities is not 

necessarily well defined by economic theory and can reflect the relative complementarities in skill 

types for production technologies across industries in MSAs.39 

 

                                                
39 Recall that the data for this equation is at the MSA level rather than MSA-region, which reflects the fact that workers may choose to live in an 

MSA based on the going wage there first and then may choose whether to live in the center-city or periphery. Moreover, given the geographical 

limitations of the data it would be difficult to account for differential within-MSA workplace locations and the effect on commuting without more 

detailed data on where individuals work. IPUMS does report the place of work PUMA for commuters in the dataset, but these data are not available 

with sufficient detail and at a usefully disaggregated geographic scale for a substantial portion of workers in the sample. 
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Table 3: GMM Estimates of Full Model 

 (1)  (2)  (3)  (4)  (5) 

Panel A: Labor Supply College No College  College No College  College No College  College No College  College No College 

   Income 0.495*** 0.507***  1.538*** 0.966***  2.715*** 0.596*  0.459*** 0.157  1.081*** 0.393 

 (0.023) (0.141)  (0.103) (0.333)  (0.106) (0.343)  (0.096) (0.328)  (0.120) (0.365) 

   Rent -0.296*** -0.440***  -0.993*** -0.872***  -0.904*** -0.663***  -0.324*** -0.142  -1.016*** -0.798*** 

 (0.000) (0.012)  (0.013) (0.114)  (0.016) (0.128)  (0.010) (0.104)  (0.015) (0.124) 

   Travel Time -0.993*** -1.034***  -0.681*** -0.987***  4.355*** -0.898**  -0.512*** -1.005***  -0.407** -1.003** 

 (0.026) (0.128)  (0.141) (0.370)  (0.149) (0.383)  (0.134) (0.365)  (0.171) (0.406) 

   Skill Ratio 0.747*** -0.051  0.888*** 0.642***  1.454*** -1.827***  0.329*** 0.246***  1.184*** 0.421*** 

 (0.014) (0.101)  (0.012) (0.081)  (0.032) (0.161)  (0.010) (0.086)  (0.015) (0.105) 

   Implied Local Exp. Shr. 0.598*** 0.868***  0.646*** 0.903***  0.333*** 1.111***  0.706*** 0.899    

 (0.032) (0.061)  (0.004) (0.039)  (0.000) (0.213)  (0.072) (1.540)    

   Value of Accessibility ($/hr.) 2.005*** 2.036  0.443 1.022  1.604*** 1.506  1.116 6.381***  0.377 2.550 

 (0.057) (1.550)  (0.534) (300.721)  (0.013) (59.772)  (0.877) (1.008)  (1.736) (2.774) 

   Puma Amenity Index          0.259  0.514*** 

          (0.162)  (0.092) 

               

Households with Children               

   Income 0.230***  0.193***  0.250***  0.639***  0.586*** 

 (0.051)  (0.062)  (0.066)  (0.057)  (0.061) 

   Rent 0.079  0.239***  -0.062  0.058  0.162*** 

 (0.062)  (0.061)  (0.066)  (0.056)  (0.060) 

   Travel Time 0.451***  0.436***  -1.186***  0.891***  0.391*** 

 (0.004)  (0.023)  (0.024)  (0.021)  (0.022) 

   Skill Ratio  0.169  0.589  -0.737*  0.183  0.225 

 (0.128)  (0.370)  (0.383)  (0.365)  (0.406) 

   Implied Local Exp. Shr. 0.343***  1.234***  0.250***  0.091***   

 (0.006)  (0.260)  (0.001)  (0.002)   

   Value of Accessibility ($/hr.) 1.964***  2.256***  4.751***  1.394***  0.667*** 

 (0.001)  (0.000)  (0.000)  (0.000)  (0.000) 

               

Panel B: Housing Supply          

   Land Use Reg. 0.667***  -0.338***  -0.032***  0.423***  -0.579*** 

 (0.023)  (0.003)  (0.001)  (0.003)  (0.002) 

   Land Unavail. 0.515***  -0.082***  0.291***  0.723***  -0.563*** 

 (0.079)  (0.011)  (0.004)  (0.011)  (0.009) 

   Housing Supply 0.856***  0.249***  -1.919***  0.506***  0.490*** 

     Elasticity (0.099)  (0.017)  (0.007)  (0.016)  (0.014) 

               

Panel C: Labor Demand College No College  College No College  College No College  College No College  College No College 

   College Workers 0.771*** 0.083  0.358*** 0.303***  -0.640*** -0.419***  0.303*** 0.517***  0.722*** 1.027*** 

 (0.148) (0.099)  (0.044) (0.017)  (0.019) (0.007)  (0.047) (0.016)  (0.066) (0.014) 

   No College Workers 0.665 0.577***  0.804 0.372***  -0.672 -0.381***  -0.055 0.243***  0.091 0.202*** 

 (8.289) (0.079)  (2.456) (0.011)  (1.157) (0.004)  (2.694) (0.011)  (3.537) (0.009) 

               

Panel D: Transportation               

   Popul. 0.752*** 0.653***  0.533*** 0.785***  0.096*** 0.068***  0.547*** -0.104***  0.070*** 0.217*** 
 (0.030) (0.008)  (0.026) (0.006)  (0.010) (0.001)  (0.021) (0.007)  (0.024) (0.021) 

   Popul.*Cap. -0.022*** -0.076***  -0.284*** -0.171***  -0.013*** -0.028***  -0.169*** -0.012***  -0.315*** -0.185*** 

 (0.005) (0.001)  (0.005) (0.001)  (0.002) (0.000)  (0.004) (0.001)  (0.004) (0.004) 

   Popul.*Rail 0.152*** 0.715***  0.766*** 0.943***  0.013** -0.025***  0.007 0.495***  0.174*** 0.370*** 

 (0.018) (0.004)  (0.020) (0.004)  (0.006) (0.001)  (0.016) (0.005)  (0.018) (0.014) 

   Inv. Elast. of Travel Supply               

     Mean 0.050 0.210  0.100  0.066   0.032  0.150   0.311  0.480   1.614  0.755  

     Std. Dev. 0.356 0.467  0.519  0.501   0.031  0.099   0.401  0.243   0.787  0.474  
     Min. -0.624 -1.058  -1.094  -0.865   -0.019  -0.353   -0.961  -0.900   -2.911  -1.549  

     Max. 1.282 3.152  3.213  4.083   0.140  1.068   0.573  1.625   2.677  1.512  

               

Num. of MSA-regions 251  251  251  251  251 

Over-ID Test (p-val.) 0.24  0.51  0.80  0.56  0.72 

Test: Exp. Share = 0.62 (p-val.) 0.00  0.00  0.00  0.53   

BT IV X  X    X  X 

Adjusted Wages and Rents   X  X  X  X 

Puma Amenity Index       X  X 

Calibrated Exp. Share          X 

Notes: This table reports estimates from 5 separate regressions of the 6 equation GMM system described in Section 5. Each numbered pair of columns corresponds to a single regression, where double columns report estimates separately for workers with and without a 

college education, and single columns report an estimate common across worker types. Variables measure inter-decade changes between 1980-2000. Differential effects for black and immigrant households, MSA amenities, and center city and decade fixed effects are 
included but not reported. ‘Skill Ratio’ is the logarithm of the number of college educated workers divided by the number of workers without a college education in a given MSA. ‘Implied Local Exp. Shr.’ is the ratio of the Rent and Wage coefficients with standard errors 

reported via the delta method. ‘Value of Accessibility’ is the ratio of the coefficients travel time to wage converted to dollars per hour, with standard errors also reported via the delta method. ‘Households with Children’ estimates differential preferences of each group 

relative to base estimates for households without college. ‘Housing Supply Elasticity’ reports the estimated elasticity of rents with respect to population. ‘Inv. Elast. of Travel Demand’ reports the implied response in commuting times to increases in MSA-region population. 

‘Over-ID Test’ reports the p-value from Sargan’s test of overidentifying restrictions in the IV model from a 𝜒
2
 distribution. ‘Test: Exp. Share = 0.62’ reports the p-value from a Wald test that the implied expenditure share reported in Panel A is equal to the 0.62, the level 

of expenditure shares on housing calculated form the CEX. ‘BT IV’ Indicates whether Bayer-Timmins instruments for endogenous amenities were included. ‘Corrected Wages and Rents’ indicates whether quality-adjusted rents and migration-adjusted wages were used 
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for the estimation in lieu of the raw data. ‘Calibrated Exp. Share’ sets the expenditure share of housing equal to the CEX level and hence no estimate is reported for this regression. Sample is all heads of household with nonzero labor income working full time. Standard 

errors in parentheses clustered by MSA.  *** Significant at the 1 percent level. ** Signficant at the 5 percent level. * Significant at the 10 percent level.      .   
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Finally, Panel D reports estimates for the travel time equations for workers with and without a 

college education, (29) and (30). These estimates, in effect, report estimates of supply elasticities 

for commuting in urban transportation markets where the price is the time taken to get to work for 

a given urban population. Variation in the elasticities estimated for these equations can reflect both 

the productivity of urban transportation systems (roadway capacity, efficient public transportation) 

as well as the geographical distribution of workers in space within cities and the spatial structure 

of the cities themselves. 

Work by Bento, et al. (2005), for example, has shown using the NHTS (and earlier incarnations) 

how travel patterns can be explained very well across cities given the density of employment and 

residential development as well as how far apart these locations are for the workers traveling 

between them. In addition Couture, et al. (2014), show in examining the response of travel demand 

to capacity increases how the shape of the road networks (for ring roads) in cities can have a 

meaningful effect to increase average travel speeds on urban highways. Indeed the estimates for 

Panel D conceptually share much in common with the approach of those authors who estimate 

speed indices for MSAs in the US by partialling out the effect of the distance of trips (and in some 

cases other observable characteristics) on the speed traveled. In a similar manner, the inverse travel 

demand elasticities from (29) and (30) can be interpreted as a travel time index that accounts for 

factors in a particular MSA that scales with the MSA population that is independent of the roadway 

and public transportation infrastructure. This, in a sense, conveys the productivity of the 

transportation system to users with potentially higher marginal benefits (in terms of the value of 

their time), commuters going to work. 

Looking at the estimates from the preferred specification, college educated workers tend to face 

higher travel times in more populated cities, where a one percent increase in population yields a 
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five percent increase in travel times. Conversely, workers without a college education seem to 

have shorter travel times with respect to population, a somewhat puzzling finding, but one that 

may reflect the fact that in larger cities unskilled workers are more likely to live closer to their 

workplace. The availability of bus lines seems to decrease travel times indicating that in connecting 

workers, having more bus lines may lower average travel times. Curiously the availability of light 

rail in an MSA does not seem to lower travel times for a given increase in population, but this may 

reflect the fact that light rail may tend to be in cities that otherwise have longer commutes to begin 

with. The range of total inverse elasticities of travel supply are reported for each skill type in the 

last set of estimates in Panel D, which show that the total response of travel times to population 

increases can dramatically differ across cities. The next section briefly considers descriptive 

correlations between those variations and other key characteristics of MSA-regions in the sample. 
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Evidence on the Quality of Urban Transportation Systems Across Cities 

 

Before proceeding to simulate the effect of various transportation policies using the parameters 

estimated it is useful to consider the relationship between key descriptive variables and the 

estimates from Section 6.1 to gain further insight into the relationship between housing, labor and 

transportation markets in US cities. Before proceeding, however, it is important to stress that the 

relationships presented in this section are descriptive and should not be inferred as causal. Turning 

to Figure 4, I take the residuals from the labor demand equations, which correspond to changes in 

labor productivity unexplained by changes in demand, and examine the relationship between 

various commuting characteristics across MSA-regions and productivity. Starting in Panel a and 

b, which depict the relationship between commuting times and labor productivity, it becomes clear 

that in both the center-city and peripheral areas, MSAs with more productive college educated 

workers tend to have longer commutes, while for workers without a college education there is no 

relation between commuting time and productivity in center-cities and the relationship is negative 

in peripheral areas. We see a similar trend in Panels c and d which plot MSA-region level 

commuting costs against labor productivity, and again MSA-regions with more productive college 

educated workers tend to pay higher commuting costs, while those without a college degree tend 

to be less productive or no more productive the longer their commutes are. 

Finally, Panels d and e consider the relationship between the estimated inverse travel supply 

elasticity, which measures how much travel times increase for an increase in a city’s population 

and labor productivity. In effect, these plots tell us how the quality of the transportation 

infrastructure per capita relates to productivity. It may be ideal to have the most productive 

transportation infrastructure in cities with the most productive workers, ensuring that as much 
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surplus value is yielded. Larger values of the inverse travel supply elasticity indicate less efficient 

transportation systems, so we may want to see the relationship between these variables be negative. 

Indeed, in center cities the slope for both skill levels seems to be slightly downward sloping. 

However it is curious to notice the trend for workers without a college education in peripheral 

areas. Here the least productive workers benefit from the most efficient (lowest inverse travel 

supply elasticity) transportation systems. 

Given the policy proposals for public and private transportation systems touched on in the 

introduction to this paper, a useful question to ask is whether increasing public transportation usage 

has meaningful effects or correlation with the measures of productivity and efficiency considered 

here. Panels a and b of Figure 5 plot the relationship between the share of commuters using public 

transportation in the IPUMS sample and labor productivity. In center cities and peripheral areas, 

MSAs with greater public transportation usage by college educated workers tend to have more 

productive college educated workers. However unskilled workers in the sample appear no more 

productive as they use more public transit in center cities and in the periphery, they are less 

productive the more public transit is utilized. Turning to Panels c and d, a clearly negative 

relationship between the travel elasticity of demand and public transportation utilization can be 

seen suggesting that the more public transportation is used in a city, the more efficient cities are at 

providing lower travel times per additional resident. This is perhaps good news for urban planners 

that support public transportation. However it is worth noting that the benefit is clearly larger 

across the board for college educated workers relative to those without, suggesting that increasing 

public transit may not necessarily lead to greater accessibility for those with less skills and earning 

lower wages, on average. 
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Figure 4: Labor Productivity and Commuting Patterns 

Notes: The six panels of this figure display scatter plots and fitted bivariate regression estimates of the relationship between labor productivity and 

key commuting variables across MSA-regions in the sample over 1980-2000. Labor productivity corresponds to the residuals from the labor demand 

equations (42) and (43). ‘Travel Time’ is the average morning commute time to work reported in the IPUMS data, ‘Commut. Costs’ are the MSA-

region level commuting cost calculations described in Section 4, and ‘Travel Supp. Elast.’ is the inverse travel supply elasticity estimated in the 

second stage regression and reported at the end of Panel D in Table 3.   
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Figure 5: Labor Productivity and Commuting Patterns 

Notes: The four panels of this figure display scatter plots and fitted bivariate regression estimates of the relationship between public transit use and 

labor and transportation market variables across MSA-regions in the sample over 1980-2000. Labor productivity corresponds to the residuals from 

the labor demand equations (42) and (43). The Inverse Travel Supply Elasticity is that estimated in the second stage regression and reported at the 

end of Panel D in Table 3.     

 

 

 

Welfare and Distributional Effects of Transportation Policies 

 

Policy Framework 

 

Given the descriptive evidence put forth in Section 4, a natural set of policies to address concerns 

related to accessibility are suggested by the transportation literature. While it may seem distant 

from the spatial mismatch problem presented in Section 2, considering the effect of a congestion 

toll has a number of important justifications in this context. For one, this is the first best welfare 
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enhancing policy as first posited by Pigou (1920) and formalized by Vickrey (1969). As 

demonstrated in Panel a of Figure 6, the optimal toll accounts for the difference between private 

costs of driving and the marginal social cost, which includes the marginal external cost of 

congestion. The toll internalizes this external cost, eliminating the deadweight loss associated with 

triangle abc. For this reason, it is an important benchmark for welfare analysis for any other 

transportation policy. As shown by Parry and Small (2005), congestion represents the most 

significant externality associated with urban transportation and the welfare benefits from 

addressing it directly are considerable. Second, as technological advances and growing public 

acceptance of these congestion tolls have made them more widespread, a growing literature has 

considered what the appropriate use of the revenues from the programs should be. Basso and Silva 

(2014) show that subsidizing public transit with congestion tolls can result in significant welfare 

gains as well as distributional benefits. A third reason highlighted above is that to the extent that 

wasteful commuting is a perceived problem, congestion tolls will help to deal with this pre-existent 

market distortion. 

The rationale for considering subsidization of public transit is two-fold. For one, this policy may 

be intended to improve the welfare of low skilled workers perceived to be paying very high 

commuting costs (in time or direct expense) to get to work.40 Two, there may be direct social 

benefits from expanding public transit because of returns to scale or from discouraging automobile 

use.41 Panel b of Figure 6 shows how the socially optimal subsidy (𝑆∗) is used to cover the 

difference between total average costs (𝐴𝐶𝑇) and the marginal costs of commuting to the 

commuter (𝑀𝐶𝐶), where the optimal fare (𝐹∗) then covers the difference between the average cost 

                                                
40 An important alternative cost here may be poor job matching or low labor force participation or labor supply of fewer hours in response to longer 

commutes. While these are all important modes of adjustment, it is beyond the scope of the model considered to incorporate all these effects. 
41 As shown in Parry and Small (2009) the magnitude of both of these benefits may be meaningful.  
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to the commuter (𝐴𝐶𝐶) and the marginal cost to the commuter. In the absence of the toll, the fare 

required to finance capacity is higher and total ridership must is lower (at level C). In the policy 

simulation below, I also consider simply expanding capacity and increasing fares, which is 

intended to model the expansion of a privately operated transit program. 

The final policy considered in the simulations is the combination of congestion tolling with public 

transit subsidization, which provides a mechanism to reuse the revenues for a transportation system 

in a way that may provide more equitable distribution of benefits if a larger share of low skilled 

workers use public transit relative to private. Another motivation for combining congestion tolls 

with public transit subsidies is that, as considered in DeBorger and Proost (2012), given 

uncertainties about the costs of switching modes from driving to public transit and political 

uncertainties about the use of revenues, voters may be more likely to favor this paired instrument. 

I consider the effects of these three policy options across all MSA-regions, across all center cities 

in the model, and across the 15 largest MSA-regions in the model. 

 

Simulation Model 

 

This section considers a set of transportation policies intended to improve accessibility of workers 

in urban environments. To fix ideas, it is first useful to consider from the analytical model 

presented in Section 3, what the first order effects of a combination of policies might be on welfare. 

Equation (38) below attempts to decompose the effect of two fiscal instruments related to the 

transportation system on welfare by totally differentiating equation (5) and diving by the marginal 

utility of income yields:42 

                                                
42 Note that the welfare measure can be converted into comparable terms by dividing changes in indirect utility by the marginal utility of income 
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(38) 

 

Congestion tolls will increase the cost of commuting for those that choose to drive, inducing 𝑑𝐶𝐶𝑗𝑡
𝑒  

to increase and lowering indirect utility. The Pigouvian toll, however, will be offset by a reduction 

in travel times, 𝑇𝑇𝑗𝑡
𝑒, as commuters with lower values of time are induced to drive at other times 

or using other modes. In addition to this reduction in travel times the overall effect can be made 

positive as the revenues are recycled in the form of a lump sum redistribution via a negative value 

of 𝜏𝑗𝑡. Subsidization of public transportation may reduce travel times for commuters using that 

mode, but financing of the service either must take the form of higher fares (as in the private sector 

provision) or via taxation, 𝜏𝑗𝑡, modeled here as a head tax. Finally a toll paired with public 

transportation subsidization would serve to lower travel times for both drivers and public transit 

users while the cost of subsidization could be covered, at least in part, by toll revenues. This would 

tend to make the sign of the monetary effect in (38) ambiguous. 

Beyond these direct partial equilibrium effects, there are several additional effects that may play 

an important role. As the costs and benefits of driving and public transportation change, the model 

allows for mode switching between these options. Mode switching can alter the congestion and 

thus travel times on roadways and at the same time can alter the amount of revenues raised, the 

optimal toll and the total cost of subsidizing public transportation. On top of this, there are general 

equilibrium effects that may play a major role in adjustments to transportation costs. Wages and 

                                                
estimated in Section 5. 
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rents have been long shown to capitalize the cost of commuting (Straszheim, 1984) and so these 

capitalization effects may induce further adjustments to welfare. Capitalization is not modeled 

explicitly in the framework presented in Section 3, however, these effects are captured indirectly 

via equilibrium adjustments in the number of high and low skilled workers in each MSA-region, 

reflecting the fact that adjustments in the cost of commuting affect both the decision to live in a 

particular MSA and where within that MSA to live. The goal of the simulation exercise is to 

capture the total welfare effect of these adjustments. 

 

Figure 6: Primary Welfare Effects of Transportation Policies 

Notes: Panel A) presents the primary welfare effects of a Pigouvian tax on a freeway. In the untolled equilibrium, 𝐶𝑈𝑛𝑡𝑜𝑙𝑙𝑒𝑑 , commuters commute 

up to the point at which demand, 𝐷, equals marginal private costs, 𝑆. At this level, the deadweight loss is the triangle abc. The Pigouvian toll equals 

the marginal social cost at the social optimum, corresponding to the vertical distance between a and 𝑆. Panel B) shows the mechanism behind the 

Mohring effect, whereby average costs to commuters from public transit use, 𝐴𝐶𝐶  lie below marginal costs to commuters, 𝑀𝐶𝐶, which also lie 

below transit system average costs, 𝐴𝐶𝑇 . Because of scale effects in transit, subsidizing transit the distance 𝑆 ∗ where commuters pay fare 𝐹 ∗ 
results in the optimum outcome 𝐶∗.      
 

 

Model Calibration and Solution 

 

Beyond those estimated in Section 6, several other parameters require calibration to adequately 
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model the policies considered. Despite the rich detail provided by the travel time equations, 

additional information is required to model adjustments in urban transportation markets to the 

policies considered. These transportation elasticities are estimated on the individual level sample 

of IPUMS across MSA-regions to produce an MSA-region specific elasticity for workers with and 

without a college education. Because the choice of mode is not explicitly modeled in the indirect 

utility equation (5), elasticities for mode changes (driving to and from public transit) need to be 

estimated to gauge the response of commuters to changes in travel times and commuting costs. 

The elasticity of the share of drivers with respect to changes in commuting costs from driving 

comes out to -0.11 for skilled workers and -0.14 for unskilled workers reflecting the fact that these 

commuting costs may have a greater effect on unskilled workers for various reasons. 

Similarly elasticities of the share driving with respect to driving travel time costs come out to 0.07 

and 0.06 for high and low skilled workers. The same elasticities are calculated for the choice of 

public transit and come out to -0.03 and -0.02. These elasticities are also used to predict changes 

in travel times for driving as more drivers are added to the road as well as travel time changes as 

drivers shift modes from driving to public transit (if travel times or costs for public transit fall). 

Finally to gauge the cost of improving travel times for public transit, elasticities for fares with 

respect to travel times are estimated to be 12 and 23 for high and low skilled workers. On top of 

this a marginal value of public funds is assumed to be 1.15. The estimates for these values generally 

seem to fall in the ranges used in similar simulations (Parry and Small, 2009; Basso and Silva, 

2014). 

The model is simulated by introducing a policy vector that has impacts the levels of 𝐶𝐶𝑗𝑡
𝑒 , 𝜏𝑗𝑡 ,

𝑎𝑛𝑑   𝑇𝑇𝑗𝑡
𝑒. For congestion pricing, the toll is set at a level that approximates the Pigouvian toll in 

this model, that is marginal external cost at the optimal level of congestion. This corresponds to 
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value of accessibility in each MSA-region for each household depending on its demographic-

specific value times the implied travel time cost from adding one more driver to the road implied 

by the elasticity calibrated above. For public transit subsidization, I consider the level of 

subsidization that would result in an equivalent reduction in travel times as congestion pricing 

households using public transit based on the public transit elasticity calibrated above. In the 

simulation, this expansion can either be financed by an MSA-level head tax or by increasing fares, 

and I consider both options. Finally the dual toll and subsidy policy imposes the same Pigouvian 

toll and then uses the revenue to subsidize the equivalent public transit improvement, where 

surplus funds are redistributed lump sum and deficits are financed by a head tax. 

The policies just described act in the simulation as a policy function, and imposing this as a 

constraint to the model, I solve for the distribution of high and low skilled workers across MSA-

regions such that no household is made better off by moving elsewhere, allowing wages, rents and 

travel times to adjust with population levels. This is done by substituting (14)-(16) and (19)-(22) 

into the logit shares in (24) and solving for the vector of 𝐻𝑗𝑡 and 𝐿𝑗𝑡. A last comment is worth 

making with regard to the model and identifying a unique equilibrium. In principle, an equilibrium 

sorting model with heterogeneous agents and endogenous spillovers can result in potentially 

multiple equilibria, making the identification of true sorting equilibrium challenging (Brock and 

Durlauf, 2001). It is worth noting, however, following Bayer and Timmins (2005), that if the 

endogenous spillover enters indirect utility with negative sign (a negative spillover or congestion 

effect), the sorting equilibrium will be unique. That is certainly the case for congestion effects in 

transportation markets. On top of this, there is an externality in the model associated with the skill 

mix of high and low skilled workers that has a positive coefficient in the estimates produced in 

Section 6. This could provide a potential for multiple equilibria. In practice, however, through 
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repeated simulation with multiple starting values, I find little evidence for convergence to separate 

equilibria with the policy shocks considered here. A potential explanation for this effect is the fact 

that changes in location predicted from the shares in equation (24) are moderated by preferences 

by individuals (conditioned by demographics) to stay in or close to their home state or Census 

division.43 

 

Policy Intervention 1: Vickrey Style Congestion Pricing 

 

Table 4 presents key welfare results from the model across decades decomposing the effects 

measured to articulate how the costs and benefits of each policy are being generated. The Total 

Welfare Effect reported in the first row of Panel A of Table 4 is calculated by taking the sum of 

the differences in indirect utility across households relative to the policy baseline and dividing that 

difference by the relevant marginal utility of income for the household’s demographic group to 

construct a dollar-denominated welfare effect. The values of the effects are reported in amounts 

adjusted to 2000 dollars. The congestion pricing policy seems on the whole to benefit households 

with college degrees but not those without one. The magnitude of the cost for unskilled workers 

grows over time in real terms. 

The second row then compares the welfare effect from the first line to that for the model run fixing 

the commuting mode to the original choice to gauge how much welfare change might be the effect 

of adjustments in the use of public transit and driving, while the third row compares the first to 

                                                
43 I resist defining these preferences as “moving costs” given the somewhat recent development of a class of dynamic locational sorting models 

that, perhaps more realistically, capture the insight that the choice to move location occurs reflects consumption of a durable good, housing, where 

expectations about the future path of local amenities, market housing prices and labor market outcomes may strongly factor into a household’s 

decision to move or not (Bayer, McMillan, Murphy and Timmins, 2011). Nevertheless, the preferences estimated here, as others have argued, may 

still realistically capture inability to move location in a static sense and as a result limit the amount of re-sorting in response to policy changes. 
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that where households are not allowed to change their MSA-region in response to the policy shock. 

In principle, it should be the case that adjustments in mode choice or MSA-location in response to 

the policy are welfare improving relative to a scenario where they are fixed in their mode choice 

and location. However, comparing equilibrium outcomes from a model with heterogeneous agents 

with and without sorting (on two dimensions, mode and location) can potentially result in effects 

from sorting that do harm to welfare, either for particular groups or (potentially) in aggregate 

(Guerreri, et al., 2013; Zhang 2011), as dynamics of gentrification or urban blight from flight to 

the suburbs demonstrates. In general, the re-sorting that occurs in this model seems to be welfare 

improving, which may be the case because the effect of the the transportation policies is generally 

smaller because commuting costs, while important only make up about 5% of a households annual 

expenditures on average as discussed earlier. 

On the whole a small share of the welfare effect seems to be attributable to mode changes across 

both skill types, although for the welfare damages to unskilled workers these effects appear to 

offset the welfare losses they otherwise suffer. Slightly more of the effect is attributable to 

reallocation across MSAs, between 7 and 9 percent of the total effect. The average MSA-region 

effect per worker varies between -$75 and $138 annually, this corresponds to roughly between 5 

and 10 percent of annual commuting costs, a meaningful but reasonably sized effect. 

Given that commuters are affected by the policy through both commuting costs, lump sum 

transfers and travel time effects, I consider the ratio of the benefit from the lump sum transfer (not 

net of the toll paid for driving) to the benefit from the travel time reductions from the policy to 

transfers (put into dollar terms by multiplying it by the value of accessibility). The value of the 

transfer is reasonably small compared to the corresponding travel time benefits because the travel 
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time benefits accrue to drivers while the lump sum transfer is distributed to everyone.44 The next 

line presents the average across MSA-regions of the ratio of the effect from the first line to the 

total annual travel time reduction (in hours). This calculation gives a sense of the welfare benefit 

relative to the efficiency of the transportation system, and indicates how the effects of the policy 

shape typical commutes. Given the typically longer commutes that skilled workers face, the policy 

has positive benefit that is greater than their marginal value of accessibility, while unskilled 

workers appear to have little benefit relative to the travel time savings incurred. The last row in 

this panel displays the average toll across MSAs, which is below but of a potentially reasonable 

magnitude relative to the estimated value of accessibility. 

 

Policy Intervention 2: Public Transit Subsidization 

 

Turning to the second block of results in Panel B, I consider the effect of a public transit subsidy 

resulting in the same travel time improvement (in minutes) for public transit users as that provided 

by the congestion toll for drivers. This is based on the assumption that revenues are devoted 

towards improvements that lower travel times such as extending routes, adding capacity and 

express buses.45 Here the main policy considered finances the improvement in transit by means of 

a head tax, although in the fourth row of Panel B, I compare these effects with those where the 

costs are financed entirely by fare increases. Here the benefit appears to be appears to be between 

                                                
44 In this paper, I do not consider the full system-wide effect that may occur in response to improved travel times as reduction in travel times on 

roads induces commuters from elsewhere in the transportation system to drive thereby opening capacity on those interrelated modes. The effect is 

captured via mode switching, but the secondary effect on the interrelated market (public transit, for example) is not. Vickrey (1969) presents a 

proof sketch to illustrate that this effect in the secondary market may be bounded by the effect to those switching modes. A more complete version 

of the proof may be found in Bento, et al. (2014). 
45 It is certainly the case that public transit costs can rise for many factors unrelated to average system travel times and independent entirely of any 

objective measures of service quality in public transit. Preliminary work by Li, Kahn and Jerch has shown the role of stronger public sector unions 

in leading to higher operating costs of public transit authorities after controlling for size, scale and efficiency effects. I abstract from these important 

effects for the simulations considered. 
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a tenth and one-half those generated by a fare increase that finances transit expansion. Overall the 

effect of subsidization appears to be positive and of the same magnitude for college educated 

workers while there is a small positive benefit for workers without a college education. While 

expansion of public transit is hailed as a way to address inequality in accessibility, and lower 

skilled workers certainly gain from this policy, based purely on the fact that a larger share of 

college educated workers use public transit, the benefits accruing to these individuals turns out to 

be higher. Again, mode adjustment and relocation appear to play a relatively small roll in the 

welfare effects, while the average effect per worker varies considerably between high and low 

skilled workers. The last row of this panel reports the average equivalent fare increase implied by 

financing through fares, which comes out to a between one and two dollar increase. 
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Table 4: Welfare Effects of Simulated Transportation Policies in U.S. Cities 1980-2000 

 
 1980 1990 2000 1980-2000 

 College No College College No College College No College College No College 

Panel A: Congestion Toll         

   Total Effect as Share of Income 1 0.015 -0.017 0.025 -0.045 0.092 -0.048 0.016 -0.037 

   Shr. from Mode Adjustment 2 0.027 0.040 0.001 0.000 0.011 0.028 0.013 0.003 

   Shr. from MSA Reallocation 3 0.082 0.075 0.089 0.087 0.093 0.087 0.088 0.083 

   Avg. MSA-Region Effect/ Worker 125 -75 939 -13 125 -22 129 -38 

   Transfer / Trav. Time Benefit 4 0.397 0.420 0.364 0.452 0.314 0.362 0.358 0.411 

   Total Effect per Travel 13.0 -0.143 27.1 -0.443 11.1 -0.373 17.0 -0.320 

     Time Reduction ($/hr.) 5         

   Avg. Toll 1.00 1.08 1.19 1.09 

         

Panel B: Public Transit Subsidy         

   Total Effect as Share of Income 1 0.014 0.002 0.024 0.005 0.044 0.006 0.030 0.004 

   Shr. from Mode Adjustment 2 0.000 0.001 0.000 0.000 0.022 0.005 0.000 0.000 

   Shr. from MSA Reallocation 3 0.0082 0.007 0.008 0.008 0.009 0.009 0.008 0.008 

   Rel. Benefits from Fare Increase 6 0.337 0.075 0.0944 0.119 0.489 0.137 0.590 0.110 

   Avg. MSA-Region Effect / Worker 1.19 1.43 0.907 6.13 1.19 2.25 1.26 2.43 

   Transfer / Trav. Time Benefit 4 0.157 0.729 0.109 0.204 0.116 0.291 0.127 0.190 

   Total Effect per Travel 12.7 0.169 26.9 0.469 11.0 0.391 16.9 0.343 

     Time Reduction ($/hr.) 5         

   Avg. Equivalent Fare Increase 1.91 1.0 1.57 1.52 
         

Panel C: Toll & Subsidy         

   Total Effect as Share of Income 1 0.031 0.002 0.016 0.030 0.021 0.003 0.038 0.002 

   Shr. from Mode Adjustment 2 0.012 0.002 0.003 0.000 0.011 0.000 0.009 0.001 

   Shr. from MSA Reallocation 3 0.081 0.073 0.090 0.017 0.047 0.003 0.019 0.004 

   Relative to Fare Increase 6 0.332 0.075 0.940 0.119 0.486 0.138 0.586 0.111 

   Avg. MSA-Region Effect / Worker 1.04 3.03 8.47 14.3 10.4 12.5 11.8 14,3 

   Transfer / Travel Time Benefit 4 239 143 189 110 159 70.0 196 108 

   Total Effect per Travel 12.5 17.0 26.7 48.0 10.9 40.2 16.7 35.1 

     Time Reduction ($/hr.) 5         

   Avg. Munic. Net Revenues ($ mil.)  -19.8 -20.0 -20.5 -20.2 

   Ratio of Net Transfer to Toll 7 2.99 5.4 5.6 3.7 
Notes: All statistics are in 2000 dollars unless otherwise indicated.  1Measures difference between indirect utility and that with the policy and baseline divided by marginal utility of income for each 

demographic group, which is then divided by baseline wage income.  2Ratio of ‘Total Welfare Effect’ in simulation without mode adjustment to that with it.  3Ratio of ‘Total Welfare Effect’ in 

simulation without movement between MSA-regions to that with it.  4Ratio of ‘Total Welfare Effect’ to annual travel time reduction times value of time for each demographic group.   5Ratio of ‘Total 

Welfare Effect’ per resident to cost of a fare increase if transit is financed entirely through fares.  6Share of Total Welfare Effect gain achieved when transit is subsidized by fare increases.  
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Policy Intervention 3: Toll and Transit 

 

Panel C of Table 4 reports the final policy considered in the simulations, that of a congestion toll 

paired with subsidization of public transit. In practice this policy pair is intended to both ameliorate 

congestion externalities, increase the use of public transit (potentially to take account of Mohring-

style scale effects) and to finance the latter with the former (to the extent possible).46 The first row 

of total welfare effects show that indeed, the benefits of the program to college educated workers 

are considerable. The program both subsidizes public transit use, lowering average travel times 

and reduces travel times for drivers commuting on roads. Net benefits to low skilled household are 

positive, but an order of magnitude lower than those for college educated households. Again, here 

the role of mode switching is meaningful but not the driving factor, as with MSA-region relocation. 

It is worth noting that given the cost of public funds and the overall costs of public transit, the 

program does not seem to fully subsidize the costs of the desired expansion of public 

transportation. An alternative simulation could consider the effects of a revenue neutral program, 

where it would be likely that the benefits to low skilled households would be closer to zero or 

negative. The last row of the table considers the ratio of the net transfer on average for households 

across MSA-regions, that is how much households are getting from the lump sum payment net of 

the head tax relative to the amount tolled. This measure reflects the relative incidence of the toll 

relative to the redistributional benefits (or costs) of the transfer. As can be seen from the figures 

reported, the ratio ranges from about 3 to 5.6 reflecting the fact that the size of the transfer (which 

                                                
46 The possibility of using tolls intended to target congestion to help to finance public transportation has become a potentially compelling approach 

for policymakers concerned both with finance constraints and distributional effects of policies to address inefficiencies in the transportation. The 

I-110 and I-10 ExpressLanes project that tolls major commuting corridors to Downtown Los Angeles is mandated to reuse the revenues generated 

by the program for transportation on the corridors covered, including financing light rail, bus and vanpools (Bento, et al., 2015). The high popularity 

of the tolling program (which opens High Occupancy Vehicle lanes for use by single occupant vehicles paying a toll) has been substantial, bringing 

in more revenues than expected.  
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is negative for most MSA-regions) is several times larger than the cost of the toll, helping to 

explain the positive welfare effects of the program on low skilled households relative to Panel A. 

 

Variation in the Extent and Scale of Policy 

 

Finally, I consider in Figure 7 the implementation of the policy to varying extents and scales over 

the sample period (1980-2000). The policies simulated in Table 4 are enacted in all MSA-regions, 

while a fundamental feature of urban transportation systems is that there is substantial variety in 

the policies applied. This variation can help to explain differences in the explicit and implicit costs 

of living in a particular city, and to help to try to capture these effects, I consider the set of policies 

modeled across all MSA-regions, only in core areas, and in the 15 largest MSAs by population in 

the sample. The bars of the chart report the same value as that presented in the first rows of Panels 

a-c of Table 4, the Total Welfare Effect as a share of household income, where the effect is the 

change in indirect utility scaled by the marginal utility of income. Here congestion pricing is only 

implemented in the center city in contrast to full implementation (i.e., including periphery) in Table 

4. Nevertheless the welfare effects are similar to those presented in Table 4, although smaller in 

absolute magnitude for both worker types. Considering subsidization of public transit that only 

affects the center city, I find that the small benefits to unskilled workers that full implementation 

in Table 4 yields now turns slightly negative.47 The benefits of full subsidization (which match 

those presented in Panel b of Table 4 then are on the whole, especially for high skilled workers. 

The last set of figures compares the combined toll and subsidy program considered in Panel c of 

                                                
47 Note that the subsidization is financed at the MSA level in the model, while the benefits here are only accruing to commuters living within the 

center city. It is also worth noting in the absence of information survey information about whether workers that live in peripheral areas use public 

transit to get to work in center-cities (i.e., driving to public transit or mixed mode commuting) I end up here assuming that households that live in 

the periphery get no benefit from center-city public transit, which may be a strong assumption. 
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Table 4 to that where it is implemented in only the 15 largest MSAs in the US. Here the benefits 

appear larger on average perhaps reflecting the fact that larger cities still, on average, may have 

greater returns to expanding public transit. It also seems likely to be the case that in these cities 

the extent of congestion is greater and so the effects of the congestion toll in reducing negative 

externality are more substantial. 
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Figure 7: Variation in Welfare Effects with Application 

Notes: The figure depicts simulation results from five policy scenarios described in Section 7 of the paper. The variable plotted is constructed by 

comparing the MSA-region average of the indirect utility level in equilibrium from the policy relative to that in the baseline divided by the marginal 

utility of income which is, in tern divided by MSA-region wage income levels. The first 8 bars show simulations from policies applied on all MSA-

regions while the last two are only for the 15 largest MSAs by population. The first four bars consider the effects of a center-city congestion toll on 

workers with and without a college education, while the next four consider the effect of public transit subsidization in the center city. Bars 9 and 

10 consider public transit subsidization across center-cities and perhipheral areas while the remaining bars consider public transit subsidization 

financed by congestion pricing.     

 

Conclusions 

 

In this paper, I present evidence for the effects of transportation policies on different worker types 

demonstrating that the benefits from improving transportation systems to low skilled workers may 

be overstated and that the effect of these policies may, in the end, may create more benefits for 

skilled workers and, perhaps, exacerbate existing inequalities. Structural estimates from the model 

provide the first evidence for the value of transit to the locational preferences of different worker 

types, and I use a comprehensive set of instruments and fixed effects approaches to mitigate 
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potential simultaneity and omitted variables bias in the model. The policy simulations from my 

model contribute to an existing literature on the welfare effects of multiple policy instruments in 

transportation markets with pre-existing distortions and the explicit consideration for mode choice 

and locational sorting effects in my model is novel to the literature. 

Despite the strong evidence presented here, a few caveats are in order. In the model, I abstract 

from the important effects of pre-existent distortionary taxes affecting residents in US cities. Parry 

and Bento (2001) show the importance of these distortions in the welfare effects of congestion 

pricing programs. Follow up work in Parry and Bento (2002) shows that if congestion tolls make 

commuting to work sufficiently costly, it can, in effect, act as a tax on labor the distortionary effect 

of which can outweigh the congestion-reducing benefits. This damage can be undone if the 

revenues from the tax are recycled to reduce the burden of pre-existent labor taxes. Further 

extensions of the work here would do well to consider variations across MSAs in labor supply 

elasticities and labor tax burdens and the extent to which there are interaction effects across 

markets that may meaningfully affect the welfare of households choosing where to live. Also there 

is ample room for additional consideration for the full range of public finance and political 

economy factors inherent in trying to extend public transportation. In instances where expanding 

the scale of public transit allows for greater bargaining leverage for public sector unions, the 

benefits from increasing finance to this sector may diminish. Finally, I model employment 

assuming that currently employed workers will continue to work somewhere. Much of the 

motivation for public transit improvements and improving mobility for low income households is 

to promote labor force participation and high quality job matches, the full dynamics of which are 

beyond the scope of this study. 

Going forward, this paper suggests that if inequality in transportation outcomes and their 
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consequences for labor market and residential location outcomes in urban areas remain a 

concern, policies that better target the transportation usage and locations of low skilled and low 

income households may be a preferable option. This could include policies that make vehicle 

ownership for low income households, which seem to have demonstrated benefits to 

underprivileged communities as documented in Raphael and Stoll (2001).
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CHAPTER 2 

SORTING EQUILIBRIA FOR OVERLAPPING NETWORKS* 

 

Introduction 

In this paper we demonstrate the importance of the degree of interconnectedness both within and 

across groups in network design on equilibrium outcomes from individual sorting behavior. 

Theoretical work in economics associated with understanding the dynamics of social interactions 

has typically relied on specific functional form assumptions in order to derive tractable models of 

sorting outcomes. Here we draw on a separate but related literature in computational game theory 

to provide more general results guaranteeing existence, uniqueness and identification of demand 

parameters in sorting over networks. 

To date, the social interactions literature and housing sorting literature have focused mainly on 

modeling network effects via social interaction that occur within groups, rather than formally 

considering spillovers that occur between different groups that consume some (but not all) goods 

in common. As pointed out in Durlauf and Brock (2006), social interactions may encompass both 

the actions of those inside of a group as well as those outside of a group. 

Those authors present the example of the extent to which an evangelical Christian believes in 

creationism may be determined both by the extent to which other evangelicals believe in it (own-

group effect) as well as the extent to which other Christian groups (Baptists, Methodists, Catholics) 

also share these beliefs (cross-group effect). 

We note, with reference to our own results, that the degree of cross-group effect will depend 

principally on the degree of interconnectedness of the groups in consideration. For example, the 

                                                
* Joint work with Antonio M. Bento, Nicolai Kuminoff, and Beia Spiller. 
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extent to which non-Christians share these beliefs may have less of an effect, as well, Christian 

groups in closer geographical or social (based on class or ethnicity) proximity may have greater 

influence. 

This concept relates to the notion of hierarchical social interaction effects, discussed in section 

3.ii.c. of Blume, et al. (2011) and section 5 of Ioannides (2011), where in a linear social interactions 

model, we may expect the behaviors of other groups under similar classifications (administrative, 

social, etc.) to have an influence on those within a particular group.  

The most obvious instance of this comes from papers explicitly considering hierarchical models 

of neighborhood choice with social interactions. Calabrese, Epple, Romer, and Sieg (2006) being 

a recent example, where the authors show that voting within communities has effects in terms of 

peer and neighborhood factors. That is, there are effects based on sorting at the community level 

that interact with effects within different social groups within the community that transmit via peer 

effects. In this sense, there will be an own-group effect of members of a common social group 

within a community, as well as a cross-group effect in terms of the formation of community level 

amenities. 

 

Relation to Existent Literature 

In Bayer and Timmins (henceforth BT) study of residential sorting, they consider the effect of the 

locational choices of where to live by other households in the indirect utility of each agent choosing 

a place to live. Their model consists of two simplifications of the expression in equation (3): The 

interaction matrix, Ω, has off-diagonals equal to zero, so that only the choice of the same 

neighborhood, j, affects the utility of others choosing the same neighborhood. As noted earlier, 

this is equivalent to saying that the network is disjoint. We can therefore represent the interaction 
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parameters using the diagonals alone, which we will call 휃. The interaction, 𝑦𝑖,𝑗,𝑡, takes the form 

of the shares of individuals choosing alternative j.  This also means that the coefficient is the same 

for each individual choosing alternative j. Denote this specialized form of the interaction effect as 

𝜎𝑗. In this case, suppressing t subscripts for parsimony, we can consider a modified version of (3) 

of the form:  

 

𝑉𝑖,𝑗 = 𝑋𝑖,𝑗 + 휃𝜎𝑗 + Ξ𝑗 + 휀𝑖,𝑗   (4). 

 

This restriction matters substantially if we believe that the off-diagonal effects in Ω can be large, 

especially in the case where one is considering overlaps between markets of substantial size 

heterogeneity. As will be discussed below, where a smaller market interconnects with one or more 

much larger markets, small perturbations in choice behavior in the small market can lead to large 

cascading reallocations in the larger market, invalidating key equilibrium assumptions in BT that 

put restrictions on the relative sizes of the off-diagonal effects. We show below that these 

restrictions are not necessary to guarantee existence of an equilibrium. 

In Brock and Durlauf’s (henceforth BD) adaptation of their social interactions model to the 

multinomial choice setting, there is no cross-market interactions in their baseline model, and they 

ignore the role of any confounding unobserved attributes (Ξ𝑗) so they consider a model that looks 

like  

 

𝑉𝑖,𝑗.𝑔 = 𝑥𝑖,𝑗 +Ω𝑦𝑖,𝑔
𝑒 + 휀𝑖,𝑗,𝑔  (5), 
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where g denotes the group that individual i is in. This is a special case of the framework presented 

in (3), where the social interaction component, 𝑦𝑖
𝑒, explicitly reflects the fact that they consider the 

process by which agent i forms expectations about the behavior of others contingent on her beliefs, 

𝜇𝑖
𝑒(𝜛) on the action set, 𝜛, of all other agents.48 Also, there is no unobserved alternative-specific 

heterogeneity (Ξ𝑗). Finally, the social interaction, 𝑦𝑖
𝑒 ,  is more general than in BT, but less general 

than in (3). 

In BD, they develop extensions where there is explicit consideration of inter-group interactions 

reflecting spillover effects captured in the off-diagonal elements of Ω. They also show that the 

choice being modeled includes (as in BT and implicitly in our framework) which group to join 

(rather than in much of the social interactions literature, where the choice could be something else, 

such as involvement in risky activities, holding group membership fixed). 

That said, our model remains more general in that it allows for a much richer set of group-level 

interactions. This is because the BD framework in (5) involves the choice of membership (with a 

corresponding group-level interaction effect) into a single group, while the choice of j in our model 

implies social interactions across potentially several different groups. Mechanically the BD 

framework (where the g subscript is added) is equivalent to restricting the number of overlaps of 

subcomponents to 1, that is: 

 

#{𝐿𝑗 ∩ 𝐿𝑗′ = ∅,∀𝑗
′ ∈ 𝐽} = 1. 

An individual choosing alternative j where the set of subcomponents, 𝐿𝑗 , overlaps with that for 

                                                
48 These beliefs are realized in the form of self-consistency, which is the social-interactions literature’s version of rational expectations, which 

means that subjective beliefs equal the objective conditional probability measure of the model: 

𝜇𝑖
𝑒(𝜛) = 𝜇(𝜛|𝑥𝑗 , 𝜇𝑖

𝑒(𝜛), ∀𝑗). 
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other alternatives presents the possibility for membership of multiple groups. Moreover, a 

substitute for j, k, may offer overlap with a different set of alternatives, meaning than an 

individual’s choice between j and k implies different membership in many potential groups.  

In Bayer, Ross and Topa (BRT) consider the effect of referrals on labor market outcomes, where 

a referral (for a job) is inferred from observing two individuals from separate households living on 

the same block and working at the same location from restricted Census block data in Boston. 

Their first stage is a simple interactions model of the form, 

 

𝑊𝑖𝑗
𝑏 = 𝜌𝑔 + 𝛼0𝑅𝑖𝑗

𝑏 + 휀𝑖𝑗 , 

 

where individuals i and j are observed to work in the same census block (𝑊𝑖𝑗
𝑏 = 0, 1) as a function 

of whether they reside in the same census block (𝑅𝑖𝑗
𝑏 = 0, 1). 𝜌𝑔 is a fixed effect common to 

individuals in the same reference group. This requires assumptions that no correlation in 

unobserved factors affecting work location among individuals residing on the same block, and 

significant portion of interactions with neighbors are very local in nature, that is, occur among 

individuals on the same block. 

Inclusion of reference group fixed effects is the author’s major control to deal with the effects of 

sorting, and they compare a range of definitions of the reference group for robustness, including 

the census block group, the 10 nearest blocks, and even individual fixed effects.49 

The estimates of the referral effect are then used in a second stage to compare the effects of 

presence/absence of referral effects on various outcome variables (schooling, income, etc.).While 

                                                
49 Note here that identification comes from observing the precise nature of the overlap between individuals, which is interpreted as the referral 

effect, i.e. α=0. 
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this model does not fully model the sorting behavior of individuals in an equilibrium sense, there 

is a connection to our paper in the sense that the authors define the precise nature of the network 

effect to identify its influence. 

 

Theoretical Framework 

Setup 

We consider an individual i = 1,…, I  in market t = 1,…,T choosing an alternative j = 1, …, I in a 

network Λ. The network Λ defines the structure of interactions of individuals in different markets 

via alternatives, which is defined by a parametrized interactions matrix Ω.  

Denote the set of all alternatives as J. We generalize the model to consider a choice set for each 

individuals larger than two, making our framework a multinomial choice model. This can collapse 

into a binomial choice model under a restricted choice set, which can allow for further equilibrium 

and identification properties as outlined in Brock and Durlauf (2007). An important clarifying 

point is that the choice of an alternative in our framework implies a set of interactions to the utility 

of other alternatives. In the social interactions literature, where these interactions are defined by 

group membership, this type of model falls into a class of models that involve endogenous group 

formation. 

In our framework, the distinguishing feature of a market is that individuals in the same market face 

a shared choice set, such that we can partition the set of alternatives J into subsets 𝐽𝑡 ⊆ 𝐽, 𝑡 =

1,… , 𝑇.  Note that the notion of a market may abstract to any setting where choice sets vary across 

groups of individuals. However, it is not the same notion as that of group used in the social 

interactions literature, where a group is generally defined as a set of individuals who have a joint 

social effect on each other. In our more general case, it is more straightforward to think of group 
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membership as a J x J incidence matrix that indicates whether choosing alternative j puts an 

individual into the same group as an individual choosing any other alternative in the set J.  

 

Disjoint Sets 

An important aspect of the setup we consider is where alternatives in one group are also utilized 

either partially or fully in other alternatives for the same and/or different groups t. Suppose that 

we can decompose each alternative j into a set of subcomponents denoted ℓ, where the set of 

subcomponents for j, denoted 𝐿𝑗, completely describe the attributes of j. Moreover, let it be the 

case that for some 𝑗 ∈ 𝐽, they share their subcomponents with each other, that is 𝐿𝑗 ∩ 𝐿𝑗′ ≠

∅, and  𝑗 ≠ 𝑗′. This notion of shared subcomponents is a special case of having overlapping group 

structure among individuals, where membership in a group means that the decisions of individuals 

affect the utility of a given choice j for others within that group, and individuals can be members 

of more than one group. 

 

Definition 1:  We call a network Λ disjoint if the set of alternatives across groups share no 

subcomponents, that is if 𝐿𝑗 ∩ 𝐿𝑗′ = ∅, and  𝑗 ≠ 𝑗
′, ∀𝑗, 𝑗′ ∈ 𝐽. 

 

Remark: A disjoint network will have no effects from overlapping subcomponents and so can be 

treated in the standard fashion as any differentiated product demand model. 

  

This overlap of the set of subcomponents could occur between alternatives within the same market 

t, or across different markets. The notion of subcomponents has many applications. One could 

consider the notion of product bundles that contain similar subsets of items. In housing markets, 
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the individuals choose a house within a neighborhood, which contains a bundle of house-level, 

block-level, neighborhood-level, school-district level, attributes that form sub attributes 

components of the attributes of the choice to buy a house. To the extent that certain spatial 

boundaries overlap across different consideration sets for households, there will be overlap. In the 

case of optimal routing, consider two routes (L1-L2-L4 and L3-L4) from A to B that shares some 

link as in Figure 8, Panel A below. Here the overlap occurs within the same “market” (i.e., origin-

destination pair). Alternatively consider two different “markets” A to B and C to D, where there 

is overlap of one link (L7) from alternatives in different OD pairs as in Figure 8, Panel B. 

 

 

Panel A     Panel B 

 

Figure 8: Overlapping Alternative Components 

 

 

Utility function defined by travel time, other route alternatives, and idiosyncratic error: 

 

𝑈𝑖,𝑗 = 𝑋𝑗′𝛽 + 𝛼𝑇𝑇𝑗(�̅�) + 휀𝑖,𝑗. (9) 
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Travel Time function: 

𝑇𝑇𝑗 = 𝑔(∑𝑁𝑡𝜎𝑗,𝑡
ℓ∈𝐿𝑗

) , ∀𝑗, 𝑡, (10) 

 

Alternative j flows in OD pair t: 

𝑓𝑗,𝑡 = 𝑁𝑡𝜎𝑗,𝑡, ∀𝑗, 𝑡, 

 

Link flows are defined by the sum of alternative flows, 𝑓𝑗,𝑡, where the link ℓ is part of the set of 

links that comprise alternative j: 

 

𝑓ℓ = ∑ 𝑓𝑗,𝑡
{𝑗: ℓ∈𝐿𝑗}

, ∀𝑗, 𝑡, (11) 

 

Random Utility Model 

Agents choose the alternative that produces the highest indirect utility according to the linearly 

separable form: 

 

𝑉𝑖,𝑗,𝑡 = ∑𝑣𝑖,ℓ,𝑗,𝑡
ℓ∈𝐿𝑗

+ 휀𝑖,𝑗,𝑡,     (1) 

 

where 𝑣𝑖,ℓ,𝑗,𝑡 denotes the indirect utility accruing to agent i from subcomponent ℓ of the set of 

subcomponents 𝐿𝑗 corresponding to alternative j in market t. 휀𝑖,𝑗,𝑡 is an idiosyncratic error that if 
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we interpret to be Type I EV, results in an analytic logit probability of choosing alternative j. 

We can decompose 𝑣𝑖,ℓ,𝑗,𝑡 to gain further insight on the mechanisms at play. We can write: 

 

𝑣𝑖,ℓ,𝑗,𝑡 = 𝑥𝑖,ℓ,𝑗,𝑡 +ωℓ𝑦𝑖,ℓ,𝑗,𝑡 + 𝜉𝑖,ℓ,𝑗,𝑡,   (2) 

 

where 𝑥𝑖,ℓ is a term incorporating the indirect utility to i of subcomponent ℓ from all exogenous 

characteristics, 𝑦𝑖,ℓ,𝑗,𝑡 denotes the indirect utility from endogenous social interactions, and 𝜉𝑖,ℓ,𝑗,𝑡 

is unobserved indirect utility, that may be correlated with observed characteristics. i subscripts are 

maintained in (2) as we may believe that each element may be further decomposed into individual 

and group-level valuations, i.e. 𝑥𝑖,ℓ = 𝛽𝑧𝑖𝑥ℓ + 𝑥ℓ, where 𝑧𝑖 could be demographic characteristics 

of I, and 𝑥ℓ could take any functional form, such as a standard linearly separable case: 𝑥ℓ = 𝛼𝑋ℓ, 

where 𝑋ℓ is a vector of attributes of subcomponent ℓ and 𝛼 is a vector of parameters 

𝑦𝑖,ℓ,𝑗,𝑡 can take several forms depending on the nature of the social interaction. Two of the standard 

forms of 𝑦𝑖,ℓ,𝑗,𝑡 in the social interactions literature are as in-means or in-aggregate form. In-means 

signifies that the effect is a group-level average effect (e.g., average ability in a classroom setting), 

in-aggregate means a group-level aggregate effect (e.g., the total amount of congestion 

accumulated on a freeway for a subsection of the network).  

One straightforward way of defining the social interaction effect is to set it equal to the share of 

individuals choosing alternative 𝑗 ∈ 𝐽 in a disjoint network, or the number of individuals choosing 

subcomponent ℓ ∈ 𝐿𝑗 ∩ 𝐿𝑗′ , for  𝑗 ≠ 𝑗
′, ∀𝑗′ ∈ 𝐽  when the network is non-disjoint.  Note that the 

both consists in-aggregate effects. If the effect enters in a purely linear sense, then the model is 
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linear-in-means or linear-in-aggregate and poses a specific identification challenge. For a non-

disjoint network, where the cross-alternatives spillovers are sufficiently large, the effect will cease 

to be linear. 

ωℓ is the parameter vector for each subcomponent ℓ that determines the effect of the social 

interaction effect from 𝑦𝑖,ℓ on indirect utility. The dimensions of ωℓ are 𝐽 by 1 where 𝑗̃ = 1, … , 𝐽 

indexes the alternatives in the network that impose an interaction effect on consumers of 

alternative j for subcomponent ℓ. In principle, ωℓ could be made to vary across individuals, but 

identification may pose problems given sufficient parameter heterogeneity. 

Substituting (2) into (1) and reconsolidating vectors into matrices, we have: 

 

𝑉𝑖,𝑗,𝑡 = 𝑋𝑖,𝑗,𝑡 + Ω𝑦𝑖,𝑗,𝑡 + Ξ𝑗,𝑡 + 휀𝑖,𝑗,𝑡,     (3) 

 

where 𝑋𝑖,𝑗,𝑡 = ∑ 𝑥𝑖,ℓ,𝑗,𝑡ℓ∈𝐿𝑗
, Ξ𝑗,𝑡 = ∑ 𝜉ℓ,𝑗,𝑡ℓ∈𝐿𝑗

.  Ω is a matrix that gives the effect of the social 

interaction variable, 𝑦𝑖,𝑗,𝑡 from each alternative on the utility of individuals in market t.  𝑦𝑖,𝑗,𝑡 is a 

J x 1 row vector where each row consists of the interaction from every 𝑘 ∈ 𝐽 on alternative j. The 

diagonal elements of Ω indicate the effects of this interaction from individuals choosing alternative 

j, while the off-diagonals indicate the effects from those individuals choosing other alternatives in 

J. Where there is no interaction effect between alternatives j and k, the element in row j and column 

k of Ω is zero.  

  

Equilibrium 

This section lays out the role and importance of interconnectivity and cross-market spillovers in 
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the housing, social interactions and transportation literatures. 

 

Existence of sorting equilibria,  

Sorting equilibria exist under more general condition that in BT and BD frameworks, namely that 

congestion function that produces interaction effect is affine. This result uses a framework from 

classical game theory models (Monderer and Shapley, 1996) that has been widely used in the 

optimal routing literature in Computer Science (inter alia, Roughgarden and Tardos, 2002). 

 

Definition 2: Feasible Flow 

Define a set of link level flows, 𝑓ℓ, as feasible if the following two conditions are met: 

1. The sum of flows from each OD pair on all links equals the number of commuters from each OD 

pair, i.e. 𝑓𝑗,𝑡 = 𝑁𝑡𝜎𝑗,𝑡, ∀𝑗, 𝑡, as above 

2. The sum of flows across all alternatives coincident to each link equals the link level flows, as in 

equation (11) above. 

 

Definition 3: Sorting Equilibrium 

Define a sorting equilibrium as a set of individual decisions of taking an alternative that are each 

optimal given the decisions of all other individuals in the population. Given the setup to our 

problem, we can think of this as a pure strategy Nash equilibrium in a simultaneous move game.  

This condition can be explicitly defined as an equilibrium flow in the following manner:  

 

Let f be a feasible flow for a given network. The flow f is an equilibrium flow if for every 

alternative j and every OD pair t where 𝑓𝑗 > 0, 𝑈𝑖,𝑗(𝑓) ≥ 𝑈𝑖,𝑘(𝑓), ∀𝑘 ≠ 𝑗, 𝑘 ∈ 𝐽𝑡 , 𝑗 ∈ 𝐽𝑡. 
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Lemma 1 {Equilibrium condition for flows}: Given the network 휂, link-level travel time function  

𝑇𝑇ℓ, and a set of alternatives J, then given a convex and continuously differentiable function 𝑇𝑇ℓ, 

an allocation of flows f* is an optimal flow if and only if, for every alternative in J across every 

OD pair in T, each alternative with 𝑓𝑗
∗>0,  

 

𝛼𝑇𝑇𝑗
∗(𝑓∗) + 𝑢𝑖,𝑗 ≥ 𝛼𝑇𝑇𝑘

∗(𝑓∗) + 𝑢𝑖,𝑘 , 𝑘 ≠ 𝑗, (12) 

and where 𝑢𝑖,𝑗 = 𝑈𝑖,𝑗 − 𝛼𝑇𝑇𝑗
∗ = 𝑋𝑗′𝛽 + 휀𝑖,𝑗 , ∀𝑗 ∈ 𝐽,  and 𝛼 < 0. 

 

Proof: [By contradiction]: suppose that a commuter chooses an alternative k with a lower travel 

time than j at f*, then the inequality above cannot hold by definition. ∎ 

For the remainder of this exposition, we will assume that 𝑢𝑖,𝑗 = 𝑢𝑖,𝑘 , ∀𝑘 ∈ 𝐽  and that 𝛼 = 1. This 

is done mainly to simplify the proofs. If we can show that he properties below hold for affine 

transformations (which they do) of 𝑇𝑇𝑗
∗(𝑓∗), then this assumption is without loss of generality. 

 

Corollary 1 {Optimal Allocation}: Definition 1 and Proposition 1 imply that a sorting equilibrium 

is the optimal allocation of flows. 

 

Non-uniqueness of equilibria 

Uniqueness of equilibria requires convexity of the potential function associated with adding each 

marginal unit of congestion. In instances where the network of interest in non-disjoint, there can 

be non-convexities in the potential function as a result of the relative magnitudes of the diagonal 
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and off-diagonal elements of  Ω. 

 

Definition 4: Potential Function 𝚽(∙) 

We will define the following function for the purpose of proving existence and uniqueness of the 

pure strategy Nash Equilibrium [the following is based on a series of proofs in Nisan, 

Roughgarden, Tardos and Vazirani’s Algorithmic Game Theory]: 

 

Define a function ℎℓ which for each link ℓ has a first derivative with respect to flow equal to the 

cost associated with that alternative, namely travel time: 𝑇𝑇ℓ(𝑓). So: 

 

ℎℓ(𝑓ℓ) = ∫  𝑇𝑇ℓ(𝑥)𝑑𝑥
𝑓ℓ

0
 and ℎℓ

′(𝑓ℓ) = 𝑇𝑇ℓ(𝑓ℓ)   (13). 

 

A potential function, Φ(∙), for a game is a real-valued function, defined on the set of possible 

outcomes of the game, such that the equilibria of the game are precisely the local optima of the 

potential function. Not all games admit potential functions, but we will show that the game 

considered admits one (a result due to Rosenthal 1973). 

In a network, this function becomes the aggregation of  ℎℓ(𝑓ℓ) across all links, i.e.: 

Φ(𝑓) = ∑∫ 𝑇𝑇ℓ(𝑥)𝑑𝑥

𝑓ℓ

0ℓ

(14) 

 

This function is central in game theory to a host of problems called “Potential Games” articulated 

by Monderer and Shapley (1996) and for transportation, (when multiplied by the value of time, 
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𝑉𝑂𝑇 = 𝛼/𝑀𝑈𝐼) this corresponds to the sum of average congestion costs across all individuals 

(this was done in a very specific way in the seminal work by Beckmann, McGuire and Winsten 

(1956) on solving for economic solutions to equilibrium network problems). That the Nash 

Equilibrium would be identified at the point at which the sum of the average costs is minimized 

makes intuitive sense. 

If 𝑇𝑇ℓ is continuous and non-decreasing for every link, then it follows that Φ(𝑓) is continuously 

differentiable and convex as the following Lemma spells out: 

 

Lemma 2 {Potential function with equilibrium flows}: Given the network 휂, link-level travel time 

function  𝑇𝑇ℓ, and a set of alternatives J, a feasible flow f on the network is in equilibrium if it is 

the global minimum of the potential function Φ(𝑓) in equation (14). 

 

Proof: 

The result follows from the standard maximum principle for introductory micro theory: 

Feasible flows in 휂 exist in a compact subset of Euclidean space of countable dimensions L. Since 

TT(f) is continuous, Φ(𝑓) is continuous on this set. By Weierstrass’ Theorem, Φ(𝑓) obtains a 

minimum value on the set of feasible flows. Because TT(f) is nondecreasing, it follows that 

ℎℓ(𝑓ℓ) = ∫  𝑇𝑇ℓ(𝑥)𝑑𝑥
𝑓ℓ

0
 is a convex function for all ℓ, and further that Φ(𝑓) is a convex function, 

and it follows that the equilibrium must be the global minimizer of Φ(𝑓). 

 

Combining Lemmas 1 and 2 yields the following proposition: 
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Proposition 1 {Existence and Uniqueness of Equilibrium Flows}: Given the network 휂, link-level 

travel time function  𝑇𝑇ℓ, and a set of alternatives J, 

(a) The network admits at least one equilibrium flow, and 

(b) If f and f’ are equilibrium flows on the network, then 𝑇𝑇ℓ(𝑓) = 𝑇𝑇ℓ(𝑓′), for all links on the 

network. 

Proof:  

Suppose f and f’ are equilibrium flows on the network. By Lemma 2, both minimize Φ(𝑓). 

Consider convex combinations of f and f’: 𝜆𝑓 + (1 − 𝜆)𝑓′, 0 ≥  𝜆 ≥ 1, all of which remain 

feasible. Since Φ(𝑓) is a convex function, it follows that  

 

Φ(𝜆𝑓 + (1 − 𝜆)𝑓′) ≤ 𝜆Φ(𝑓) + (1 − 𝜆)Φ(𝑓′)(15) 

for all 𝜆, 0 ≥  𝜆 ≥ 1. 

By Lemma 2, (15) holds with equality for all 𝜆 since both f and f’ are global minima of Φ(𝑓). 

Equation (15) also requires that each ℎℓ(𝑓ℓ) = ∫  𝑇𝑇ℓ(𝑥)𝑑𝑥
𝑓ℓ

0
 is linear between f and f’ for each 

link. This linearity is only possible if 𝑇𝑇ℓ is constant between f and f’ for all links. ∎ 

 

Definition 5: Interconnectedness 

Interconnectedness in a network context identifies the extent of overlap between the moves of 

different agents, and a particular form of this overlap takes the case when agents impose 

externalities on each other in proportion to the extent of overlap. 

In a freeway network context, the more links that the routes from different origin-destination pairs 

share in common, the more interconnected the network will be.  
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A strictly mathematical formulation of this definition in terms of an interconnectivity index for 

network 휂 could be: 

 

φ(휂) = ∑∑#{𝐿𝑗 ∩ 𝐿𝑗′ ≠ ∅,∀𝑗
′ ∉ 𝐽𝑡 , 𝑗

′ ∈ ⋃ 𝐽𝑡′

𝑇>𝑡′>𝑡

}

𝑗∈𝐽𝑡

,

𝑇

𝑡=1

 (16) 

which counts the number of overlaps from routes of other OD pairs on each link of a given route, 

but not double-counting overlaps. 

Alternatively, we may like the degree of interconnectedness to depend not only on the network 

interconnections themselves, but also the share of individuals using links of different 

interconnectedness, which could be by multiplying the indicator variable by the shares for 

alternative j: 

 

φ(휂) = ∑∑𝜎𝑗,𝑡 ∙ # {𝐿𝑗 ∩ 𝐿𝑗′ ≠ ∅, ∀𝑗
′ ∉ 𝐽𝑡 , 𝑗

′ ∈ ⋃ 𝐽𝑡′

𝑇>𝑡′>𝑡

}

𝑗∈𝐽𝑡

.

𝑇

𝑡=1

 (17) 

 

A somewhat similar measure of “second-order interconnectivity” appears in work by Acemoglu 

et al. (2012) to describe the extent of aggregate fluctuations due to cascading idiosyncratic micro-

level shocks in interconnected input-output markets. 

 

Corollary 2 {Limitations to Proposition 1}: Proposition 1 will not hold when Φ(𝑓) is not a convex 

function, which will be the case so long as its Hessian is not globally positive semi-definite, which 

will be the case if any of the principle minors of 𝐷2Φ(𝑓) are not positive, e.g. for arbitrary 
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alternatives 1, 2 and 3: 

 

|
∂2Φ(𝑓) 

𝜕𝑓1
2 | < 0, |

|

∂2Φ(𝑓) 

𝜕𝑓1
2

∂2Φ(𝑓) 

𝜕𝑓2𝜕𝑓1

∂2Φ(𝑓) 

𝜕𝑓1𝜕𝑓2

∂2Φ(𝑓) 

𝜕𝑓2
2

|
| < 0,

|

|

∂2Φ(𝑓) 

𝜕𝑓1𝜕𝑓1

∂2Φ(𝑓) 

𝜕𝑓2𝜕𝑓1

∂2Φ(𝑓) 

𝜕𝑓3𝜕𝑓1
∂2Φ(𝑓) 

𝜕𝑓1𝜕𝑓2

∂2Φ(𝑓) 

𝜕𝑓2
2

∂2Φ(𝑓) 

𝜕𝑓3𝜕𝑓2

∂2Φ(𝑓) 

𝜕𝑓1𝜕𝑓3

∂2Φ(𝑓) 

𝜕𝑓3𝜕𝑓3

∂2Φ(𝑓) 

𝜕𝑓3
2

|

|

< 0,… 

 

Recall that from the definition of Φ(𝑓), 

 

∂Φ(𝑓) 

𝜕𝑓1
= ∑ 𝑇𝑇ℓ(𝑓ℓ)ℓ∈𝐿1 , and 

∂2Φ(𝑓) 

𝜕𝑓1
2 = ∑ 𝑇𝑇ℓ

′(𝑓ℓ)ℓ∈𝐿1 , and 
∂2Φ(𝑓) 

𝜕𝑓1𝜕𝑓2
= ∑ 𝑇𝑇ℓ

′(𝑓ℓ)ℓ∈𝐿1∩𝐿2  

 

which tells us that the elements of the Hessian are the sum of derivatives of the travel time function 

for the constituent links of a give alternative. 

 

Condition under which Proposition 1 fails: 

Any second order principle minor for arbitrary alternatives 1 and 2 will be negative if: 

 

∂2Φ(𝑓) 

𝜕𝑓1
2 ∙

∂2Φ(𝑓) 

𝜕𝑓2
2 −

∂2Φ(𝑓) 

𝜕𝑓1𝜕𝑓2
∙
∂2Φ(𝑓) 

𝜕𝑓2
2 < 0, 𝑖. 𝑒. 
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∑ 𝑇𝑇ℓ
′(𝑓ℓ)

ℓ∈𝐿1

∙ ∑ 𝑇𝑇ℓ
′(𝑓ℓ)

ℓ∈𝐿2⏟                
𝑁𝑜𝑛−𝑛𝑒𝑡𝑤𝑜𝑟𝑘 𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟

< ∑ 𝑇𝑇ℓ
′(𝑓ℓ)

ℓ∈𝐿1∩𝐿2

∙ ( ∑
𝜕𝑓�̃�
𝜕𝑓1

{�̃�:�̃�≠1,𝐿�̃�∩𝐿1≠∅}

) ∙ ∑ 𝑇𝑇ℓ
′(𝑓ℓ) ∙ ( ∑

𝜕𝑓�̃�
𝜕𝑓2

{�̃�:�̃�≠2,𝐿�̃�∩𝐿2≠∅}

)

ℓ∈𝐿2∩𝐿1⏟                                                
𝐼𝑛𝑡𝑒𝑟𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛 𝑓𝑎𝑐𝑡𝑜𝑟

. (18) 

 

The expression ∑
𝜕𝑓�̃�

𝜕𝑓1
{�̃�:�̃�≠𝑗,𝐿�̃�∩𝐿𝑗≠∅}

 can be thought of as the “multiplier effect” of flows from 

interconnected markets. Here the notation 𝑗̃ denotes any alternative across all OD pairs that has an 

overlapping link with alternative 1 (or 2), so we are scaling the travel time effect by the number of 

additional drivers from overlapping links induced to change routes. This expression is bounded 

from below at 1, which will be the case if there is no interconnectedness (one additional vehicle 

on a link induces one additional car of congestion. 

 

If  ∑
𝜕𝑓�̃�

𝜕𝑓1
{�̃�:�̃�≠𝑗,𝐿�̃�∩𝐿𝑗≠∅}

= ∑
𝜕𝑓�̃�

𝜕𝑓2
{�̃�:�̃�≠𝑗,𝐿�̃�∩𝐿𝑗≠∅}

= 1, then (18) does not hold and Proposition 1 is not 

invalid. On the other hand, if it is sufficiently large, then it is possible that (18) will hold and 

Proposition 1 will be invalid. 

The second term in (18) can be seen to follow directly from the definition of interconnectedness, 

since the set 𝐿𝑗 ∩ 𝐿𝑗′ grows with the interconnectedness of a network, and thus so does the right-

hand side of the inequality in equation (18). 

 

Remark: Since travel times are assumed to be increasing in flow, Proposition 1 will hold if 
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“interconnected congestion factor” is zero for alternatives in the network, that is if there is zero 

interconnectedness.  

 

To restate the result clearly, if (18) holds for any two alternatives in the network, then Proposition 

1 fails. 

 

Example 1: Consider the case of linear travel time function common to all links, 𝑇𝑇ℓ(𝑓ℓ) = 휃 ∙

𝑓ℓ, ∀ℓ. We can rewrite (18) as: 

 

∑(휃 ∙ 𝑓ℓ)

ℓ∈𝐿1

∙ ∑(휃 ∙ 𝑓ℓ)

ℓ∈𝐿2

< ∑ (휃 ∙ 𝑓ℓ) ∙ ( ∑
𝜕𝑓�̃�
𝜕𝑓1

{�̃�:�̃�≠1,𝐿�̃�∩𝐿1≠∅}

)

ℓ∈𝐿1∩𝐿2

∙ ∑ (휃 ∙ 𝑓ℓ) ∙ ( ∑
𝜕𝑓�̃�
𝜕𝑓2

{�̃�:�̃�≠2,𝐿�̃�∩𝐿2≠∅}

) ,

ℓ∈𝐿2∩𝐿1

 

 

where the 휃’s cancel out and we have:   

 

∑ 𝑓ℓ
ℓ∈𝐿1

∙ ∑ 𝑓ℓ
ℓ∈𝐿2

< ∑ 𝑓ℓ ∙ ( ∑
𝜕𝑓�̃�
𝜕𝑓1

{�̃�:�̃�≠1,𝐿�̃�∩𝐿1≠∅}

)

ℓ∈𝐿1∩𝐿2

∙ ∑ 𝑓ℓ ∙ ( ∑
𝜕𝑓�̃�
𝜕𝑓2

{�̃�:�̃�≠2,𝐿�̃�∩𝐿2≠∅}

) (18′).

ℓ∈𝐿2∩𝐿1

 

 

 

Role of Heterogeneity in OD-Pair Size 

Heterogeneity in the number of commuters from one market puts limitations, I think, on the 
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compactness of the set of flows, undermining the second assumption in the proof of Lemma 2.  

Consider the following alternative definition of the potential function: 

Φ(𝑓) = ∑ (𝑇𝑇ℓ(𝑓ℓ)𝑓ℓ +∑ 𝑇𝑇ℓ(𝑁𝑡𝜎𝑗,𝑡)𝑁𝑡𝜎𝑗,𝑡{𝑗: ℓ∈𝐿𝑗}
)ℓ . (19) 

The following result is due to Rosenthal (1973): 

 

Proposition 2 {Existence of Equilibrium with Heterogeneous OD-pair sizes}: Given the network 

휂, and affine link-level travel time function  𝑇𝑇ℓ, and a set of alternatives J, then the network 

admits at least one equilibrium flow. 

 

Proof (by contradiction): 

Assume that for flow f, a commuter from OD pair t has chosen alternative j, but could decreased 

her travel time by choosing j’ instead yielding a new flow f’. Then: 

0 > 𝑇𝑇𝑗′(𝑓
′) − 𝑇𝑇𝑗(𝑓) = ∑ 𝑇𝑇ℓ(𝑓ℓ + 1)

ℓ∈𝐿𝑗′\𝐿𝑗

− ∑ 𝑇𝑇ℓ(𝑓ℓ). (20)

ℓ∈𝐿𝑗/𝐿𝑗′

 

Consider the impact of this deviation on  Φ(𝑓): For links in 𝐿𝑗′/𝐿𝑗 we add ∑ 𝑇𝑇ℓ(𝑓ℓ + 1)ℓ∈𝐿𝑗′
 to 

the second term in parentheses in (8). For links in 𝐿𝑗/𝐿𝑗′ we remove the term 𝑇𝑇ℓ(𝑓ℓ), while for 

links in both 𝐿𝑗 and 𝐿𝑗′ there is no change in the term. 

It follows that Φ(𝑓) − Φ(𝑓′) = ∑ 𝑇𝑇ℓ(𝑓ℓ + 1)ℓ∈𝐿𝑗′\𝐿𝑗
− ∑ 𝑇𝑇ℓ(𝑓ℓ).ℓ∈𝐿𝑗/𝐿𝑗′

 This expression is 

negative by (11), so Φ(𝑓) > Φ(𝑓′), which means that f’ cannot be an equilibrium flow by 

definition. ∎ 

 

Remark: The proof for proposition 2, requires no assumptions on 𝑇𝑇ℓ(∙) other than it is an affine 
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function. An affine transformation of an affine function remains affine, so it follows that the result 

holds if we relax Assumption 1. 

 

Identification  

Identification is, in principle, possible given the same general conditions stated in Brock and 

Durlauf’s (2006) identification theorem hold. These boil down requiring that the exogenous 

attributes of alternative j (i.e., 𝑋𝑖,𝑗,𝑡) and the social interaction effect (i.e., Ω𝑦𝑖,𝑗,𝑡) are not linear 

dependent. This means both types of effects need sufficient variation among individuals that share 

the same set of interaction effects, and that that variation cannot be collinear between exogenous 

and endogenous attributes.  

 To the extent that the model presented above consists of a non-linear effect from 

overlapping spillovers, this will avoid identification problems related to Manski’s (1993) reflection 

problem. Note that the additional information that allows us to identify the model is the structure 

of the network in terms of which markets overlap with each other. 

 Our framework considers the additional challenge of identification when individual 

choices are not observed. We consider a transportation model, where the data allow us to identify 

choice sets, market sizes and subcomponent demand, but we do not observe which market 

individuals choosing a particular subcomponent correspond to. In practice, this means that we 

observe individuals on a given road, but do not know where they are coming from or going to 

necessarily. In this case, the overlapping nature of social interactions can obfuscate the 

disaggregated (by market) demand pattern. 

The main challenge for identification problems in social interaction models is disentangling the 

relationship between the social interaction effect, 𝑇𝑇ℓ(𝑓ℓ) here and the exogenous choice 
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characteristics, 𝑋𝑗 following Manski (1993). 

Here we invoke the identification theorem of Brock and Durlauf (2006) and apply it to our more 

general model. 

 

Proposition 3 {Identification}: Given the network 휂, and affine link-level travel time function  

𝑇𝑇ℓ, and a set of alternatives J. Given the following: 

1) Sufficient intragroup (neighborhoods to them, OD pairs to us) variation within at least one group 

to ensure that parameters within hi,j are identified for all ℓ. 

2) Sufficient intragroup variation in the social interaction effect,  𝑇𝑇ℓ(𝑓ℓ), such that 𝛼 is identified 

for all j. 

3) Full rank condition: There cannot be collinearity between regressors in 𝑋𝑗 and 𝑇𝑇ℓ(𝑓ℓ)  such that 

the two sets of attributes are indistinguishable, 

4) The set of vectors that define the share differences from an outside good, ml = 𝑇𝑇l − 𝑇𝑇0  do not 

lie in a proper linear subspace of ℝL−1, where L is the number of alternatives. 

It follows then the parameters of the model in (x) are identified. 

Proof (by contradiction): 

The basis for this proof lies in the fact that given sufficient interconnectedness in the network as 

defined above, this allows 𝑇𝑇ℓ(𝑓ℓ) to enter (9) non-linearly, making endogenous social interaction 

effects independent from the exogenous factors.  

Give true parameters of the model in (9), (𝛽, 𝛼) suppose another set of parameters exists (�̃�, �̃�) 

generating the same choice probabilities as the true parameters. It follows then that: 
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ln (
𝜎𝑗
𝜎0
) = 𝑋𝑗

′𝛽 + 𝛼𝑇𝑇𝑗(�̅�) = 𝑋𝑗
′�̃� + �̃�𝑇𝑇𝑗(�̅�). 

But from assumption 1, this can only be the case if 𝛽 = �̃�, and assumption 2 gives that 𝛼 = �̃�. ∎ 

 

Applications 

Transportation 

Our formulation of the multinomial linear aggregate social interactions model lends itself well to 

the transportation context, where a market corresponds to an origin-destination pair, and network 

linkages consist of routes connecting origins to destinations.  

The notion of a social group or an overlap of subcomponents as defined above manifests itself in 

transportation markets as spillovers of congestion from one alternative to another. Figure 9 below 

conveys the setup in a transportation setting that gives rise to the social interaction effect described 

above. The figure depicts two origin-destination pairs, (𝑁𝐴
1, 𝑁𝐵

1) and (𝑁𝐴
2, 𝑁𝐵

2), where for each 

node, N, the sub-script A denotes the origin and B denotes the destination, while the superscript 

denotes a common OD-pair. 

These pairs each have two routes connecting origin to destination (𝐿3 and 𝐿1 − 𝐿7 − 𝐿5 for OD 

pair 1 and 𝐿4 and 𝐿2 − 𝐿7 − 𝐿6 for OD pair 2), where they share one link (𝐿7, drawn in red) in 

common. This extremely simple network can be made more realistic by considering cases where 

𝐿3 and 𝐿4 connect to other additional proximate node pairs, or where there are more than two route 

options exist, but for the purposes of clarity this example suffices. 
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Figure 9: Interconnected Transportation Network Example 

 

Here individuals choose a route that maximizes their utility, where utility includes attributes of the 

route including the travel time, where travel time is determined as a function of the number of all 

individuals entering a given link. From a modeling perspective, this means that the social 

interaction component of indirect utility is captured by the travel time component. In the case of a 

congested transportation model, we can rewrite (3) as in (6) below, where 𝑦𝑖,ℓ will aggregate the 

travel time imposed by each additional traveler using link ℓ, and given the network structure 

possible in a normal urban area, we would expect a large degree of possible overlap: 

 

𝑉𝑖,𝑗 = ∑ (𝑥𝑖,ℓ + Ωℓ,𝑗∫ 𝑇𝑇(
𝑓ℓ

0

𝑥)𝑑𝑥 + 𝜉𝑖,ℓ)

ℓ∈𝐿𝑗

+ 휀𝑖,𝑗  (21), 

 

where 𝑓ℓ is the equilibrium flow (number of commuters) on link ℓ. 

 

In the typical case of transportation modeling at the aggregate level, a final important aspect of 

ambiguity remains, namely that we observe aggregate shares, but do not know which market the 
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flows correspond to. That is the observed data at the link level is equal to the sum across all 

alternatives across all markets that utilize a particular link: 

 

𝑓ℓ = ∑ 𝜎𝑗,𝑡 ∙ 𝑁𝑡
{𝑗: ℓ∈𝐿𝑗,𝑗∈𝐽𝑡}

,   (22) 

 

where 𝜎𝑗,𝑡 is the share of individuals choosing j from market t, and 𝑁𝑡 is the number of individuals 

in market t. We can rewrite (6) in a way that makes the interconnectedness of the network (effect 

of cross-market effects) clear: 

 

𝑉𝑖,𝑗 = ∑(𝑥𝑖,ℓ +Ωℓ,𝑗∫ 𝑇𝑇(
𝑓ℓ,𝑗

0

𝑥)𝑑𝑥 + ∑ Ωℓ,�̃�∫ 𝑇𝑇(
𝑓ℓ,�̃�

0

𝑥)𝑑𝑥

{�̃�:�̃�≠𝑗,𝐿�̃�∩𝐿𝑗≠∅}

+ 𝜉𝑖,ℓ)

ℓ∈𝐿𝑗

+ 휀𝑖,𝑗   (23), 

 

where the first integral sums flows from cars in market t choosing alternative j contributing traffic 

to link ℓ, while the second integral and the summation adds congestion from each alternative 𝑗̃, 

which can be in the choice set for market t or not. The first term corresponds to the direct effect of 

congestion from commuters choosing alternative j, while the second term provides the 

interconnectivity component, which includes any alternative that has an overlap in its set of 

constituent links (i.e., 𝑗̃: 𝑗̃ ≠ 𝑗, 𝐿�̃� ∩ 𝐿𝑗 ≠ ∅). It is also possible to decompose this term further into 

congestion from alternatives in the same choice set (as in Figure 8, Panel A) from the choice set 

of a different market (as in Figure 8, Panel B). 

If we revert to the more general notation from equation (4) and introduce the decomposition from 
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equation (7), we are left with a model that looks like  

 

𝑉𝑖,𝑗 = ∑(𝑥𝑖,ℓ +Ωℓ,𝑗𝑦𝑖,𝑗
𝑒 + ∑ Ωℓ,�̃�𝑦𝑖,�̃�

𝑒

{�̃�:�̃�≠𝑗,𝐿�̃�∩𝐿𝑗≠∅}

+ 𝜉𝑖,ℓ)

ℓ∈𝐿𝑗

+ 휀𝑖,𝑗   (24), 

 

where again, Ωℓ,𝑗𝑦𝑖,𝑗
𝑒  corresponds to the own-market effect, and ∑ Ωℓ,�̃�𝑦𝑖,�̃�

𝑒
{�̃�:�̃�≠𝑗,𝐿�̃�∩𝐿𝑗≠∅}

 

corresponds to spillovers from intersecting markets. If the second term is zero, because 𝐿�̃� ∩ 𝐿𝑗 =

∅ for all 𝑗̃, we are back at the Bayer Timmins model when 𝑦𝑖,𝑗
𝑒 = 𝜎𝑗: 

𝑉𝑖,𝑗 = ∑(𝑥𝑖,ℓ + Ωℓ,𝑗𝜎𝑗)

ℓ∈𝐿𝑗

+ 휀𝑖,𝑗   (24′), 

where, since all alternatives have unique subcomponents sets because of the disjointness of L, we 

can sum over all ℓ: 

 

𝑉𝑖,𝑗 = 𝑥𝑖 + Ω𝑗𝜎𝑗 + 휀𝑖,𝑗   (24′′). 

 

Housing: Overlapping Public Good Jurisdictions 

Open enrollment policies for school districts result in spillovers across schools, consistent with a 

notion of overlapping jurisdictions as in Calabrese, et al. (2006) and illustrated by example in 

Figure 10.  

Here the boundaries for a school district may be different from those of other levels of municipal 

government, such that public goods provided at the county-level versus those provided at the 
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school district level mean that choosing a home in a particular location implies spillovers at 

multiple jurisdictional levels. 

 

 

Figure 10: Interconnectedness in Housing Markets 

 

Housing: Home vs. Work Locations 

If people care about amenities both at home and at their job, then we might expect different spatial 

location interactions based on their division of time and activities across locations. This would 

result in a version of (3) for home and work locations, where the group of agents interacting at 

home locations will be different from those at work locations. Therefore, the choice of a home and 

work location imply selection into more than one group, implying more than one level of social 

interaction. 

 

Education: Peer Effects 

Definitions of peer group can take different hierarchies. A peer group of friends versus being in 

the same grade versus shared extracurricular activities can imply different levels of overlap 

between individuals. The importance of peer effects within each of these groups in terms of 

explaining the link between cognitive and non-cognitive skills and educational outcomes can be 
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confounded by differential spillover effects. 

 

Conclusion 

In this paper we have laid out a framework for understanding the social interactions of agents 

through the framework of network theory. Applying an extremely general framework and set of 

standard behavioral assumptions, we are able to demonstrate conditions for existence, uniqueness 

and identification of equilibria and key demand parameters from a sorting model of agents in a 

network. The key insight emerging from this analysis is the centrality of the degree of 

interconnectedness of the network on the nature of equilibrium outcomes. We then demonstrate 

how this framework nests commonly used frameworks in the social interactions literature as 

special conditions of our more general model. Finally, we suggest some applications of the model 

to instances where a model of the kind presented here would yield revealing insights, particularly 

those where the degree of interconnectedness has important and intuitive context. 
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CHAPTER 3 

THE VALUE OF URGENCY: EVIDENCE FROM CONGESTION PRICING 

EXPERIMENTS** 

 

Introduction 

There are many instances where individuals are likely to exhibit preferences for urgency. We 

define the value of urgency as a discrete willingness to pay to jump a queue, and avoid a penalty 

for failing to meet an important schedule constraint. Examples include the willingness to pay to 

find a donor of an organ critical for survival, willingness to pay for expedited passport processing, 

and an automated trading company’s willingness to pay to be the first to receive proprietary data 

feeds from the New York Stock Exchange.50 While in all these instances the value of urgency must 

be relatively high, the economics profession has to date ignored urgency preferences in their 

inquiry to understand key features of human behavior. 

Urgency preferences are likely to be particularly prevalent in the transportation sector, where 

commuters face large congestion costs in their daily journey to work. Recently, in an attempt to 

improve travel patterns and reduce congestion, policymakers have converted existing High 

Occupancy Vehicle Lanes (HOV) into ExpressLanes, allowing solo drivers access to them upon 

the payment of a toll. In this paper, we take advantage of the introduction of this program in Los 

Angeles, California, to recover the first estimates of commuters’ value of urgency. We demonstrate 

the first-order importance of preferences for urgency, and show using hedonic regression that 

commuters are willing to pay a fixed $3 dollars per trip to access the ExpressLanes, suggesting 

                                                
** Joint work with Antonio M. Bento and Kevin Roth. 
50 In an effort to be the first to receive news and execute trades based on computer algorithms, firms will pay to have close proximity to trading 

servers. Tieman, Ross. 2008. “When Microseconds Really Count,” Financial Times, March 19, 2008. 
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that the value of urgency per trip is roughly 15% of local wages. Since individuals are schedule 

constrained and face discrete penalties for late arrival, a large willingness to pay arises because the 

program allows individuals to purchase the exact time savings necessary for on-time arrival. 

The fundamental insight here is that, because the bulk of the trips in the ExpressLanes have 

surprisingly small time savings (relative to the mainline lanes) and are quite infrequent, the 

behavior of these agents who also have rather large implied willingness to pay per hour for these 

trips seems absurd in light of earlier theoretical models. These models fall into two categories: 

models that are grounded in the concept of value of time, first outlined by Becker (1965), and 

adapted to measure the value of travel time savings. And scheduling models, first introduced by 

Vickery (1969), and formalized in Small (1982) and Arnott, de Palma, and Lindsey (1993), where 

individuals have preferences over schedule delays, and are willing to pay to avoid either early or 

late arrivals. In these models, the preference parameters that reflect the value of time, and costs of 

scheduling delays are measured on a per-hour basis. In contrast, the concept of the value of urgency 

proposed here is a discrete amount, not directly related to the opportunity cost of time or the wage 

rate, but rather a reflection of a potential serious penalty for being late at all.  

When taken to the data, earlier models are rejected as they fail to correctly explain the behavior of 

the majority of drivers. In fact, more than 30% of drivers have willingness to pay to access the lane 

above $100 per hour, which is 5 times the hourly local wage of $20. In sharp contrast, a model 

with a scheduling that includes urgency fits the data extremely well, confirming that what drivers 

value is on-time arrival not minute-by-minute early or late arrival savings. In this sense, the 

concept of the value of urgency is more than just a simple generalization of earlier models, and it 

has fundamental implications for public policy. It is the critical parameter currently missing in any 

congestible infrastructure project evaluation where part of the infrastructure can be priced. In our 
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case, urgency alone accounts for 81% of the toll revenues generated by the program during the 

morning peak, while the portion attributed to travel time savings is less than 19%, and schedule 

delay preferences play at best a rather minor role. Therefore had a congestible infrastructure project 

been evaluated ignoring urgency, it may have failed to pass a cost benefit analysis.  

To recover commuters’ urgency preferences, and illustrate the importance of urgency in cost-

benefit analysis of infrastructure projects we have assembled a rich dataset that combines 

individual level information on ExpressLanes trip speed, distance, and tolls that are linked to 

transponder users, matched with real time data from the Freeway Performance Measurement 

System (PeMS), which reports flow and speed for the HOV and mainline lanes. We use these data 

to calculate the per hour willingness to pay to access the ExpressLanes of trips with different time 

savings, and recover the implied value of urgency. Guided by the data, we then adapt the 

scheduling model presented in Arnott et al. (1993) to include urgency. The introduction of urgency 

in theoretical models allows us to reconcile two key empirical regularities found in the data. First, 

that the willingness to pay per hour to access the ExpressLanes declines with travel time 

differentials across lanes. Second, the percent of individuals late is aligned with the data and much 

smaller than in models without urgency. We then use hedonic regression to estimate the magnitude 

of urgency and the value of time and use account information to control for potentially 

confounding unobservable factors. Finally, we illustrate the importance of urgency for the overall 

welfare and distributional impacts of congestible infrastructure projects by measuring broader 

multi-market effects that the program can potential generate. The effects estimated allow us to 

demonstrate that by allowing ExpressLanes users to stay on time, they avoid urgency costs that 

are one of the most substantial elements in a welfare analysis and are large enough to suggest the 

optimal ordering of agents across lanes may be different than is currently the case.  
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The ExpressLanes Program 

 

On February 23rd, 2013, Los Angeles converted the High Occupancy Vehicle (HOV) lanes on 

the I-10 into a High Occupancy Toll (HOT) facility, as part the ExpressLanes program.51 This was 

the second such conversion in Los Angeles, the first being the I-110 ExpressLanes, which opened 

on November 10th, 2012.52 The goal of the program was to increase the total throughput of these 

roads and to raise funds to maintain the corridors. 

Our study examines the opening of the westbound ExpressLanes on the I-10 running from El 

Monte to downtown Los Angeles as shown in Map 1. The program opened the lanes to Single 

Occupant Vehicles (SOV) who were charged a per-mile toll ranging from $0.10 to $15.00, debited 

from a FasTrak® account linked to a required transponder in the vehicle.53 The ExpressLanes 

program is a level-of-service pricing system that adjusts prices every five minutes to maintain 

maximum throughput. Concerned that excessive traffic would reduce incentives to carpool, 

policymakers mandated a minimum speed of 45 mph and carpools were allowed to continue using 

the ExpressLanes free of charge.54 Our central results focus on the AM peak of the I-10W from 5-

                                                
51 High Occupancy Toll lanes are also found in Orange County, CA as well as the metropolitan areas of Atlanta, Miami, Minneapolis, Denver, Salt 

Lake City, Santa Clara, Oakland, San Diego, Seattle, Houston, Dallas and Washington, DC (TTI, 2014). 
52 We limit the scope of our study from the pre-policy expansion of the HOV lanes on December 1st, 2012 to December 31st, 2013 when drivers of 

Advanced Technology Partial Zero Emissions Vehicles (AT PZEV) were allowed to enter the lane without paying tolls as well. As  of July 1st, 

2011, the yellow Clean Air Vehicle Sticker (CAVS) program was discontinued, which allowed hybrid vehicles to drive as SOV in HOV lanes in 

California. 
53The ExpressLanes function such that once the maximum price is reached the lane is closed to further SOV traffic. The maximum price of $15.00 

was established out of concerns about pricing out low income commuters. This maximum was not attained during the study period. Initially the 

minimum toll was $0.15 but was lowered to $0.10 per mile again based on distributional concerns. Transponder cost involves a roughly $40 deposit 

for the transponder, a minimum account balance of about $10, and a $1 monthly account maintenance fee, with some variation depending on the 

payment method. Transponders can be moved between vehicles as long as each vehicle is registered with the program. 
54 Carpools are required to use a transponder but are not charged when it is set to HOV 3+ during peak times or HOV 2 during off -peak hours. 

FasTrak® transponders associated with the LA ExpressLanes include 3 settings: SOV, HOV-2, and HOV-3+. The first two settings are tolled the 

same rate during peak hours (5-9 AM, 4-8 PM), while only SOV is tolled during off-peak hours (8 PM-5 AM, 9 AM-4 PM). Because SOV and 

HOV-2 are tolled the same amount, we interpret the smaller share of HOV-2 drivers observed in the ExpressLanes during peak hours (11.7%) as 

potentially being the result of vehicles with two occupants leaving the transponder in the SOV setting. 
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9 AM. We restrict most of our attention to this period and direction of travel as the I-10 W has 

historically had high demand for carpooling during peak hours and requires 3 or more occupants 

per carpool from 5-9 AM and 4-8 PM. 

Drivers may enter or exit the ExpressLanes at 6 locations along the I-10 W, indicated with arrows 

on Figure 11. At these entry points drivers see posted toll rates and once a vehicle enters the lane, 

the corresponding toll rate for the vehicle is locked in for the duration of its trip even if the price 

for subsequent vehicles changes.55 A central component to the design of the ExpressLanes on the 

I-10 W was the expansion of a second HOV lane along the freeway, allowing for vehicles desiring 

faster speeds to pass slower ones.56 This second lane was opened almost three months prior to the 

start of the ExpressLanes program on that corridor.  

 

 

Figure 11. I-10W ExpressLanes Design 

                                                
55 Between entry points the ExpressLanes are separated from the mainline lanes by a solid double white lane marker that drivers may not cross. 

Crossing this marker is a moving violation. The program funds cameras at entry and exit points that read license plates to toll vehicles without 

transponders and the California Highway Patrol officers that patrol the road segment. 
56 These capacity expansions are often coupled with toll lane introductions to ensure that there is a passing lane for drivers operating at faster speeds. 

While policymakers understandably include this capacity expansion facilitated by the ExpressLanes revenues as part of the welfare created by the 

project we isolate our study to the conversion of these lanes to an ExpressLanes and discuss the broader impact of this expansion for welfare in the 

appendix. 
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Notes: The I-10W ExpressLanes design includes 5 separately tolled segments along its 10.5 mile stretch West of Downtown Los 

Angeles. The beginning and end of each segment is defined by a transponder detector and license plate scanner at each tolling plaza 

(indicated in the map with an arrow) that identifies vehicles entering and exiting the ExpressLanes.  

 

Data 

 

We have assembled an unusually rich dataset of repeated transaction lane use at both the 

individual and aggregate level. Roadway flow and speed data by lane over 5 minute increments is 

matched to information on individual trip speed, distance, and tolls linked by accounts from all 

transponders used in the ExpressLanes for the period of study. This revealed-preference dataset of 

all purchases for ExpressLanes access, matched with behavior of drivers in both lanes, provides 

an unprecedented level of detail for how consumers trade off time and money. These data allow 

us the ability to observe trips associated with the same transponder account for different price 

levels, levels of congestion, sub-segments of the ExpressLanes, and control for unobservables 

specific to an individual commuter, time-of-day or segment of the corridor. While our analysis 

using these data covers all hours of the day, we focus our study on the morning peak, 5 to 9 AM, 

when drivers faced with congested roads have little discretion to deviate from the average speed 

on the road, which is not true when it is in free flow.  

 

PeMS Data 

 

We obtain speed and flow data publicly provided by the California Department of 

Transportation’s Freeway Performance Measurement System (PeMS). PeMS generates 5-minute 

speed and flow data for HOV and mainline lanes from 30 second loop-detector vehicle counts and 
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occupancy.57 We use data for the 52 detectors along the 10.5-mile road segment of the I-10 W that 

track the ExpressLanes.58 One of reasons we analyze the I-10 W is that it has one of the highest 

detector counts per mile with detectors on average every 0.18 miles. Because missing data is 

occasionally imputed in the PeMS system, we delete any observations with imputation.59  To 

match these observations to each transponder-level transaction, we average speeds from 5-minute 

observations across detectors by sub-segments of the ExpressLanes. While some regressions limit 

the sample of observations considered, our full dataset contains 982,056 observations, of which 

164,744 occur during the AM peak. We also delete weekends and holidays when travel demand is 

substantially different than normal work days.60  

Figure 12 plots average speeds over the hours of the day from December 1st, 2012 until February 

22, 2013. While mean speed in the mainline lanes is in excess of 65 mph for most hours of the day 

it decreases during the morning peak to speeds as low as 45 mph at 7 AM, which is the dominant 

commuting time for this corridor traveling downtown. The HOV lanes are slower during off peak 

hours, because passing is more difficult with fewer lanes, but they maintain a relatively fast 

average speed in excess of 55 mph during the morning peak. The figure also displays the 20th 

quantile of speed, which shows another benefit of the HOV lanes during the morning peak. While 

the 20th quantile of speed in the mainline lanes is 25 mph, the HOV lanes only drop to 45 mph. A 

program that opens the HOV lanes to some mainline traffic using a price may allow individuals 

with a high cost of travel time to enter the lane to reduce their commute time. 

                                                
57 Lane occupancy is the fraction of time the detector is ‘on’ due to the presence of a vehicle. Based on average vehicle length  and this lane 

occupancy measure, the speed of traffic is computed. See PeMS FAQ for more information: 

http://pems.eecs.berkeley.edu/?dnode=Help&content=help_faq. To generate speeds, we average across the four mainline lanes and the two HOV 

lanes. 
58 We exclude all on- and off-ramp detectors. 
59 This is particularly true for the period before the second HOV lane was opened before all data was imputed due to construction.  
60 In the appendix, we report key outcomes related to welfare obtained via regression discontinuity estimation of the program’s effect on average 

flow and several moments of the speed distribution, which uses similar data for the same dates and lanes on the I-210 W, a competing route north 

of the I-10, to control for substitution effects in our regression analysis. 
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Figure 12: Mean and 20th Quantile of Speed by Hour 

Notes: The figure displays the average hourly pre-policy speed detected by PeMS from September 3rd, 2012 until February 22nd, 

2013 in the indicated lane for each hour of the day on the I-10W in the HOV and mainline lanes. Weekends, holidays and 

observations where any of the 30 second observations are missing are dropped 

 

Transponder Data 

 

Repeated transponder transactions data on individual trips is collected by Los Angeles 

Metropolitan Transportation Authority (Metro) and operated by a contract through Xerox. These 

transponders require drivers to choose the number of occupants and records information on times, 

points of entry and exit, as well as the toll charged. Our transponder data spanning the period from 

February 23rd, 2013 to December 31st, 2013, provides information on 7,208,821 trips, which are 

linked to 285,169 transponder accounts.61 Travel time savings in the data are calculated as the 

difference between the distance traveled in the ExpressLanes divided by the mainline speed from 

the PeMS for the corresponding 5-minute interval, minus travel time spent in the ExpressLanes as 

                                                
61 2,859,808 of these trips are taken on the I-10 W with 1,373,901 trips requiring payment. 
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measured to the millisecond by the transponder readers.62 The observed total toll ranges from $0.55 

to $14.70. This variation in price is due to two key features of the program: tolls adjust to maximize 

throughput every 5 minutes and drivers can choose to take sub-segments of the total ExpressLanes. 

This is different than many toll roads with single entry and exit points, and we observe distances 

ranging from 2.7 to 9.7 miles. 

Figure 13 plots the evolution of the price per mile during the peak hours of the morning commute 

(Keeler and Small, 1977). This figure shows that prices build from $0.45 per mile at 5 AM to 

$0.55-$0.80 per mile at 7 AM and dropping again to below $0.50 per mile by 9 AM allowing for 

considerable variation in prices.  

 
Figure 13: Evolution over Time of Toll per Mile by Hour 

Notes: The figure displays the average hourly toll per mile in dollars paid during the morning peak for drivers on the I-10W 

ExpressLanes during the first month, (February 25th, 2013 – March 31st, 2013), the third month (May 2013) and the sixth month 

(August 2013). Trips during weekends and holidays are removed as well as those for vehicles linked to public sector, corporate or 

unknown accounts.  

                                                
62 Because the implied distance traveled is the same for the ExpressLanes and mainline travel time calculations, these measures are fully consistent. 
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Figure 14 plots the total flow data during peak periods and cumulative transponder adoptions 

from December 2012 through July 2013. Transponder adoption continues over time, rising right 

around the opening of each corridor, but leveling out eventually. The flow before the opening of 

the ExpressLanes (from PeMS) is 2,500 3+ carpools, while under the program there are both 3+ 

carpools and paying SOVs.63 Of these, roughly 1,500 SOV drivers entered the lanes on February 

23rd, 2013, and 1,000 3+ carpoolers remained.64 Figure 14 also shows that 3+ carpools and SOVs 

continued to increase over time.65 Although the total flow in the ExpressLanes increases, the 

relative ratio of carpools to SOV drivers remains relatively constant over time. The number of 

carpools did increase by 500 over the next few months but some carpoolers did not return. This 

decrease in demand, coupled with the capacity expansion in December 2012 suggests that the 

ExpressLanes would be in free-flow without the addition of SOVs and well above the minimum 

speed of 45 mph. 66 

 

                                                
63 For simplicity, we use SOV to include 2+ carpools, which are required to pay the full fare during peak hours.  
64 To calculate aggregate flow from individual transponder data requires some processing. Because most trips are not the full 10.5 miles we sum 

the total number of miles and divide by 10.5. To verify the data, we can compare the average flows in the first 20 work days of the program. While 

the PeMS and transponder data are recorded by separate regulatory institutions that count cars in very different ways, we find an exceptional degree 

of alignment between the two sources in the ExpressLanes in the period after the program began. PeMS records a daily average of 2,503 vehicles 

during the peak, while the transponder data implies 2,575 vehicles. See Appendix Table C.3 for further details.  
65 In discussion with authorities they suggest that some of pre-program HOV vehicles that did not return were violators, which are easier to detect 

with the ExpressLanes monitoring equipment. 
66 In this way it is more representative of the average HOV lane in the U.S., which experiences very low demand compared with most HOV lanes 

in LA which are near or beyond optimal capacity during peak hours. 



 

120 

.   

Figure 14: ExpressLanes Flows and Transponder Adoption 

Notes: The dashed line displays cumulative transponder adoption for the entire ExpressLanes program on the I-10 and I-110 in 
both directions. Flow is the number of cars passing the average detector. Carpool and SOV flows on the I-10W ExpressLanes are 
estimated using third order kernel-weighted polynomial smoothing. The vertical line denotes the policy implementation date, 
February 23rd, 2013. ‘SOV Flow’ includes both SOV and HOV-2 flows, while ‘Carpool Flow’ corresponds to vehicles with an 
occupancy of three persons or more. Flow data cover the morning peak hours of work days in the first 10 months of the policy. 
Trips during holidays are dropped as well as those for vehicles linked to public sector, corporate or unknown accounts. Observations 
from PeMS where any of the 30 second observations are missing are also dropped. 

 

Implied Willingness-to-Pay per Hour to Access the ExpressLanes 

In the spirit of Becker (1965), suppose for the time being that drivers pay to access this lane to 

purchase time savings with an opportunity cost of lost wages. We assume that commuters using 

the ExpressLanes value time at 𝛼, and by choosing the ExpressLanes they gain 𝜏 hours. Given an 

observed toll 𝑝, by revealed preference, we will observe agents choosing the ExpressLanes when:  

 

(1)                  𝛼 ∙ 𝜏 > 𝑝 
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To calculate 𝜏 we take the difference of the total time recorded by the transponder and the time 

that would have been required to traverse the same distance at the prevailing mainline speed. We 

omit from our analysis 6.2% of observations where this time differential was negative. The 

infrequency of negative time savings is remarkable and not only speaks to the accuracy of our data, 

but also to how sophisticated these drivers are. Commuters in Los Angeles invest considerable 

energy in optimizing their commutes and there are many resources available to help them to predict 

travel times accurately.67  

In Table 5, we divide trips into deciles of time savings of 46,624 trips per decile, with mean hourly 

time savings, in column II.68  Converted to minutes in column III, they range from 0.39 minutes 

in decile 1 to 11.04 minutes in decile 10. These represent substantial time savings given that it will 

take 9 minutes to these distances at speeds as low as 45 mph. To better understand what factors 

influence the generation of trips, we present statistics detailing the types of trips and drivers in 

Panel A for each decile. Columns IV and V reveal the source of variation in time savings: while 

the HOV lanes maintain a relatively constant speed of 62-67 mph, slower mainline speeds generate 

large time savings. There is relatively little variation across deciles in terms of average trip length 

in miles, column VI, average uses per month, column VII, and average wage in the account 

holder’s zip code, column VIII.  To the extent that sorting does occur, it seems that compared with 

other deciles, drivers in decile 1 use the ExpressLanes for the least distance per trip, 5.8 miles, less 

                                                
67 There is a long history of real time traffic information in Lost Angeles dating back to the 1940s when crashes would be announced over the radio 

by Loyd Sigmon; these reports are still known today as Sig Alerts. The speed data from PeMS as well as other sources is widely available from 

news outlets, and mobile technology like Waze that tracks the speed of users to provide extremely accurate travel time predictions. 
68 These trips are from the full time period February 23rd, 2013 to December 30th, 2013. One may be concerned that classical supply and demand 

endogeneity will arise with an analysis of prices in this market. We note that there is generally very little ability of supply to adjust to prices as road 

capacity is fixed. Transponder adoption by initially displaced HOVs is also unlikely to be influenced by toll prices. The one potential channel of 

adjustment is that some SOV drivers may switch to carpooling as prices rise however we note that carpooling has generally been found to be 

extraordinarily inelastic (Bento, Hughes, Kaffine, 2013) and drivers are not able to make this decision once on the road.  
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frequently, 8.8 times per month, and come from zip codes with the lowest implied wage $19.35.69 

To the extent that heterogeneity exists, decile 1 drivers would be assumed to place the lowest value 

on the ExpressLanes. 

  

                                                
69 The wage is calculated using 2008-12 ACS Census Data information on household income, assuming income is from two individuals working 

2,040 hours annually. 
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Table 5: Trip-Level Statistics by Decile of Travel Time Savings 

I II III IV V VI VII VIII 

Panel A. Summary Statistics           

  Time Savings           

Decile of 

Time 

Savings 

in 

Hours 

in 

Minutes 

Average 

Express- 

Lanes\HOV 
Speed in MPH 

Average 

Mainline 

Speed in 
MPH 

Average 

Distance 

Traveled in 
Miles 

Average 

Uses per 

Month 

Average 

Hourly Wage 

in Zip Code 

1 0.01 0.39 65.3 60.3 5.8 8.8 $19.35  

2 0.02 1.01 67.4 55.9 6.1 9.5 $19.40  

3 0.03 1.66 66.6 50 6.2 9.8 $19.47  

4 0.04 2.37 66.1 44.7 6.1 9.9 $19.47  

5 0.05 3.11 66 40.6 6.1 9.8 $19.65  

6 0.06 3.88 65.8 37.7 6.3 9.9 $19.71  

7 0.08 4.69 65.5 34.6 6.3 9.8 $19.73  

8 0.09 5.64 64.7 32.7 6.7 9.8 $19.76  

9 0.12 6.95 63.8 30.9 7.3 9.8 $19.79  

10 0.18 11.04 62 25.8 8.1 9.6 $20.00  

Average 0.07 4.08 65.3 41.3 6.5 9.7 $19.63  

                

Panel B. Willingness-to-Pay           

  Time Savings   Average WTP per Hour 

Decile of 
Time 

Savings 

in 
Hours 

in 
Minutes 

Average Toll 
Paid 

Full Time 
Period 

February & 
March 

June September 

1 0.01 0.39 $3.20  $1,977  $1,730  $1,910  $1,220  

2 0.02 1.01 $3.10  $190  $147  $242  $134  

3 0.03 1.66 $3.12  $115  $94  $158  $86  

4 0.04 2.37 $3.17  $81  $72  $116  $66  

5 0.05 3.11 $3.29  $64  $55  $85  $55  

6 0.06 3.88 $3.57  $55  $45  $70  $48  

7 0.08 4.69 $3.81  $49  $39  $62  $44  

8 0.09 5.64 $4.15  $44  $34  $56  $41  

9 0.12 6.95 $4.49  $39  $29  $46  $38  

10 0.18 11.04 $4.95  $28  $25  $40  $28  

Average 0.07 4.08 $3.69  $264  $227  $278  $176  

Notes: Unless otherwise indicated, all data cover work days for the morning peak (5-9 AM) from February 25th, 2013 

until December 30th, 2013. ‘Time Savings’ is the travel time saved by driving in the ExpressLanes over the mainline lanes, 

calculated from Metro transponder information on vehicle distance traveled and speed compared with the speed recorded by PeMS 

in the mainline lanes. ‘Average Hourly Wage in Zip Code’ is calculated based on the reported zip code for each transponder and 

2008-12 ACS Census average zip code data, assuming an assumed average household with two wage-earners and 2,040 working 

hours per year. ‘Average Uses per Month’ excludes the first month that a transponder appears in the data to control for learning 

behavior. Trips with zero distance traveled and the 6.2% of observations with negative time saving are removed. Transponders 

registered to public sector, corporate or unknown accounts are dropped. Observations from PeMS where any of the 30 second 

observations are missing are also dropped. Each decile for the full time period contains 46,624 trips, for February and March 

contains 3,261 trips, for June contains 4,615 trips and for September contains 7,001 trips. 
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In Panel B we use the revealed preference approach to examine the implied Willingness-to-Pay 

(WTP) per hour of travel time savings. The average total toll is reported in column IV which is 

$3.69. The implied WTP per hour is reported by decile of time saving in column V. The variation 

is remarkable. For the lowest decile of time savings, 0.39 minutes, the implied WTP per hour, 

assuming people are purchasing time savings, is $1,977.44. By contrast those for the longest time 

differential of 11 min approach $28.47 per hour, a value larger than the local median wage. These 

extraordinary values for small time savings are not a temporary aberration and occur in the first 

month of the program at $1,730 per hour as well as six months later in September at $1,220 per 

hour. This pattern is also echoed in the hyperbolic shape of Figure 15 panel A.  At first glance it 

may seem possible that this very high WTP per hour is the result of a small subset of peculiar 

individuals who clear the market at unusual levels. In Figure 15 panel B we plot the quantity of 

trips at each time savings level. We find that not only are these small time savings trips common 

but they form the bulk of all uses. In particular the behavior of agents saving small amounts of 

time seems absurd given most value of time measures. This pattern is puzzling because, if nothing 

else, we would expect the opposite pattern: that drivers with a high WTP per-hour would use the 

road for more time, longer distances, and more frequently. Indeed, a major distributional concern 

surrounding these lanes is that they are ‘Lexus Lanes’, only used by the rich. Given this striking 

pattern in the data we turn to theories of time use and scheduling to reconcile these findings with 

alternative theories that model the behavior of commuters. In doing so, we are the first to provide 

an empirical validation of these models that relies on data that captures the actual behavior of 

drivers as opposed to behavior solicited by surveys. 
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Figure 15: Willingness-to-Pay per Hour and Demand for Trips in the ExpressLanes 

Notes: Panel A displays our lower bound estimate of willingness-to-pay for use of the ExpressLanes calculated using kernel-

weighted local polynomial smoothing for the ratio of the total toll paid for each trip over the travel time difference between the 

mainline lanes and the ExpressLanes. Panel B displays the smoothed distribution of the trip-level travel time difference between 

the mainline lanes and the ExpressLanes. The smoother for both panels uses an Epanechnikov kernel with a bandwidth of 0.05. 

Travel times are calculated based on mainline speeds from PeMS and ExpressLanes time stamps and the actual distance traveled 

for each trip in the ExpressLanes. Both panels are generated using trip-level transponder data for the morning peak hours of work 

days in the first 10 months of the policy, excluding holidays. Panel A considers (for illustrative purposes) only trips for travel time 

difference greater than 90 seconds, while panel B considers the entire travel time distribution. An unrestricted version of panel A 

can be found in Appendix C. Trips with zero distance traveled and the 6.2% of observations with negative time saving, are removed. 

Transponders registered to public sector, corporate or unknown accounts are dropped. Observations from PeMS where any of the 

30 second observations are missing are also dropped.  
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Theory of Value of Urgency 

When measuring the benefits of road infrastructure projects, the literature relies on two classes of 

models. The first are models that quantify the value of travel time savings, which depend on the 

concept of value of time, first introduced by Becker (1965). The second are models of the journey 

to work that, in addition to travel costs, explicit consider scheduling costs (Small 1982, Arnott de 

Palma, and Lindsey 1990). 

Broadly speaking, there are two potential ways of thinking about scheduling costs. First, 

scheduling costs of the form of a schedule delay cost, defined as per hour losses, and directly 

linked with the opportunity cost of time measured by the wage rate. For example, a loss in hourly 

wage depending on the number of minutes an individual arrives late or early at work. Second, 

scheduling costs of the form of a schedule constraint cost, defined as a ‘one-time’ cost of late 

arrival, a cost not necessarily linked with the wage rate and lost time.70 The fundamental difference 

between a schedule delay cost and a schedule constraint cost is that the later does not increase with 

the total delay. A priori, there may be little reason to suspect that scheduling costs take a particular 

structure. However, to date, the literature has focused on schedule delay costs, and ignored 

schedule constraint costs. As we shall see below, in general, models that only consider schedule 

delay costs fit our data poorly. In contrast, a schedule constraint model allow individual to have 

preferences for urgency, and when presented to pricing options have the opportunity to ‘purchase’ 

just the time they need to avoid a penalty for failing to arrive on time. 

In this section we provide an overview of competing models that formalize the behavior of 

commuters, with the goal of testing their ability to explain key patterns found in the data. We begin 

                                                
70 Other examples would include billing for services, like time with a lawyer or doctor, that began at a given time irrespective of actual arrival time, 

or cases where fines for late pickup of an item or child from daycare were perfectly prorated. 
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with models that consider the behavior of a representative agent, given the lack of heterogeneity 

across the different deciles in demographic, vehicle and trip characteristics documented in Table 

5.71 Below, we also discuss how heterogeneity can affect our central findings. 

 

Value of Time and Travel Time Savings 

The concept of value of time is credited to Becker (1965), with later important refinements applied 

to a transportation setting by Johnson (1966) and DeSerpa (1971). This concept has been at the 

heart of infrastructure project evaluation. In the classical Becker model, consumers face both a 

time and monetary constraint. The key insight of the Becker model is that, when the agent 

optimizes her choice of work and leisure hours, the shadow value of time becomes the hourly 

wage. Johnson (1966) notes that this must be discounted by the disutility of work. There is a fairly 

broad agreement that the value of time of time is roughly half of the wage (Small, 2012).72 

Consider a route with a free flow HOV lane that allows for a travel time differential relative to a 

mainline of τ hours. When the HOV lanes are converted into ExpressLanes, mainline drivers may 

enter the ExpressLanes at a toll 𝑝. A mainline driver would start using the ExpressLane whenever 

the travel time differential between the two lanes satisfies: 

 

(2)             𝛼 > 𝑝/𝜏 

 

Where α denotes the value of time. Although trivial, the implications of using the value of 

time as the central statistic for infrastructure project evaluation are surprisingly restrictive. First, 

                                                
71 Further detail, including three most common vehicle models by decile, is given in Appendix Table C.2.  
72 This regularity was found as early as Lave (1969). Other notable estimates in this range include Small (1982) and Deacon and Sonstelie (1985), 

while Calfee and Winston (1998) found values closer to 19% of the local wage. 
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the marginal willingness to pay per hour to access the ExpressLanes is constant in the time 

differential between the lanes. Second, if there is heterogeneity in wages, higher value of time 

individuals are expected to use the lane nearly every day for the full commute length. As we shall 

see below, neither of these two implications hold in the data, seriously questioning the credibility 

of the model. 

 

Scheduling Models 

The second type of model, which explicitly incorporates scheduling, builds on the work by Vickery 

(1969), first formalized by Small (1982) and Arnott et al. (1990, 1993, 1994). Here we briefly 

review the Vickrey bottleneck model using the framework of Arnott et al. (1990, 1993, and 1994). 

We focus exclusively on the essential features of the model needed to understand the key results 

that guide much of the discussion in later sections. 

Basic Assumptions—𝑁 identical individuals travel from home to work. 𝑁 is assumed to be fixed, 

and trip demand is completely inelastic. Travel is uncongested except at a bottleneck with a 

capacity of 𝑠 cars per unit of time. If the arrival rate at the bottleneck exceeds 𝑠, a queue develops. 

Travel time from home to work is:73 

 

(3)       𝑇(𝑡) = 𝑇𝑓 + 𝑇𝑣(𝑡) 

 

  Where 𝑇𝑓is free-flow travel time, 𝑇𝑣(𝑡) is variable travel time and 𝑡 is departure time from home.  

Let 𝐷(𝑡) be the queue length (i.e, number of cars). Then, a driver that departs at time t faces a 

                                                
73 Without loss of generality, we assume that 𝑇𝑓equals zero. Thus, an individual arrives at the bottleneck as soon as he leaves home and arrives at 

work immediately upon leaving the bottleneck. 



 

129 

queuing time equals queue length divided by bottleneck capacity: 

 

(4)         𝑇𝑣(𝑡) =
𝐷(𝑡)

𝑠
 

 

With 𝑟(𝑡) denoting the departure rate function from home, and �̂� the most recent time at which 

there was no queuing, then: 

 

(5)      𝐷(𝑡) = ∫ 𝑟(𝑢)𝑑𝑢
𝑡

�̂�
− 𝑠(𝑡 − �̂�) 

 

All individuals have preferred arrival time 𝑡∗. The private travel cost function is taken to be linear 

in travel time and schedule delay, measured by time early or time late74: 

 

(6) 𝐶(𝑡) = 𝛼𝑇𝑣(𝑡) + 𝛽(𝑡𝑖𝑚𝑒 𝑒𝑎𝑟𝑙𝑦) + 𝛾(𝑡𝑖𝑚𝑒 𝑙𝑎𝑡𝑒) 

 

Where α is, as before, the value of time, β is the per-hour unit cost of arriving early at work, and γ 

is the per-hour unit cost of arriving late at work. Consistent with empirical literature (Small, 1982), 

we assume that 𝛾 > 𝛼 > 𝛽. We refer to 𝛽(𝑡𝑖𝑚𝑒 𝑒𝑎𝑟𝑙𝑦) + 𝛾(𝑡𝑖𝑚𝑒 𝑙𝑎𝑡𝑒) as the value of schedule 

delay costs.75 

Each individual decides when to leave home. In doing so, (6) implies that the individual trades off 

travel time and schedule delay. In addition, individuals are assumed to have full information about 

                                                
74 Consistent with the literature, we assume that the travel cost function is linear for analytical exposition. In the empirical  section below, we 

generalize this function. 
75 Note that time early equals 𝑀𝑎𝑥 [0, 𝑡∗ − 𝑡 − 𝑇𝑣(𝑡)], and time late equals 𝑀𝑎𝑥 [0, 𝑡 + 𝑇𝑣(𝑡) − 𝑡∗] 



 

130 

the departure time distribution.76 Equilibrium in the bottleneck model is achieved when no 

individual can reduce her travel costs by altering her departure time, taking all other drivers’ 

departure times as fixed.  

Graphical Representation of the Bottleneck Equilibrium—The equilibrium is depicted in Figure 

16. The beginning of the rush hour is denoted by 𝑡𝑞 (that is, the departure time of the first 

individual), and 𝑡𝑞′ the end of the rush hour. Let �̃� represent the departure time of the individual 

that arrives just on-time (at 𝑡∗). Agents who depart after �̃� arrive late. Conversely, agents who 

depart before �̃� arrive early. Therefore, the individual who departs at �̃� is the only individual who 

faces no scheduling costs.  The vertical distance between the cumulative departures schedule and 

the cumulative arrivals schedule is queue length in cars and the horizontal distance is travel time 

(denoted as D(𝑡′) and 𝑇𝑣(𝑡′), respectively, in the figure). Cumulative departures for agents who 

arrive before 𝑡∗are shown in segment AB (with slope 
𝛼𝑠

𝛼−𝛽
).77  For agents who will arrive after 𝑡∗, 

cumulative departures are given by BC (with slope 
𝛼𝑠

𝛼+𝛾
). In turn, cumulative arrivals are displayed 

by AC, which rise with slope 𝑠. The maximum travel occurs for the agent who departs at �̃�, and 

arrives exactly at 𝑡∗. The queue builds up at a constant rate from 𝑡𝑞, when the first individual 

leaves, until �̃�. The queue then dissipates, again at a constant rate, reaching zero at 𝑡𝑞′when the last 

person departs. 

Since the first individual to depart at 𝑡𝑞 and the last individual to depart at 𝑡𝑞′incur only schedule 

delay costs, the following must hold in equilibrium: 

                                                
76 While this assumption may not always be realistic where traveling to an unfamiliar location ours is a setting where drivers commute regularly, 

have a wide range of traffic information and are making a decision having already observed congestion. 
77 To calculate the slope of segment AB note that, the cost of an early arrival trip is 𝛼𝑇𝑣(𝑡) + 𝛽[𝑡∗ − 𝑡 − 𝑇𝑣(𝑡)]. Total differentiation of (4) and 

(5) with respect to 𝑡 and using (4), it follows that 𝑟(𝑡) =
𝛼𝑠

𝛼−𝛽
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(7)       𝛽(𝑡∗ − 𝑡𝑞) = 𝛾(𝑡𝑞′ − 𝑡
∗) 

 

Further, since the bottleneck operates at capacity throughout the rush hour, and the length of the 

rush hour is 
𝑁

𝑠
: 
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Figure 16: Conceptual framework for Reliability from Bottleneck Model, with and 

without Urgency 

Notes: The figures depict the behavior of individual commuters during a daily commute in the bottleneck model. Panel A describes 

the bottleneck model with only per-hour penalties for being early or late, while Panel B describes the behavior of individuals with 

indirect utility that includes a discrete cost for being late associated with urgency. Solid lines along the triangle refer to the 

boundaries of the queue formed at various points of the peak. The vertical dashed line refers to the preferred arrival time t*, while 

tq and tq
′  refer to the beginning and end of the bottleneck, respectively. Horizontal distances between the solid lines, denoted by 

Tv(t) in Panel A, refer to time spent in the queue, while vertical distances, denoted by D(t), refer to the mass of individuals in the 

queue at a given time. The distance EF in Panel B refers to the later shift in the mass of departures as a result of urgency.   
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(8) 𝑡𝑞′ = 𝑡𝑞 +
𝑁

𝑆
 

 

These imply that the first person leaves home at: 

 

(9)         𝑡𝑞 = 𝑡
∗ −

𝛾

𝛽+𝛾

𝑁

𝑠
 

 

And the last individual leaves at: 

 

(10)       𝑡𝑞′ = 𝑡
∗ +

𝛽

𝛽+𝛾

𝑁

𝑠
 

 

The peak individual, who arrives at exactly 𝑡∗ , leaves home at �̃�: 

 

(11)          �̃� = 𝑡∗ −
𝛽

𝛼

𝛾

(𝛽+𝛾)

𝑁

𝑠
 

 

And the resulting fraction of late individuals in this model is given by: 

 

(12)          
𝛽

𝛽+𝛾
 

 

which with the standard ratio of parameters from the literature 𝛽: 𝛾 = 1: 4 would imply that twenty 

percent of individuals would be late. 
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Implications of the Bottleneck Model with Schedule Delays—So far we have only considered the 

possibility that the road is a single lane that is congested during the rush hour. We now allow for 

the possibility that the road also has free flow ExpressLanes, and consider the case of a solo driver 

who can pay a toll. If it is always the case that 𝜋 > 𝛼𝑇𝑣(𝑡) + 𝛽(𝑡∗ − 𝑡) for 𝑡 ∈ [𝑡𝑞, �̃�], then no 

early drivers are willing to pay the toll. In contrast, for an individual who is late and arrives at time 

𝑡̿, the willingness to pay to access the ExpressLanes and arrive on time is (𝛼 + 𝛾)(𝑡̿ − 𝑡∗). 

Therefore, and contrary to the pattern found in Figure 15, the willingness to pay per hour to access 

the ExpressLanes would simply be 𝛼 + 𝛾, a constant that at best can only approximate the behavior 

of individuals for which the time differential between the mainline and HOV lane is relatively 

high.  

 

Bottleneck Models with Scheduled Constraint and the Value of Urgency 

We now generalize the Arnott et al. (1993) model to explicitly consider a schedule constraint, 

which in turn allows individuals to reveal preferences for urgency. In the presence of a schedule 

constraint, the private costs of a trip become: 

 

(13)        𝐶(𝑡) = 𝛼𝑇𝑣(𝑡) + 𝛽(𝑒𝑎𝑟𝑙𝑦 𝑡𝑖𝑚𝑒) + 𝛾(𝑙𝑎𝑡𝑒 𝑡𝑖𝑚𝑒) + 𝛿(𝑏𝑒𝑖𝑛𝑔 𝑙𝑎𝑡𝑒) 

 

We refer to 𝛿 as the value of urgency. As before, we can proceed to find the first and last individual 

in the rush hour, and the peak individual who arrives just on time. Similarly to (7), the first and 

last drivers must be indifferent, leading to: 

 

(14)        𝛽(𝑡∗ − 𝑡𝑞) = 𝛾(𝑡𝑞′ − 𝑡
∗) − 𝛿 
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And (8), (9), and (10) become: 

 

(15)        𝑡𝑞 = 𝑡
∗ −

𝛾

𝛽+𝛾

𝑁

𝑠
−

𝛿

𝛽+𝛾
 

 

(16)        𝑡𝑞′ = 𝑡
∗ +

𝛽

𝛽+𝛾

𝑁

𝑠
−

𝛿

𝛽+𝛾
 

 

And 

 

(17)        �̃� = 𝑡∗ −
𝛽

𝛼

𝛾

𝛽+𝛾

𝑁

𝑠
−
𝛽

𝛼

𝛿

𝛽+𝛾
 

 

The introduction of a scheduling constraint alters the equilibrium in several important ways. First, 

rush hour starts and ends earlier by 
𝛿

𝛽+𝛾
.  The individual that arrives just on time also leaves earlier 

in a schedule constraint model, but only by 
𝛽

𝛼

𝛿

𝛽+𝛾
. As a result, the cumulative departures up to �̃� 

are substantially higher than in a model without a schedule constraint. Perhaps more interestingly, 

the presence of a discrete penalty for being late causes the queue to immediately dissipate after �̃�. 

In fact, by virtue of the Nash equilibrium there will be a time period immediately after �̃� for which 

no new drivers enter the queue. Consider hypothetically a driver that could have chosen to depart 

at �̃� + 휀, as 휀 converges to zero in the limit one can ignore schedule delay costs. It is easy to 

demonstrate that: 
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(18)       𝛼(𝑡∗ − �̃�) ≠ 𝛼(𝑡∗ − (�̃� + 휀)) + 𝛿 

 

precisely because of the presence of the discrete penalty for being late, the next individual to depart 

after �̃� will only depart at: 

 

(19)        �̆� = �̃� +
𝛿

𝛼
. 

 

After �̌� the queue starts building again. The intuition is rather simple. Since individuals that fail to 

depart by �̃� will be late and incur a cost of 𝛿, it becomes optimal for some of them to actually 

depart later, creating a discontinuity in the second segment of the peak. The equilibrium is depicted 

in Figure 16 panel B. 

We also note that the introduction of 𝛿 fundamentally alters the prediction of the fraction of 

individuals that are late in the model. This becomes: 

 

(20)          
𝛽

𝛽+𝛾
−
𝛿
(𝛽+𝛾)⁄

𝑁
𝑠⁄

 

 

As discussed in the next section, with our estimate of 𝛿 = $3, lower values of 𝛽 and 𝛾 and a rush 

hour of 4 hours, the percent of late individuals will decrease to about 7% 

. 

Implications of the Bottleneck Model with a Schedule Constraint—Now consider a road with free 

flow ExpressLanes. Assuming that the toll is higher than 𝛼 − 𝛽, no early drivers are willing to pay 

the toll and late drivers continue to use the mainline lanes until the last possible second that 
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switching to the ExpressLanes will get them to their destination at time 𝑡∗. An agent who leaves 

at time t will be willing to pay (𝛼 + 𝛾) ∙ [(𝑡 + 𝐷(𝑡)𝑠) − 𝑡∗] + 𝛿 to avoid mainline travel of [(𝑡 +

𝐷(𝑡)𝑠) − 𝑡∗]. This individual will use the mainline lanes until time almost 𝑡∗ and then pay the toll 

to arrive at 𝑡∗. That is, if this individual saves 𝜏 minutes, her willingness to pay is 𝛿 + (𝛼 + 𝛾)𝜏 

implying a WTP per hour of 𝛿/𝜏 + (𝛼 + 𝛾). 

A major insight of including urgency in the bottleneck model is that the resulting willingness to 

pay her hour is declining in τ, the time differential between lanes giving rise to the shape of the 

distribution of willingness to pay found in Figure 15 panel A.  

 

Empirical Evidence for the Value of Urgency 

Empirical Strategy 

Total toll paid is regressed on a constant and a function,  f, of the expected travel time difference 

between the mainline lanes and the ExpressLanes: 

(21)   𝑇𝑂𝐿𝐿𝑖,𝑠,𝑡 = 휃0,𝑡 + 휃1,𝑡𝑓(𝑇𝑟𝑎𝑣𝑒𝑙𝑇𝑖𝑚𝑒𝑆𝑎𝑣𝑒𝑑𝑠,𝑡) + 휃2𝑋𝑖,𝑠,𝑡 + 𝜇 + 𝜉𝑖 + 휀𝑖,𝑠,𝑡 . 

 

Here i indexes individual commuters, t indexes time of day by peak, off-peak, and weekends, and 

s indexes sub-segments of the ExpressLanes corridor. The travel time saved on segments s is 

calculated as discussed in the previous section. The coefficient of interest, 휃0,𝑡, will be the estimate 

of the value of urgency, which may vary by time of day.. In our baseline specification, 

TravelTimeSaved enters the regression linearly, multiplied by a parameter 휃1,𝑡 which will include 

value of time, 𝛼, and schedule delay late costs, 𝛾.78 Theory does not dictate the shape of 𝑓 and we 

                                                
78 Because early drivers are unlikely to use the ExpressLanes we cannot identify β.  
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also examine the fit of higher order terms (Cropper, Deck, and McConnell, 1988).  Other trip 

characteristics are included in vector 𝑋. Because we pair a segment with the nearest mainline 

detector to measure these speeds we cluster the standard errors by segment.79 

Least-squares estimation is consistent if the explanatory variables are exogenous conditional on 𝜇 

and 𝜉𝑖, that is 

 

(22)           𝐸{휀𝑖,𝑠,𝑡|𝑋𝑖,𝑠,𝑡, 𝑇𝑟𝑎𝑣𝑒𝑙𝑇𝑖𝑚𝑒𝑆𝑎𝑣𝑒𝑑𝑠,𝑡 , 𝜇, 𝜉𝑖} = 0. 

 

After including covariates there may remain unexplained variation in the total toll paid because 

many of the characteristics that determine the value of a trip could be unobserved. We allow this 

unobserved variation to take the form of lane-specific unobservables 𝜇, common to all drivers, as 

well as individual-specific unobservables, 𝜉𝑖. An appealing feature of panel data in hedonic models 

is that it is possible to link individuals across different sales to control for time-invariant 

unobservables (Davis, 2004; Figlio and Lucas, 2004; Brown, 1980). 80 However, an individual 

fixed effect will eliminate individual-specific, time-invariant urgency. We can, however bound the 

minimum time-varying urgency at the morning peak when urgency is likely to be highest by 

introducing an account fixed effect. Punishment for late arrival can occur outside of the morning 

peak81 but peak commuting is likeliest to consist of work commutes with set start times and a large 

potential punishment for late arrival. Restricting our sample to individuals who use the 

                                                
79 In Appendix Table C.9 we examine other levels of clustering including two-way clustering (Cameron, Gelbach, and Miller, 2011) to address the 

spatial and temporal correlation (Anderson, 2014). Of these, clustering at the segment level produces the largest standard errors. 
80 In hedonic applications there is often the concern for unobservable characteristic of both the product and the buyer. Applications in the housing 

market often make use of house- or neighborhood-level fixed effects to remove unobserved covariates of the product. Unobservable characteristics 

of the buyer tend to be a larger concern in recovering the value of a statistical life, where employees who accept risky jobs may differ from those 

choosing safer jobs (Viscusi and Aldy, 2003) which can be removed with an individual fixed effect.  
81 Examples include missing the beginning of shift work, airline flights, picking up children from school or daycare, restaurant or entertainment 

reservations, and business meetings. 
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ExpressLanes during the morning peak and the weekend we use the weekend trips as a control to 

remove the influence of 𝜇 and 𝜉𝑖 on our estimated coefficients. For any remaining omitted variable 

to explain our findings it would need to exist during peak hours irrespective of road speeds and be 

absent during trips during the weekend. 

In the vector of observables, 𝑋𝑖,𝑠,𝑡, we also introduce a measure of reliability of travel time. 

Reliability is often highlighted in the transportation literature as a willingness to pay for certainty 

in travel time. Purchasing access to the ExpressLanes may act as a form of insurance against the 

possibility of extremely long travel times as measured by the difference between the median and 

the 20th quantile of speed over the segment in that month (Brownstone and Small, 2005). 

 

Results 

Initially we focus on the morning peak when we would expect drivers to be the most schedule 

constrained. Table 6 reports the least-squares estimation of the value of urgency during the 

morning peak.82 In column I, our specification that most closely follows the bottleneck model,83 

both the constant and time coefficient are statically significant at the 1% level. The estimate of the 

constant shows that commuters are willing to pay a fixed $2.94 for the use of the ExpressLanes, 

regardless of how much time is actually saved. With an average toll of $3.65, urgency represents 

81% of the total toll. The estimated coefficient on the time saved is $11.05 in column I.84 

                                                
82 The morning peak is when 51.8% of all ExpressLanes trips occur and 69.3% of all revenue is collected. While this period of time is the most 

congested, it represents 26.1% of the total daily flow as other times of day carry large amounts of traffic at faster speeds. This congestion is also 

helpful in assuring measurement accuracy because average mainline speed may not reflect the actual speed of the driver if traffic is sufficiently 

low. During off peak times drivers may be able to pass and have a lower travel time in the mainline lanes than would be implied by the average 

speed. 
83 Another confirmation that individuals are optimizing over trip length as discussed in the bottleneck model is that as drivers’ exit times grow later, 

they chose longer segments of the ExpressLanes. In Appendix Table C.18 we regress distance on exit time and other covariates finding that their 

average distance grows by 0.25 miles for each hour later they are. While imperfect this regression demonstrates that their choice seems dependent 

upon on their schedule. Other statistics on segment choice are given in Appendix Tables C.6 and C.15. 
84 In Appendix Table C.14 we examine the robustness of our results to possible design and measurement errors. We find that the most problematic 

errors are if all travel time savings are consistently under-measured by 14 minutes. We observe no trips of even 7 minutes in lost travel time. If the 

measured mainline lanes speed is randomly generated we will find a statistically significant constant; however, the explanatory power will be much 

lower than we find in our regressions. In Appendix Table C.6 we present an entry-exit matrix of trip use, which suggests a large number of drivers 
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In column II we allow for a quadratic in time savings to examine the possibility that our estimated 

constant is due to the assumption of linearity in travel time savings.85 Using this more flexible 

functional form, the estimated constant changes only slightly to a statistically significant $2.82.86 

As can be noted from the AIC and BIC, this does improve the fit but to a very small extent.87 We 

compare this result to a model estimated in column III where the constant is restricted to be zero. 

This regression would suggest drivers value travel time savings at $37.59 and the fit is substantially 

worse than the model estimated in column I that includes the constant.88 The fit is improved with 

the addition of a quadratic term, in column IV, but it is still inferior to the models that include a 

constant.89  

In columns IV through VI, we introduce a measure of reliability (Brownstone and Small, 2005; 

Small, Winston, and Yan, 2005) to capture this preference for certainty in arrival time. The 

minimum speed restriction of the ExpressLanes may allow drivers to avoid the unreliability of the 

mainline lanes. We find that this decreases our estimate of the constant to $2.60 and the estimated 

coefficient on travel time savings to $7.30 but these estimates are statistically indistinguishable 

from our base specification in column I. These estimates show that consumers place a relatively 

high valuation on reliability, $32.09 for each hour of difference between the 50th and 80th quantile 

                                                
enter at the first possible toll entry. In Appendix Table C.15 we display segment-level regressions clustered at the week level. Five of the seven 

sub-segments with a substantial number of trips display coefficients that are similar to the full regression. The two outliers (segments 10 and 17) 

display much lower travel time savings coefficients with very low R-squared indicating mainline lanes speeds may not be an accurate reflection of 

travel time savings for these particular sub-segments. 
85 In Appendix Table C.11 we examine other nonlinear models that recover similar estimates of the constant.  
86 While the time saving terms are not individually significant, they are jointly significant at the <.1% level.  
87 In Appendix Table C.16 we present evidence that there may be heterogeneity in urgency by examining off-peak times of day, weekends, and 

other routes. Off-peak times of day generally display a lower value of urgency, although the parameter remains above $0.70 for all regressions. 
88 There is an additional conceptual issue with assuming a model without urgency. In Table 1 panel B, the 11,216 accounts that g enerate these 

46,624 trips would have a VOT of $1,977 per hour. The wage required to induce this VOT would imply an annual income of nearly $8 million per 

year. Reducing this WTP per hour by two-thirds, assuming that this value is inflated by γ, would only reduce the VOT to $659.12 per hour implying 

an annual income of $2.69 million. This result seems at odds with the fact that these drivers come from lower average income zip codes than other 

deciles and that the car makes and models most common in this decile are the Honda Accord, Honda Civic and Toyota Camry.  
89There is an additional concern with this model that the estimate of the squared term on travel time saved indicates that in the range of travel time 

savings we observe, drivers face lower total costs from longer delays than shorter ones. It is difficult to justify costs that decline in travel time in a 

theoretical model. While models with a declining, but positive marginal cost function as in column II seem possible, it is very difficult to find a 

setting where the penalty for late arrival would follow this negative marginal cost structure. In Appendix Table C.11 we examine polynomials up 

to the 5th order, which always contain regions where total cost is decreasing as the delay increases. While models with a constant such as that in 

column VI also have negative terms, the decreasing portion of the cost function falls outside of the range of time savings we observe in our data. 
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of travel time in column I; however, with the mean reliability of 0.018 hours, this accounts for 

only $0.58 of the WTP for access to the ExpressLanes for these trips. Because reliability may 

motivate a driver to use the ExpressLanes even when they are slower than the mainline lanes, in 

column VI we retain the trips with negative travel time. We find that including these trips does not 

change the estimated parameters. 

 

Table 6: Regression of Total Toll on Time Differentials 

  I II III IV V VI 

Constant 2.94*** 2.82***     2.60*** 2.66*** 

  (0.50) (0.36)     (0.46) (0.40) 

Time in hours 11.05*** 14.49 37.59*** 62.27*** 7.30** 6.50* 

  (3.03) (9.32) (3.94) (9.12) (2.78) (3.34) 

Time in hours2   -15.07   -158.39***     

    (27.65)   (18.82)     

Reliability         32.09*** 32.71*** 

          (6.65) (7.00) 

Trip Restriction >0 Minutes >0 Minutes >0 Minutes >0 Minutes 
>0 

Minutes 
None 

Number of Obs. 466,232 466,232 466,232 466,232 466,232 496,839 

AIC 1,655,287 1,653,423 2,106,127 1,951,494 1,598,105 - 

BIC 1,655,310 1,653,456 2,106,138 1,951,516 1,598,138 - 
Notes: Values shown are the coefficients of six regressions of the toll paid on the regressands. Time, measured in hours, is the time saved by taking 

the ExpressLanes compared with mainline lanes, from mainline lane speeds reported by PeMS, for the chosen trip distance. Standard errors, 

clustered by road segment, are in parentheses. Observations from morning peak hours are included with weekends and holidays removed.  

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 

 

Other Unobserved Attributes 

To estimate the value of urgency requires that there be no other attribute that influences demand 

on the road that is invariant to the amount of travel time saved. For example one may be 

concerned that demand for the ExpressLanes is due to some other characteristic like road 
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quality, or safety rather than urgency.90 In this section we attempt to bound the size of these 

unobserved time-invariant factors using trips that are less likely to be schedule constrained as a 

control group.  

In Table 7 reports least squares and fixed effects regressions of the urgency premium at different 

times of day and on different roads. Panel A shows that urgency on the I-10 W during the afternoon 

peak, is $2.35, $1.52 during off-peak weekday hours, and $0.70 on the weekends.91 We also find 

that urgency is comparatively high on other routes during the dominant commuting time. We find 

that urgency is $2.26 on the I-10 East in the afternoon, $3.58 during the morning peak on the I-

110 N, and $2.38 on the I-110 S in the afternoon peak.  

In Panel B we estimate models that use weekend trips as controls for weekday trips allowing the 

introduction of account and transponder fixed effects regressions. 92 Because weekend trips may 

also have urgency, this estimate will be downward biased by the degree of urgency on weekend 

trips. Column I gives the baseline estimate that the premium on the morning peak is $2.07. 

Introducing account fixed effects reduces the estimated coefficient to $1.89. Columns III through 

VI examine the robustness by introducing transponder fixed effects and measures of reliability. 

The observed morning peak premium is stable ranging from $1.88 to $1.68. 

  

                                                
90 Safety, in particular, seems like an unlikely candidate because prior empirical work shows that safety is lower in HOV lanes (Golob et al., 1989). 

Lower safety is a natural consequence of two of the primary attractions to the lane, faster speeds and a large time differential with neighboring 

mainline lanes. 
91 In Appendix Table C.17 we examine the eastbound direction of the I-10 and both north and southbound directions of the I-110. There is also a 

literature that uses convenience goods to reveal the value of time (Phaneuf, 2011). Drivers might make a long run decision that using the lanes 

repeatedly gives them a larger daily time budget, rather than to meet a particular scheduling goal as assumed here. If this were true, drivers would 

be expected to use the lane nearly every day in both directions. We find that 62% of all drivers who use the lane in the morning do not use it in the 

afternoon to return that same day, and more than 64% of all trips are from divers that use the lanes less than 10 times per month on average. 
92 There may be multiple transponders linked to a single account and not all accounts list a transponder. Trips without a listed transponder are 

omitted from this specification. 
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Table 7: Regression of Total Toll on Time Differentials 

  I II III   IV V VI 

Panel A. Temporal Sensitivity       

 Other Times of Day on I-10W   I-10E I-110N I-110S 

  

Afternoon 

Peak 

Weekday 

Off-Peak 
Weekend   

Afternoon 

Peak 

Morning 

Peak 

Afternoon 

Peak 

Constant 2.35*** 1.52*** 0.70***   2.26*** 3.58*** 2.38*** 

  (0.28) (0.22) (0.13)   (0.53) (0.34) (0.25) 

Time in hours 19.37** 8.80*** 5.07**   23.42 21.16*** 11.23** 

  (7.10) (1.91) (1.17)   (15.91) (3.47) (4.87) 

Included  Times 4-8 PM 

9 AM-4 

PM, 9 

PM-4 
AM 

All Sat. 

& Sun. 
  4-8 PM 5-9 AM 4-8 PM 

Number of Obs. 37,208 140,638 9,178   320,666 474,762 646,562 

Average Toll $2.61 $1.91 $1.29   $2.43 $4.45 $2.79 

Ratio of Urgency to Total Toll 0.90 0.80 0.54   0.93 0.80 0.85 

Average Time Savings (Hrs.) 0.014 0.044 0.115   0.007 0.041 0.037 

Average Time Savings (Min.) 0.816 2.659 6.895   0.436 2.476 2.196 

        

Panel B. Weekend Control Group 

  

            

Morning Peak Indicator 2.07*** 1.89*** 1.88***   1.76*** 1.73*** 1.68*** 

  (0.50) (0.35) (0.37)   (0.45) (0.37) (0.39) 

Time in Hours  3.11*** 0.76 0.66   2.85*** 1.10 0.79 

  (0.96) (1.31) (1.38)   (0.88) (1.12) (1.21) 

Time in Hours*AM Peak 8.01*** 8.22*** 8.17***   4.48* 6.65*** 6.90*** 

  (2.27) (1.76) (1.77)   (2.20) (1.65) (1.66) 

Reliability         7.95*** 2.46 2.09 

          (1.10) (2.45) (2.18) 

Reliability*AM Peak         23.92*** 14.21** 13.86** 

          (5.75) (5.24) (5.34) 

Number of Obs. 302,251 302,251 284,247   302,251 302,251 284,247 

Account Fixed Effects N Y N   N Y N 

Transponder Fixed Effects N N Y   N N Y 

Notes: Values shown are the coefficients of twelve regressions of the toll paid on the regressands. Time, measured in hours, is the 
time saved by taking the ExpressLanes compared with mainline lanes, from mainline lane speeds reported by PeMS, for the chosen 
trip distance. Reliability is calculated as the travel time difference between the 50 th and 80th quantile of travel time for the month 
of the trip in that hour over the measured distance of the segment. Standard errors, clustered by road segment, are in parentheses. 

Observations from morning peak hours are included with weekends and holidays removed. 
 *** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 

 

Finally if what the constant was capturing was road quality or safety, or any other non-time base 
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amenity, this would generate a WTP for access to the ExpressLanes that was independent of the 

travel time savings. Valuing these types of amenities we would expect to see demand for the 

ExpressLanes even when the time savings was negative, which Figure 12 shows occurs often at 5 

and 6 A.M. If the $3 we attribute to urgency was some other non-time base amenity, a driver with 

a $11.05 VOT would be willing to tolerate an 16 minute delay in the ExpressLanes.93 Only 6.2% 

of all morning peak observations display negative time savings. The largest delay anyone is willing 

to endure is 7 minutes and 24 seconds and the average is delay is 28 seconds. The longest delay 

valued at the $11.05 per hour suggests that any trip invariant attribute that is not urgency is worth 

at most $1.36 suggesting that the lower bound on urgency at this time of day is $1.58. 

 

Recovering Drivers Preferences for Schedule Delay  

The estimates above show that the value of urgency, δ, is roughly $3, but it is unclear what values 

of α and γ are most appropriate. In Section V we derived the number of late individuals using the 

bottleneck model based on the length of the rush hour and the baseline parameters of β, γ and δ. 

Prior to the policy there were 22,343 drivers per morning peak in the mainline lanes and 1,626 

shifted to the ExpressLanes once the program began. Under the assumption that these drivers are 

late this implies that 7% of drivers have late arrival, which is roughly 1.5 late arrivals per worker 

per month. With a 4 hour peak, $3 urgency cost from the estimates above and the traditional 1:4 

ratio of β:γ, solving for γ gives a value of $4.50. 94This would imply that the value of time is $6.55 

at least. With a local wage of $19.63, this is 33% of the local wage. We can also bound γ from 

below by solving for the value that results in no late individuals. In this case γ would be $3 and 

                                                
93 The time savings of trips with negative time savings are far below this level. 87% of trips with travel time losses are less than one minute and the 

largest loss recorded is 8 minutes.  
94 Note that this calculation is not dependent upon the value of time. 
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the value of time would be at most $8.00 or 42% of the local wage.  

Prior literature (Small, 2012) has generally found that α is roughly half the local wage and γ is 

twice α, with δ assumed to be zero. Given the local wage this would imply α would be $10 and γ 

$20. These values are considerably higher than what emerges from our estimates. Following these 

we would have expected the coefficient on travel time would be nearly $30. One common feature 

of many studies is that they have used stated choice surveys where drivers are given travel time 

improvements of 5 to 10 minutes.95 For example Small, Winston, and Yan (2005) allow drivers 

the choice between a free road with a travel time of 25 minutes and a fully separated Express Lane 

road with a travel time of 15 minutes and a fixed toll of $3.75 where drivers must commit to the 

full length of the road.96  

In   

                                                
95 These preferences are usually elicited with a survey presenting various toll levels allowing access to a separate road. On many toll roads drivers 

gain amounts of time that are larger than we often observe here because they must commit to the full length of the toll road. 
96 This reflects the conditions on prior toll roads that are completely separated from neighboring free lanes inducing larger travel time savings and 

price schedules that may have peak pricing at a fixed, predetermined rate. 
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Table 8 we estimate models that assume δ is zero and impose a minimum time savings of more 

than 5 or 10 minutes. When limited to trips of more than 5 minutes in column I the coefficient on 

travel time becomes $31.22 and when limited to more than 10 minutes in column III, the coefficient 

decreases to $21.68. These results suggest that limiting the range of time savings to more than 5 

minutes, may have resulted in a measure of schedule delay that absorbed urgency and biased this 

measure upward.97 Columns II and IV show that such limiting the time differential in a model with 

urgency gives results that are statistically indistinguishable from those of Table 6 column I.  

 

  

                                                
97 This result can also be seen in Panel A of Figure 4. If limited to trips of more than 5 or 10 minutes the WTP per hour appears to be largely flat 

and in the range of $20-$30 per hour. 
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Table 8: Regression of Total Toll on Time Differentials 

  I II III IV 

  Limited Time Variation 

Constant   3.57***   3.92** 

    (1.10)   (1.25) 

Time in Hours 31.22*** 7.24** 21.68*** 5.38* 

  (3.81) (2.58) (2.53) (2.45) 

Trip Restriction > 5 minutes > 5 minutes > 10 minutes > 10 minutes 

Number of Obs. 146,365 146,365 21,830 21,830 
Notes: Values shown are the coefficients of four regressions of the toll paid on the regressands. Time, 
measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 
mainline lane speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road 
segment, are in parentheses. Observations from morning peak hours are included with weekends and 
holidays removed.  
*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent 
level. 

 

Further Discussion 

Using the values estimated here for welfare analysis requires assumptions on the underlying 

heterogeneity in the value of urgency, and value of time.98 Above we assumed that these values 

were identical for all agents or identical within a time of day. In Table 5 we observed very little 

observable heterogeneity across the various deciles but if heterogeneity exists and sorting occurs, 

this may bias estimates above. It may also result in selection on drivers with unusual values that 

do not apply to the broader population. 

One may be concerned that there is a correlation between the price that clears the market and the 

types of drivers we observe individuals in the lane based on commuting times. As noted in Table 

6, a large time differential will arise from high mainline demand and this is likely to coincide with 

high carpool demand. This will result in a large pool of mainline drivers to draw from and relatively 

little capacity in the ExpressLanes. However, this would imply the highest WTP per hour, with or 

                                                
98 There could also be heterogeneity in preferred arrival time and segment choice however these should not affect our result because if individuals 

are unable to recover enough time to avoid paying delta our regression should not estimate a statistically significant constant. 
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without the inclusion of γ, would clear the market when the time differential is large, the opposite 

of what we observe here.99  

One benefit of our ability to link multiple trips by transponder is that we are able to link trips of 

different time savings to a single vehicle by transponder, which reduces the possibility that our 

effects are due to heterogeneity affecting our estimated results. Figure 17 shows the kernel density 

estimates of coefficients for the constant and travel time savings, respectively, from separate 

regression following equation 22 for each transponder account. We can see that there is some 

heterogeneity in the implied value of urgency and value of time, but the central tendencies of these 

distributions coincide with what we report in Table 6.100 

 

 

 

                                                
99 A theoretical argument also undermines this as a legitimate concern. When choosing departure times, drivers who are the most sensitive to early 

and late arrival, that is high β and γ, should travel at the peak, as in Arnott, et al. (1994). Peak times are generally associated with a large time 

differential implying that drivers with the highest values of γ should disproportionately show up when the time differential is largest, again inducing 

positive correlation, which is not what we observe. 
100 An underlying rationale for sorting may be heterogeneity in income. As the value of time is tied to a worker’s hourly wage and costs for late 

arrival consistent with urgency may also scale with income, this may generate heterogeneity in in the marginal willingness-to-pay. While we do 

not observe the household income of ExpressLanes drivers, we are able to tie them to the average income in the zip code to which they reside from 

2008-12 ACS Census Data. If consumers are paying for the time they save, wages should correlate with WTP expressed on a per hour basis. If 

instead they are paying to avoid urgency costs, wages should correlate with the total toll. When we regress WTP per hour on zip code income we 

find a marginally significant coefficient of negative 11.58. If we regress the average total toll on the wage in the account holder’s zip code, we find 

a highly statistically significant coefficient of 0.01. 



 

149 

 

Figure 17: Estimated Distribution of Value of Time and Urgency 

Notes: This figure depicts smoothed kernel density estimates of the value of urgency and travel time savings from account-specific 
regressions of the total toll on the travel time saved and a constant. Time, measured in hours, is the time saved by taking the 
ExpressLanes compared with mainline lanes, from mainline line speeds reported by PeMS, for the chosen trip distance. 
Observations from morning peak hours are included with weekends and holidays removed.  

 

We do however note that considerable care must be used in applying these estimates more broadly 

because of heterogeneity. Our framework suggests that the presence of urgency will affect all 

drivers departure times and commuting patterns, only a subset will be late on any given day and 

this fraction is likely to be largest during times of day with a substantial schedule constraint. 
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The fact that most prior literature has been unable to differentiate urgency from other types of costs 

is important beyond accurately forecasting toll revenues.  It has substantial implications for cost 

benefit analysis. In the next section we attempt to show how these estimates of urgency affect the 

costs and benefits of infrastructure projects like the ExpressLanes, paying particular attention to 

which drivers are urgent and which are not. 

 

Measuring the Implications of Urgency for Welfare 

Conceptual Framework 

In the spirit of the literature on taxation in a second-best setting (Harberger, 1974; Bovenberg 

and Goulder, 1996; Parry and Small, 2005; and Parry and Small, 2009), here we outline the 

implications of preferences for urgency for evaluating the welfare effects of the ExpressLanes 

program with the aid of simple diagrams. We provide more details and mathematical formulas 

used to calculate these effects in Appendix B. Following the model outlined in section V, consider 

a transportation network with a fixed number of agents who select between the mainline and the 

HOV lanes (Vickrey, 1969).  In both markets, distortions stem from the failure of agents to 

consider external congestion and air pollution costs generating a wedge between the marginal 

private cost and the marginal social cost of traveling. By allowing solo drivers into the HOV lane, 

the ExpressLanes program generates a tension between congestion relief benefits in the mainline 

lanes and potential congestion costs in the HOV lane.101 

Figure 18 panel A depicts the demand for SOV travel as a function of the toll. Panels B and C 

depict the equilibrium in the HOV and mainline lanes, which we assume to be the only distorted 

                                                
101 To alleviate these costs in the HOV lane, the social planner expanded HOV lane capacity prior to the beginning of the program (as described in 

section II), and regulates the infrastructure with a real-time varying toll that secures the speed in the HOV lane not to fall below 45 mph. 
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markets in the economy. Suppose a SOV enters the HOV lane. The marginal welfare effect of 

allowing solo drivers into  the HOV lane equals the sum of the shaded areas in each of the three 

panels of Figure 18 (see Appendix B for a mathematical derivation: First, area abcd denotes the 

primary welfare gain of the program. It equals the willingness to pay to access the lane. Because 

we only observe the tolls, the ExpressLanes toll revenues serve as a lower bound of the primary 

welfare gain of the program. Second, the area efg denotes the direct congestion interaction effect 

of the program. This is the potential welfare loss to existing carpoolers that results from lower 

speeds when solo drivers are allowed in the HOV lanes. Panel C represents the welfare gain from 

the secondary congestion interaction effect. This is depicted by the area hijk, and equals the 

wedge between the social and private costs of traveling in the mainline multiplied by the number 

of drivers that moved from the mainline to the HOV lane.  
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Figure 18: Welfare Effects in HOV Lanes and Mainline Lanes Markets 

Notes: The figures depict the welfare effects of moving single-occupant vehicles from the mainline lanes to the HOV lanes. The 

curves SHOV and SML refer to the supply of available spaces in the HOV and mainline, respectively. The curve MSCHOV shows the 

additional marginal costs from congestion incurred in the HOV lanes, while MSCML shows these marginal costs in the mainline. 

The larger slope of the MSCHOV curve is due to the 3+ passenger requirement of the lane, which causes a larger externality for each 

additional car. The demand curve, DHOV, increases in the HOV lanes to DHOV+SOV due to the policy, while mainline lane 

demand, DML, decreases in the mainline lanes as ExpressLanes users are removed.  
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In reality, the number of agents is not fixed, and the congestion relief in the mainline may induce 

demand from other transportation options.102 Therefore, the area hijk should be interpreted as a 

hypothetical partial equilibrium congestion interaction effect, which we argue represents the upper 

bound of the congestion relief benefits for all other drivers in the freeway system. This hypothetical 

partial equilibrium welfare effect is exclusively calculated from the number of solo drivers that 

leave the mainline for the HOV lane, without allowing the flow in the mainline to re-adjust. That 

is, the change in the number of drivers that leave the mainline for the HOV are linked to the change 

in speed in the mainline, following standard speed-flow relationships (Burger and Kaffine, 2009; 

Bento et al. 2014)103.  Because at peak periods the external costs of congestion are rather large, 

even the removal of a relatively small number of drivers can increase speed, and generate a large 

welfare gain (Anderson, 2014). In Appendix B, we demonstrate the conditions under which the 

partial equilibrium congestion interaction effect will upper-bound the general equilibrium system-

wide congestion interaction effect104.  

The welfare effects of the program that stem from changes in pollution are slightly harder to 

calculate. Creating congestion relief benefits within the freeway system leads to reallocation of 

agents across freeways and potentially new trips and vehicle miles traveled (Hymel, Small, and 

Van Dender, 2010; Duranton and Turner, 2011). To the extent that the program induces new 

vehicle miles traveled, it may generate an additional negative source of welfare corresponding to 

the value of the external costs of emissions associated with the trips. At the same time, this effect 

                                                
102 For example, drivers on less congested alternative routes will now replace the existing solo drivers on the congested travel route, dissipating the 

congestion relief for the original drivers. In turn, they may be replaced by drivers from backroads, or even new vehicle miles traveled. As in Bento 

et al. (2014), we assume new VMT accounts for 15 percent of these trips.  
103 See Appendix B for the estimation of the speed-flow relationship. The elasticity of speed with respect to flow is -0.6, implying that, for each 

vehicle removed from the mainline, the social welfare gain is 11 cents per mile. 
104 The intuition is simple. The larger the hypothetical congestion benefit is larger, the greater the external costs of congestion. Therefore, if other 

freeways or travel options are not as congested as the mainline, the potential benefit cannot be as large as the benefit in the mainline and planners 

generally place HOV lanes on the most congested routes.  
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may be partially alleviated if, by moving to the HOV lane, SOVs drive closer to optimal speed 

(Currie and Walker, 2011; Knittel, Miller, and Sanders, 2011). While acknowledging these two 

sources of pollution effects, in the results below, we still do not include welfare effects that occur 

due to pollution changes.  This will be incorporated in the next version of the paper.   

 

Welfare Effects 
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Table 9 displays estimates of the welfare effects of the program, broken down by the first month 

and full program period.105 The primary welfare effects of the program are calculated using the 

estimates reported in Table 6, columns I and V. The interaction effects are calculated based on the 

range of estimates for the value of time derived in the previous section. For the interaction effects, 

in the current version of the paper, we ignore any welfare that may occur due to changes in 

reliability in the HOV and mainlines.  

The table underscores the following key results: First, abstracting from preferences for urgency 

substantially underestimates the magnitude of the primary welfare gain. Urgency alone accounts 

to about 70 to 80 percent of the primary welfare gain.106 Second, simple ex-ante cost-benefit 

analysis of ExpressLanes programs that only considers the time saving benefits would imply that 

the project would barely pass a cost-benefit analysis test,107 when, in reality, the primary welfare 

effect of the program substantially dominates the operating costs of the corridor. 

 Interestingly enough, the direct congestion interaction effect is negligible, while the system wide 

interaction effect is rather large. Two features of the program led to a negligible direct congestion 

interaction effect. First, the real-time toll structure assures that the speed in the HOV lane is never 

below 45 mph. Therefore, even if the direct congestion interaction welfare effect would have 

translated into a welfare loss, the magnitude of the loss would be controlled by the price 

mechanism. Second, and perhaps more importantly, the project financed the adding of a lane to 

increase capacity. Since the elasticity of carpool formation with respect to capacity is rather small, 

even after the addition of the SOV, the HOV speed remained at free flow. In contrast, the system-

                                                
105 The full program period encompasses the full time period of data we have, 10.25 months, although the ExpressLanes are still in operation. 
106 In Appendix Table C.27, we further break down the primary welfare effect by the time differential between the HOV and mainlines. Even for 

travel time differences in excess of 5 minutes, urgency accounts for 65% of the total revenue.  
107 As shown in Appendix Table C.26 accounting only for trips in excess of 5 minutes would predict only $14,389 in benefits from value of time, 

which would not justify the upkeep cost of the corridor. 
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wide congestion interaction effect results in a non-trivial welfare gain, ranging from $207,548 to 

$350,158. Because congestion is not priced in the mainline lanes, and even though the 

ExpressLanes program only moves a relatively small number of SOVs into the HOV, a large 

welfare gain is created. In fact, at peak periods, removing a SOV from the mainline lanes causes a 

social welfare gain of $1.20.  
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Table 9: Welfare Effects of Program 

Panel A. Welfare Effect (Partial Equilibrium)     

  Monthly1 Full Program1 

Private SOV Drivers2 $101,293 $1,718,492 

Time Benefits at $11.05 $24,314 $350,070 

VOU at $2.94 $95,710 $1,368,422 

    

Time Benefits at $7.30 $16,049 $231,075 

VOR at $32.09 $24,814 $275,416 

VOU at $2.60 $84,769 $1,212,002 

    

Other SOV drivers2 $53,274 $590,466 

All SOVs $154,567 $2,308,958 

    

Monthly Operating Cost of Corridor3 $21,000 $215,250 

      

Panel B. Interaction Effects     

Direct Interaction Effect     

HOV Market     

Short Run Effect4 $0 

      

System Wide Interaction Effect5     

Using Partial Equilibrium Speed-Flow Relationship     
VOT $11.05 $39,122 $350,138 

VOT $10.00 $35,404 $316,867 

VOT $8.00 $28,323 $253,493 

VOT $6.55 $23,190 $207,548 

      

Panel C. Distributional Effects     

SOV Drivers6 1,626 

Private SOV drivers 858 

HOV Drivers6 948 

Mainline Lane Drivers7 18,180 

    

System Benefit per $ Transferred to SOV Driver8 $0.17 to $0.24 

Benefit of Replacing a Carpool with an ‘Urgent SOV’9 $1.65 

if Carpool Splits -$2.43 to -$1.45 

    

Optimal Toll for New Carpool10 $0.61 to $2.08 
1Excludes weekends and holidays.   
2‘Private SOVs’ exclude accounts registered to government and business. The revenues from other accounts is included in ‘Other 
SOV drivers’. 
3Source: Correspondence with LA Metro, 04/15/14.   
4Because the lane is observed to be in free flow, these costs for both travel time and reliability are zero. See Appendix B for more 
details and discussion. 
5These effects include changes to travel time for mainline drivers, which are calculated by removing 1,626 vehicles from the 
mainline lanes and using the speed-flow elasticity of -0.6 to generate the partial equilibrium change in travel times. VOT of $11.05 
assumes all costs that scale with time based on estimates from Table 2 are VOT, $10.00 is taken as the VOT implied by half the 
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local wage, $8.00 and $6.55 are the VOT values implied by the bottleneck model using the calculations in section IV. 
6’Private SOV Drivers’ is the average daily number of vehicles passing over a detector that are registered to a private vehicle. This 
number is calculated as the total number of miles driven by private SOV vehicles daily divided by 10.5 miles. 
7Mainline driver counts are taken as the pre-policy flow less the daily number of SOV agents observed in the ExpressLanes. 
8 Calculated as the ratio of the System Wide Interaction Effect using $11.05 through $6.55 VOT to the total toll revenue. 
9 Calculated as average toll revenue per SOV divided by the private cost for 3 individuals with travel times in the mainline lanes 

as opposed to the ExpressLanes. Private cost of a 3-person carpool is calculated assuming that the travel time experienced would 
be the increased travel time experienced in the mainline lane times a VOT of $11.05. Split carpool assumes 2 additional vehicles 
generate external costs of congestion at $0.10 per mile and pollution costs at $0.08 per mile (Parry and Small, 2005). 
10Assumes that the prevailing toll is $5.90 as observed for a representative agent using the full 10.5 mile ExpressLanes. External 
benefits of carpool assumed to be removed pollution and congestion costs of two average vehicles in the mainline lanes. Assumes 
no congestion costs in ExpressLanes. 

 

We also calculate the system-wide benefit per dollar transferred to a SOV, and find this to range 

from 0.17 to 0.24. In addition to ExpressLanes, several other programs aim to alleviate congestion 

in mainline lanes. Another option, for example, consists of increasing public transit availability 

(Anderson, 2014) or subsidizing public transit fares (Parry and Small, 2009). While such options 

may also generate similar system-wide congestion interaction benefits, unlike the ExpressLanes 

program, these options do not generate revenues but rather require financing. 

Finally, while at a first glance one may think that it is desirable to replace carpoolers by urgent 

SOV in the HOV, the significance of the system-wide congestion interaction effect demonstrates 

the shortcomings of such proposal. Replacing a carpool without urgency with an urgent SOV 

improves total welfare by $1.65, but only if the carpool does not break into multiple mainline 

vehicles. Splitting a carpool will result in welfare losses ranging from $1.45 to $2.43. These 

external benefits suggest that compared with the average $5.90 paid by a representative SOV 

traveling the full length of the ExpressLanes108, a representative carpool should only pay a toll of 

$0.61 to $2.08.      

 

                                                
108 As noted in Table 1 the average SOV trip length in the ExpressLanes is generally closer to half the total length.  
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Conclusion 

This paper presents substantial evidence demonstrating that drivers scheduling decisions are 

largely determined by a discrete cost of late arrival we term urgency. Unlike prior literature that 

evaluates these costs on a per hour basis, we hypothesize that schedule constrained commuters 

place substantially more value on avoiding late arrival than they do arriving late but by a smaller 

margin. We estimate that urgency cost is $3, roughly equal to 15% of the local wage, and additional 

minutes late are valued at little more than half the local wage. Given the relatively small time 

savings generated by urban infrastructure improvements, the error introduced by assuming 

urgency scales with time is substantial.   

Initially we find a striking pattern in the data that a multitude of agents have a willingness-to-pay 

for small time savings that does not seem well grounded in prior literature. Using a bottleneck 

model of queuing, we introduce a discrete lateness cost that allows us to match outcomes with 

surprising precision. We also show that incorporating urgency allows for more reasonable numbers 

of late agents.  

Returning to the data hedonic regression shows that the only model that predicts WTP across the 

entire range of commuters is one that incorporates urgency. We examine the possibility that our 

estimated urgency of $3 is due to reliability, unobserved route characteristics, or individual 

preference and find that these cannot explain the estimated parameters. Failing to incorporate 

urgency dramatically under predicts total toll revenue with a simple value of time model at half 

the local wage accounting for less than 19% of the revenue. We also show that the assumptions 

necessary to attribute this benefit to heterogeneity in wages or other route benefits are unrealistic. 

Our welfare analysis uses these estimates to demonstrate the critical importance of this parameter 

for infrastructure evaluation. Accounting for changes to travel time and the distribution of travel 
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time we find that urgency benefits to SOV drivers using the ExpressLanes are the dominant welfare 

component and, raise substantially more revenue than the cost of the upkeep of the corridor. 

Moreover we find that on a per driver basis, schedule constrained drivers gain more from the 

ExpressLanes than carpoolers lose if forced into the mainline lanes, and subject to carpools 

remaining intact, it may be possible to increase total welfare by a reordering of agents across lanes.    
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APPENDICES 

Appendices to Chapter I 

 

Appendix A - Data Construction 

 

Household Variables 

 As discussed in Section 4, data in the empirical sections of the paper come from 12 sources. The 

principal data for the model, which define household-level quantities and prices as well as 

demographic and geographic characteristics in labor, housing and transportation markets is the 5% 

Census sample from the Integrated Public Use Microdata Series (IPUMS) of Ruggles, et al. (2015). 

This is dataset represents a weighted one-in-twenty national random sample of the US population, 

where the smallest identifiable geographic unit is a public use microdata area (PUMA), 

corresponding to at least 100,000 people. From the 1980, 1990 and 2000 samples, I restrict the 

dataset to households where the household head (the unit of observation) is between 25 and 55 

years of age, works at least 48 weeks of the year and at least 35 hours per week and does not own 

a business or a farm. Income from this dataset corresponds to income from wages, and I separately 

define wages for workers with and without a four year college degree. Details about local housing 

rents are described below. The number of high and low skilled workers in the model corresponds 

to the number workers in an MSA-region with and without a 4 year college degree, respectively. 

I classify household heads as black based on the reported race of the household. I classify 

household heads as immigrants based on whether they were born in the United States. Households 

with children are defined by whether there are any children in the household at the time of the 

survey. Travel times are based on the total amount of time, in minutes, that it took the respondent 
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to get home from work in the preceding week. I readjust the sample for 1980 based on the fact that 

responses for only half of the people in the sample were recorded in this year. I identify by MSA-

region the share of commuters whose primary means of travel to work over the previous week was 

in a car, truck, van or motorcycle as driving to work. Those who walked or used a bicycle were 

classified together. And the final group was those that took some form of public transportation 

(bus, streetcar, subway, elevated rail, railroad, taxicab or ferryboat).  

 

 MSA-Region Definition 

 The MSA-regions in the model are first defined as MSAs by metropolitan areas based on Office 

of Management and Budget (OMB) definition. A metropolitan area is a region consisting of a 

“large urban core together with surrounding communities that have a high degree of economic and 

social integration with the urban core (Ruggles, et al., 2015). Households not living in an MSA are 

allocated to a state-level rural MSA capturing all non-MSA residents. Then to identify regions 

within MSAs (MSA-regions), I separately identify households located within the central-city of 

an MSA according to OMB definitions versus those not. Households not located in the central city 

are defined in this study as living in the urban periphery. For MSAs that do not have a central city, 

I reclassify all households for these MSAs as living in the central city and then do not define a 

periphery for the MSA. MSA-regions that do not appear in the sample for all three censuses I 

reclassify as central cities and if they still do not appear in the sample for all three censuses, I 

reclassify them to the rural MSA for the state.  

 Housing Supply Variables 

 Data on land availability come from MSA-level data constructed from satellite information by 

Saiz (2010) and generously provided upon request by the author. The basis for the measure is that 
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building on land with slopes of greater than 15% is assumed to be severely constrained based on 

architectural guidelines. Using an elevation model at 90 meter resolution from the US Geological 

Survey, Saiz constructed slope maps for the entire US and then identified the share of land with 

greater than 15% slopes within a 50 kilometer radius of the MSA central city. Then added to this 

he considers the share of land corresponding to wetlands, lakes, rivers and bodies of water.  

 Data on housing regulation come from the 2005 Wharton Regulation Survey by Gyorko, Saiz and 

Summers (2008). The index is a composite of other indices normalized to be comparable across 

MSAs to reflect the extent of political pressure, court involvement, zoning approval regulation, 

supply and density restrictions, and approval delays, among other factors. The index is produced 

at the municipality level, but I use MSA-level calculations based on sample weightings constructed 

by Saiz (2010).  

 Transportation Variables 

 Data on transportation supply factors come from the Department of Transportation’s Highway 

Performance Management System (HPMS) but are available from Duranton and Turner (2011) 

collected to the MSA-level. I use variables for the number of urban freeway lanes from this dataset 

to reflect the extent urban freeway capacity relative to population levels. Variables on the number 

of peak service buses per 10,000 population and the availability of light rail, come from reports 

published by the US Department of Transportation Urban Mass Transit Administration and are 

also from Duranton and Turner (2011).  

 Commuting costs are constructed from several sources. For households driving to work, I 

calculate gasoline expenditures using average state fuel economy based on the state-level fleet 

from the National Household Travel Survey (NHTS) which is merged to EPA fuel economy data. 

These are done based on the 1983, 1995 and 2001 NHTS datasets. This is combined with annual 
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average gasoline prices for the corresponding year from the US Department of Energy Energy 

Information Agency website to calculate average state-level per mile gasoline prices. Wear and 

tear costs come from the annual Internal Revenue Service estimates for nominal per-mile 

reimbursement less gasoline costs and correspond to $0.20, $0.28 and $0.33. To project these into 

costs using travel time averages per MSA, I construct quadratic estimates by state from the NHTS 

by decade using the same surveys as above by regressing the log of travel distances to work on the 

log of travel times to work for households that drive. Multiplying the MSA-region travel times 

from the data by these quadratic estimates produces average travel distances per MSA that are then 

use to construct distance-based commuting costs for driving. Commuting costs for public transport 

are obtained from data made publicly available by the American Public Transportation Association 

(APTA) and are available on their website. I use data on base fares by municipality and match 

municipalities to MSAs by hand. MSAs that do not have a municipality are matched with a 

municipality in the same state. 

 

Appendix B - Adjustments to Rents and Wages 

 

 Rents 

 As discussed in Section 4.3 of the paper, I construct an MSA-region level estimate of local housing 

rents from data on the value of owner occupied housing, monthly gross rents and other housing 

costs. In order to construct a consistent measure, I adjust the value of owner occupied housing in 

the following manner. The risk premium is assumed to be 4% and maintenance costs and 

depreciation are assumed to be 2% each following Poterba (1992). To account for nominal interest 

rates, I use the average commitment rate on new fixed mortgages which is 13.74 for 1980, 10.13 
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for 1990 and 8.05 for 2000, obtained from Freddie Mac’s website. To control for inflation, I 

assume rates of 8.92, 12.15 and 2.48 for 1980, 1990 and 2000, respectively. Taking these together 

results in a rental rate of housing of 0.092, 0.082 and 0.086 for 1980, 1990 and 2000. Multiplying 

these by the value of housing from the IPUMS sample and combining that with annualized housing 

rents and annual costs associated with liquid, gas and solid fuel, electricity and water gives the 

annual local rental cost of housing used for base rents in the paper. I abstract from adjusting for 

tax rates as property taxes are observed by households and treated as an additional cost.  

 To construct a quality adjusted estimate of local housing rents used in the preferred estimates of 

the econometric model, I construct a larger sample of households that does not use the restrictions 

imposed on the main sample in the data. Constructing the local housing rent as just discussed, I 

regress separately for each decade the logarithm of this variable on dummy variables for the 

number of rooms in the house, dummy variables for the number of bedrooms in the house, the 

logarithm of the number of acres of the property that the house sits on, the logarithm of the year 

the house was built, controls for the number of buildings on the property and an MSA-region fixed 

effect. Estimates from this regression are reported in Appendix Table B.1. The estimates are 

largely in line with what one would expect and those found in Bieri, et al. (2014) and Phaneuf and 

Hamilton (2014). The quality-adjusted local housing rent for each MSA-region is then set equal to 

the fixed effect estimated from each of the three regressions. 

 

 Wages 

 To adjust wages for sorting in labor markets, I estimate adjusted MSA-level wages for workers 

with and without a college education following the method laid out in Dahl (2002). Here I perform 

this estimation by using the sample of households used to construct the central dataset to estimate 
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the following regression:  

 ln(𝑊𝑖𝑗𝑡) = 휃𝑋𝑖𝑗𝑡 +𝜙1 𝑃𝑟 (𝑗 ∈ 𝑅| 𝑏 ∈ 𝑅)𝑖𝑗𝑡 + 𝜙2 𝑃𝑟 (𝑗 ∈ 𝑅| 𝑏 ∈ 𝑅)𝑖𝑗𝑡
2 + 휀𝑖𝑗𝑡 .                ( 𝐵 .1) 

Here 𝑋𝑖𝑗𝑡  is a vector of controls for household 𝑖 living in MSA 𝑗 during decade 𝑡 that includes 

controls for race, gender, immigrant status, logarithm of age, college education, and 5 occupation 

dummies.  𝑃𝑟 (𝑗 ∈ 𝑅| 𝑏 ∈ 𝑅)𝑖𝑗𝑡 is the probability that worker 𝑖 who was born in Census region 𝑅 

lives in an MSA in that same region during decade 𝑡 and is included in quadratic form. This 

regression is estimated by MSA and decade producing an extremely large number of estimates. 

Summary statistics for these estimates are reported in Appendix Table B.2. The estimates are 

largely in line with what one would expect and those found in Bieri, et al. (2014) and Phaneuf and 

Hamilton (2014). The Roy-sorting adjusted wages are then constructed by taking the predicted 

values from (B.1) less the effect of the migration probabilities, that is: 

  

 ln(𝑊𝑖𝑗𝑡
𝑅𝑜𝑦
) = 휃̂𝑋𝑖𝑗𝑡 − �̂�1 𝑃𝑟 (𝑗 ∈ 𝑅| 𝑏 ∈ 𝑅)𝑖𝑗𝑡 − �̂�2 𝑃𝑟 (𝑗 ∈ 𝑅| 𝑏 ∈ 𝑅)𝑖𝑗𝑡

2 .                ( 𝐵 .2) 

 

Appendix C - PUMA-Level Price Indices and Two-Stage Budgeting 

 

Equation (37) in Section 5.1.3 presents an expression for the set of PUMA-level price indices at 

the MSA-region level that capture variation in neighborhood-level amenities. These price indices 

are consistent with the set of factors that would influence MSA-region choice in a two-stage model 

of location choice where households first choose an MSA-region to live and then, conditional on 

that choice, choose a neighborhood within the MSA-region. To fix ideas, consider the choice of 

location for household 𝑖 choosing location of residence in MSA-region 𝑗 and neighborhood 𝑚 
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during decade 𝑡 using the expression from equation (4):  

 max
𝑀𝑚𝑗𝑡 ,𝑂𝑡

ln(𝑂𝑡
1−𝛽
) + ln(𝑀𝑚𝑗𝑡

𝛽
) + 𝐴𝑚𝑗𝑡                 ( 𝐶 .1) 

  𝑠. 𝑡.   𝑃𝑡𝑂𝑡 + 𝑅𝑚𝑗𝑡𝑀𝑚𝑗𝑡 ≤ 𝑊𝑗𝑡
𝑒 − 𝐶𝐶𝑗𝑡

𝑒 − 𝜏𝑗𝑡 ,   𝑎𝑛𝑑  

 𝑇𝑇𝑗𝑡
𝑒 +𝑊𝑇𝑗𝑡

𝑒 + 𝐿𝑇𝑗𝑡
𝑒 = �̅�. 

 

 Then in order to translate this expression into the indirect utility function from equation (5) we 

can think about housing values, 𝑅𝑚𝑗𝑡, having a component which corresponds to MSA-region 

values, 𝜌𝑗𝑡 , and a component which corresponds to PUMA-level values, 𝜌𝑚𝑗𝑡 , so that ln(𝑅𝑚𝑗𝑡) =

ln(𝜌𝑗𝑡) + ln(𝜌𝑚𝑗𝑡). As well, we can think of unobserved amenities in the model taking the form 

of an MSA-region specific component, 𝜉𝑗𝑡 , and a PUMA-level component, 𝜉𝑚𝑗𝑡.
109 Then we can 

write an analog to (5) as:  

 𝑉𝑖𝑚𝑗𝑡
𝑒 = ln(

𝑊𝑗𝑡
𝑒−𝐶𝐶𝑗𝑡

𝑒

𝑃𝑡
) − 휁ln (

𝑇𝑇𝑗𝑡
𝑒

𝑃𝑡
) − 𝛽 [ln (

𝜌𝑗𝑡

𝑃𝑡
) + ln (

𝜌𝑚𝑗𝑡

𝑃𝑡
)] + 𝐴𝑗𝑡 + 𝜉𝑗𝑡 + 𝜉𝑚𝑗𝑡 + 휀𝑖𝑚𝑗𝑡 ,    𝑒 =

𝐻, 𝐿.                ( 𝐶 .2) 

Given this framework, I draw on the insight provided by Hamilton and Phaneuf (2014), which is 

that the model expressed in equation (C.1) can be rewritten as a two-stage budgeting process along 

the lines described above. To restate the authors’ principal proposition: 

 

Proposition 1 [Hamilton and Phaneuf]: If the preferences for location by households can be 

written in the form expressed by equation (C.1), a two-stage budgeting model holds such that the 

location decision can be modeled based on a MSA-region choice followed by a PUMA-level 

                                                
109 Also the Type I extreme value error term can be rewritten as 휀𝑖𝑚𝑗𝑡 = 휀𝑖𝑗𝑡 + 휀𝑖(𝑚|𝑗)𝑡. 
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neighborhood choice within that MSA-region. Namely, we can rewrite (C.2) as:  

 𝑉𝑖𝑚𝑗𝑡
𝑒 = ln(

𝑊𝑗𝑡
𝑒−𝐶𝐶𝑗𝑡

𝑒

𝑃𝑡
) − 휁ln (

𝑇𝑇𝑗𝑡
𝑒

𝑃𝑡
) − 𝛽ln (

𝜌𝑗𝑡

𝑃𝑡
) + 𝐴𝑗𝑡 + Γ𝑗𝑡 + 𝜉𝑗𝑡 + 휀𝑖𝑗𝑡 ,    𝑒 = 𝐻, 𝐿,

( 𝐶 . 2′)     𝑤ℎ𝑒𝑟𝑒  

  

 Γ𝑗𝑡 = max
𝑚∈Π𝑗

{−𝛽ln (
𝜌𝑚𝑗𝑡

𝑃𝑡
) + 𝜉𝑚𝑗𝑡 + 휀𝑖𝑚𝑗𝑡}                ( 𝐶 .3) 

is the price index for the PUMA-level locational characteristics, where 𝛱𝑗 is the set of PUMAs 

existing in MSA. 

 

Proof Sketch: A complete proof of Proposition 1 can be found in Hamilton and Phaneuf (2014), 

however, the basis of the proof rests on showing that two-stage budgeting exists given this 

particular function form in (C.1) as a separate grouping of commodities at the MSA-region and 

PUMA-level. Specifically, the demand model needs to satisfy the conditions of price aggregation 

and decentralizability following Blackorby and Russell (1997). Price aggregation simply requires 

showing that expenditures on housing and other goods does not depend on prices for individual 

goods (here at the PUMA-level). Given the functional form assumed above, expenditure shares 

will be a simple function of 𝛽, so this condition holds. Decentralizability requires that within-

PUMA expenditures are independent of the prices of goods for other PUMAs. Proving this is 

straightforward because the expenditure shares of each good do not depend on the price of the 

same or other goods from other PUMAs given the form of (C.1), so two-stage budgeting holds. 

 The last part of this section describes the derivation of Γ𝑗𝑡 as it appears in equation (37). Because 

I am not interested in estimating the PUMA-level price effects directly, but rather merely to 

account for them, the focus here is on specifying a variable based on PUMA-level shares that is 
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consistent with two-stage budgeting and can be incorporated into an MSA-region level demand 

equation. To start, it is useful to characterize the nested logit model for PUMA and MSA-region 

location as generating the following probabilities for choosing PUMA 𝑚 in MSA-region 𝑗 during 

decade 𝑡:  

  𝑃 𝑖𝑚𝑗𝑡 =
exp(𝑉𝑖𝑚𝑗𝑡/𝜇𝑗)(∑

Π𝑗
𝑛=1exp(𝑉𝑖𝑛𝑗𝑡/𝜇𝑗))

𝜇𝑗−1

∑𝐽
𝑘=1(∑

Π𝑘
𝑛=1exp(𝑉𝑖𝑛𝑘𝑡/𝜇𝑘))

𝜇𝑘
,        ( 𝐶 .4) 

where 𝜇𝑗 defines the correlation between PUMAs in MSA-region 𝑗. Because the choice probability 

can be expressed as a function conditional and marginal probabilities, we can write  𝑃 𝑖𝑚𝑗𝑡 =

 𝑃 𝑖(𝑚|𝑗)𝑡/ 𝑃 𝑖𝑗𝑡  so that the choice probability for MSA-region 𝑗 is:  

  𝑃 𝑖𝑗𝑡 =
exp{ln(

𝑊𝑗𝑡
𝑒 −𝐶𝐶𝑗𝑡

𝑒

𝑃𝑡
)−𝜁ln(

𝑇𝑇𝑗𝑡
𝑒

𝑃𝑡
)−𝛽ln(

𝑅𝑗𝑡

𝑃𝑡
)+𝐴𝑗𝑡+𝜇Γ𝑗𝑡+𝜉𝑗𝑡}

∑𝐽
𝑘=1exp{ln(

𝑊𝑘𝑡
𝑒 −𝐶𝐶𝑘𝑡

𝑒

𝑃𝑡
)−𝜁ln(

𝑇𝑇𝑘𝑡
𝑒

𝑃𝑡
)−𝛽ln(

𝑅𝑘𝑡
𝑃𝑡
)+𝐴𝑘𝑡+𝜇Γ𝑘𝑡+𝜉𝑘𝑡}

.        ( 𝐶 .5) 

To construct a measure of Γ𝑗𝑡, then it is useful to consider the conditional probability,  

  𝑃 𝑖(𝑚|𝑗)𝑡 =
exp{(−𝛽ln(

𝜌𝑚𝑗𝑡

𝑃𝑡
)+𝜉𝑚𝑗𝑡)/𝜇}

∑
Π𝑗
𝑛=1 exp{(−𝛽ln(

𝜌𝑛𝑗𝑡

𝑃𝑡
)+𝜉𝑛𝑗𝑡)/𝜇}

,                ( 𝐶 .6) 

which means that we can write Γ𝑗𝑡 = ln∑
𝜋𝑗
𝑚=1 exp {(−𝛽ln (

𝜌𝑚𝑗𝑡

𝑃𝑡
) + 𝜉𝑚𝑗𝑡) /𝜇}, or more simply as   

 Γ𝑗𝑡 = ln∑
𝜋𝑗
𝑚=1 exp{𝛿𝑚𝑗𝑡}.                ( 𝐶 .7) 

Because I am not interested in estimating the parameters for amenities at the PUMA-level, but 

rather simply controlling for them, this means that we can simply think of Γ𝑗𝑡 as representing the 

logsum of PUMA-level exponentiated utility from these characteristics, which will, following 

from the Type I Extreme Value error assumption, be a function of the relative choice shares of 

PUMA location within an MSA-region. 



 

174 

 I normalize the value of Γ𝑗𝑡 to reflect the ordinal nature of utility by specifying it relative to a base 

alternative for each PUMA. The normalization I use follows directly from Hamilton and Phaneuf, 

which is to specify the 𝛿𝑗𝑡’s such that their sum within an MSA is zero: ∑
Π𝑗
𝑚=1 𝛿𝑚𝑗𝑡 = 0. This then 

means that we can calculate the value of these PUMA-level effects as 𝛿𝑚𝑗𝑡 =
1

Π𝑗
∑𝑛≠𝑚 ln (

𝑠𝑚𝑗𝑡

𝑠𝑛𝑗𝑡
). 

Substituting this equation into (C.7) then yield the expression in (37). In order to ensure 

consistency across decades of these estimates, to construct the 𝛿𝑚𝑗𝑡’s, I use a constant PUMA 

definition across all three decades, which ensures that the number of PUMAs in each MSA-region 

is the same across decades. 

   

  

 

  

 

Appendix D - Estimation Details 

 

Estimation of the six equation system GMM model presented in Section 5 involves a first-stage 

regression by decade for the MSA-region fixed effects based on the individual level discrete choice 

model in equation (30). As noted earlier, this is estimated by regressing the difference between the 

logarithm of shares for each MSA-region with that for a base MSA-region, which is chosen to be 

the cener city of Houston, TX for comparability to Bayer, Keohane, and Timmins (2009) who have 

a slightly different specification. The coefficent estimates for my first stage are reported in 

Appendix Table D.1. While the table does not report the marginal effects, we can note that the sign 
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for homestate and homediv indicates that while households appear to have a preference for living 

in their home state but not in their home division. College educated workers and black households 

have a greater preference for living in the home division, but households with children do not. 

While many of the coefficients in the estimates are not statistically significant, it may still be 

important to control for them in this first stage to account for individual preferences that I am not 

able to fully identify with precision, but nonetheless are necessary to control for to ensure that the 

second stage estimates are well identified. 

 Appendix Table C.2 reports coefficients estimated but not reported for black and immigrant 

households in Table 3 of the paper. The coefficients reported here are differentials for each 

demographic group relative to the base effects reported in the main text. Zooming in on the 

preferred specification in column pair (4), black households generally appear to have higher 

marginal utility of income, while immigrant households are higher for college educated, but not 

for those without. Implied expenditures shares on housing are larger for both groups across both 

skill levels suggesting housing may be more important to these groups. As well, accessibility 

seems to have a higher value to these groups perhaps reflecting different occupations or locations 

within cities.  

 Also unreported in Table 3 were coefficients for preferences for amenities which I report in 

Appendix Table C.3, which shows estimates for all five specifications estimated, where the 

preferred is column (4). The signs for the coefficients are generally consistent across regressions 

with some interesting exceptions. Violent Crime seems to switch signs, but in the preferred 

specification it is negative as would be consistent with intution, while Property Crime is generally 

positive, which is counter-intuitive but could be reflective of the fact that Property Crime can be 

higher in areas with attractive unobserved amenities. Retail density variables as well as local public 
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expenditures seem to have no statistical significance but a positive sign which may reflect the fact 

that high levels of amenities can be correlated. 



 

177 

Appendix Table B.1: Coefficients from Quality-Adjusted Rent Regressions 

  (1) (2) (3) 

Dependent Variable: 

log(rent)  

1980 1990 2000 

2 Rooms  0.150***  0.387***  0.296***  

 (0.002)  (0.004)  (0.003)  

3 Rooms  0.256***  0.502***  0.408***  

 (0.002)  (0.004)  (0.003)  

4 Rooms  0.348***  0.492***  0.362***  

 (0.002)  (0.004)  (0.003)  

5 Rooms  0.479***  0.595***  0.440***  

 (0.002)  (0.004)  (0.003)  

6 Rooms  0.628***  0.722***  0.550***  

 (0.002)  (0.004)  (0.003)  

7 Rooms  0.783***  0.852***  0.665***  

 (0.002)  (0.004)  (0.003)  

8 Rooms  0.922***  0.977***  0.776***  

 (0.002)  (0.004)  (0.003)  

9+ Rooms  1.117***  1.167***  0.975***  

 (0.002)  (0.004)  (0.003)  

2 Bedrooms  0.081***  0.115***  0.085***  

 (0.001)  (0.001)  (0.001)  

3 Bedrooms  0.116***  0.181***  0.153***  

 (0.001)  (0.001)  (0.001)  

4 Bedrooms  0.117***  0.216***  0.211***  

 (0.001)  (0.001)  (0.001)  

5+ Bedrooms  0.122***  0.237***  0.275***  

 (0.001)  (0.002)  (0.001)  

log(acre)  0.042***  0.097***  0.137***  

 (0.000)  (0.000)  (0.000)  

log(year built)  -0.268***  -0.241***  -0.249***  

 (0.000)  (0.000)  (0.000)  

2 Buildings  0.238***  0.627***  0.689***  

 (0.000)  (0.001)  (0.001)  

3+ Buildings  0.045***  0.518***  0.551***  

 (0.001)  (0.001)  (0.001)  

R2  0.998  0.998  0.997  

Observations  9,006,397  9,706,258  10,900,000  
Notes: Table reports estimates from three separate regressions of the logarithm of owner-occupied housing values converted into annual rental 

payments by multiplying by the rates reported in Appendix B. Standard errors are reported in parentheses. MSA-region fixed effects are included 

in each regresion but not reported.  *** Significant at the 1 percent level. ** Significant at the 5 percent level. * Significant at the 10 percent level.     
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Appendix Table B.2: Roy Sorting Wage Estimation 
Dep. Var.  1980  1990  2000 

log(wage)  Mean Min.  Max.    Mean  Min.  Max.    Mean  Min.  Max.  

black  -0.109  -0.484  0.540    -0.121  -0.534  0.352    -0.127  -0.564  0.114  
female  -0.441  -0.603  -0.176    -0.374  -0.553  -0.120    -0.328  -0.503  -0.089  
immigrant  -0.038  -0.661  0.600    -0.090  -0.548  0.357    -0.115  -0.635  0.190  
log(age)  0.378  0.150  0.644    0.507  0.144  0.858    0.500  0.205  0.740  
college  0.302  0.063  0.613    0.406  0.119  0.635    0.459  0.133  0.785  
mig_prob  -1.032  -24.602  10.755    -1.098  -10.437  9.155    -1.433  -11.357  5.740  

mig_prob 2  3.557  -49.394  97.141    3.697  -49.467  47.090    4.604  -23.658  46.751  

occup1  0.002  -0.123  0.188    0.009  -0.119  0.109    -0.154  -0.326  0.104  
occup2  -0.056  -0.199  0.144    -0.068  -0.214  0.116    0.074  -0.168  0.245  
occup3  0.036  -0.151  0.319    0.000  -0.148  0.420    -0.110  -0.260  0.117  
occup4  -0.064  -0.320  0.236    -0.118  -0.318  0.258    -0.072  -0.304  0.295  
occup5  -0.136  -1.084  0.429    -0.080  -0.844  0.501    -0.131  -0.466  0.166  
constant  8.391  7.361  9.250    8.358  7.124  9.726    8.682  7.577  9.824  

Observations   232       232        232    
Notes: This table reports summary statistics of estimates from 696 separate regressions of the logarithm of annual income from wages on the reported coefficients performed for each MSA-region year 

on household-level IPUMS data. ‘black,’ ‘female,’ ‘immigrant,’ ‘college,’ and ‘occup1’-‘occup5’ are dummy variables equal to one if a household is characterized by the given attribute and zero 

otherwise. ‘mig_prob’ and ‘mig_prob 
2
’ are the first order and quadratic terms estimated based on the probability that a household born in a given Census region is found to live there.  
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   Appendix Table D.1: First-Stage Demand Regression Estimates  

  (1)  (2)  (3)  

 1980  1990  2000  

homestate  0.125**  0.116**  0.104**  

 (0.049)  (0.058)  (0.051)  

homediv  -1.169***  -1.340***  -1.528***  

 (0.220)  (0.242)  (0.217)  

homestate*college  -0.062  -0.058  -0.111*  

 (0.048)  (0.066)  (0.057)  

homestate*children  0.022  0.028  0.026  

 (0.024)  (0.024)  (0.017)  

homestate*college*children  -0.048  -0.064**  -0.025  

 (0.036)  (0.031)  (0.030)  

homestate*black  -0.201  -0.198  -0.248  

 (0.178)  (0.213)  (0.212)  

homestate*college*black  -0.194**  -0.219**  -0.127  

 (0.091)  (0.107)  (0.107)  

homestate*college*black*children  0.088  0.105*  0.002  

 (0.094)  (0.059)  (0.075)  

homediv*college  1.044***  1.263***  1.209***  

 (0.102)  (0.100)  (0.107)  

homediv*children  -0.359***  -0.301***  -0.192***  

 (0.045)  (0.032)  (0.022)  

homediv*college*children  -0.273***  -0.369***  -0.313***  

 (0.066)  (0.050)  (0.050)  

homediv*black  2.453***  2.331***  2.622***  

 (0.189)  (0.220) (0.225)  

homediv*college*black  -0.810***  -0.029 -0.508***  

 (0.112)  (0.099)  (0.102)  

homediv*college*black*children  0.634***  -0.103  0.500***  

 (0.098)  (0.064)  (0.057)  

center-city  -0.160  -0.183  -0.160  

 (0.340)  (0.245)  (0.255)  

R 2  0.175  0.195  0.244  

Observations  952,000  2,450,000  3,120,000  
Notes: This table reports estimates from three separate regressions of the normalized MSA-region shares on the reported coefficients. ‘homediv’ 

and ‘homestate’ are dummy variables equal to one if a household lives in the same divisionor state that they were born in, respectively. ‘center-

city’ is a dummy variable equal to one if a household lives in the center-city of an MSA. Standard errors are reported in parentheses.  *** Significant 

at the 1 percent level. ** Significant at the 5 percent level. * Significant at the 10 percent level.     
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Appendix Table D.2: Coefficients of Differentials for Other Demographic Groups 
  (1)  (2)  (3)  (4)  (5) 

Black Households College No College  College No College  College No College  College No College  College No College 

Income 0.282*** 0.097***  0.567*** 0.066***  -2.455*** -2.396***  0.733*** 0.211***  0.596*** -0.127*** 

 (0.045) (0.020)  (0.014) (0.011)  (0.015) (0.012)  (0.013) (0.008)  (0.014) (0.012) 

Rent 0.183*** 0.107***  0.123*** 0.243***  1.500*** 1.638***  -0.088*** 0.225***  0.227*** 0.376*** 

 (0.000) (0.000)  (0.002) (0.001)  (0.002) (0.002)  (0.002) (0.001)  (0.002) (0.002) 

Travel Time 1.280*** 0.770***  0.859*** 0.478***  9.675*** 5.369***  1.209*** 0.581***  1.256*** 0.424*** 

 (0.017) (0.010)  (0.014) (0.009)  (0.015) (0.010)  (0.013) (0.007)  (0.015) (0.009) 

Skill Ratio 1.979*** 0.458***  1.439*** 0.391***  2.206*** 3.715***  0.895*** 0.139***  1.930*** 0.203*** 

 (0.018) (0.009)  (0.008) (0.007)  (0.008) (0.007)  (0.007) (0.005)  (0.008) (0.007) 

Implied Local Exp. Shr. 0.649*** 1.103  0.217*** 3.691  0.611*** 0.684***  0.119*** 1.069***    

 (0.248) (1.239)  (0.014) (20.498)  (0.000) (0.000)  (0.001) (0.183)    

Implied Value of 4.543*** 7.945***  1.513*** 7.257***  3.940*** 2.240***  1.651*** 2.755***  2.109*** 3.337*** 

Accessibility ($/hr.) (0.007) (0.004)  (0.005) (0.006)  (0.000) (0.000)  (0.002) (0.004)  (0.002) (0.006) 

               

Immigrant Households               

Income 0.780*** 0.201***  1.268*** 0.654***  -1.916*** -2.789***  0.607*** -0.164***  0.845*** -0.253*** 

 (0.033) (0.026)  (0.009) (0.014)  (0.009) (0.016)  (0.009) (0.012)  (0.010) (0.014) 

Rent 0.130*** 0.025***  0.139*** -0.073***  1.068*** 0.943***  0.095*** -0.067***  -0.116*** 0.051*** 

 (0.000) (0.000)  (0.001) (0.002)  (0.001) (0.002)  (0.001) (0.002)  (0.001) (0.002) 

Travel Time 1.491*** 0.975***  1.927*** 1.019***  4.553*** 6.637***  1.715*** 0.485***  2.050*** 0.678*** 
 (0.011) (0.013)  (0.009) (0.011)  (0.009) (0.013)  (0.008) (0.010)  (0.011) (0.011) 

Skill Ratio  1.486*** 0.412***  1.482*** 0.737***  1.373*** -0.809***  1.247*** 0.270***  2.072*** 0.617*** 

 (0.011) (0.011)  (0.006) (0.008)  (0.006) (0.009)  (0.005) (0.007)  (0.007) (0.008) 

Implied Local Exp. Shr. 0.167*** 0.124***  0.110*** 0.111***  0.558*** 0.338***  0.157*** 0.409***    

 (0.002) (-0.001)  (0.001) (0.002)  (0.000) (0.000)  (0.006) (0.061)    

Implied Value of 1.911*** 4.850***  1.519*** 1.557***  2.377*** 2.380***  2.826*** 2.955***  2.425*** 2.683*** 

Accessibility ($/hr.) (0.004) (0.003)  (0.001) (0.003)  (0.000) (0.000)  (0.001) (0.005)  (0.001) (0.003) 

               

Num. of MSA-regions 251  251  251  251  251 

BT IV X  X    X  X 

Corrected Wages and Rents   X  X  X  X 

Puma Amenity Index       X  X 

Calibrated Exp. Share         X 
Notes: This table reports results from 5 separate regressions that correspond to coefficents unreported in Table 3 for Black and Immigrant households from the labor supply equation of the GMM system 

described in Section 5. Coefficients reported are differentials from the base estimates from Table 3. Each numbered pair of columns corresponds to a single regression, where double columns report 

estimates separately for workers with and without a college education, and single columns report an estimate common across worker types. Variables measure inter-decade changes between 1980-2000. 

‘Skill Ratio’ is the logarithm of the number of college educated workers divided by the number of workers without a college education in a given MSA. ‘Implied Local Exp. Shr.’ is the ratio of the Rent 

and Wage coefficients with standard errors reported via the delta method. ‘Value of Accessibility’ is the ratio of the coefficients travel time to wage converted to dollars per hour, with standard errors 

also reported via the delta method. ‘BT IV’ Indicates whether Bayer-Timmins instruments for endogenous amenities were included. ‘Corrected Wages and Rents’ indicates whether quality-adjusted 

rents and migration-adjusted wages were used for the estimation in lieu of the raw data. ‘Calibrated Exp. Share’ sets the expenditure share of housing equal to the CEX level and hence no estimate is 

reported for this regression. Sample is all heads of household with nonzero labor income working full time. Standard errors in parentheses clustered by MSA.  *** Significant at the 1 percent level. ** 

Signficant at the 5 percent level. * Significant at the 10 percent level. 
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Appendix Table D.3: Coefficients for Amenities 

  (1) (2) (3) (4) (5) 

Violent Crime -0.255*** 0.638*** -0.023 -0.370** 0.044 

 (0.070) (0.123) (0.217) (0.148) (0.192) 

Property Crime 0.204*** -0.095 0.636*** 0.445*** 0.401** 

 (0.074) (0.130) (0.241) (0.135) (0.197) 

EPA Air Quality Index 0.164*** 0.558*** 0.546*** 0.347*** 0.267*** 

 (0.056) (0.075) (0.084) (0.094) (0.081) 

Education Expenditures 0.508** 0.051 0.459 0.318 0.643 

 (0.210) (0.412) (0.425) (0.378) (0.422) 

Parks Expenditures 0.147 0.415 0.745 0.312 0.390 

 (1.485) (1.962) (2.111) (4.118) (2.960) 

Grocery 0.359** 0.163 -0.227 0.082 0.462** 

 (0.179) (0.139) (0.297) (0.168) (0.182) 

Apparel 0.034 0.737*** -0.000 0.096 0.548*** 

 (0.125) (0.148) (0.197) (0.146) (0.185) 

Food & Beverage 0.546*** -0.134 0.304 0.397* 0.284 

 (0.152) (0.191) (0.257) (0.219) (0.190) 

Bookstores 0.660*** 0.641** 0.068 0.038 0.337 

 (0.138) (0.313) (0.585) (0.269) (0.357) 

Dry Cleaning 0.340 0.845* -0.293 -0.133 0.546 

 (0.316) (0.475) (0.853) (0.600) (0.499) 

Movie Theaters 0.343*** 0.915*** 0.562*** 0.324*** 0.767*** 

 (0.064) (0.125) (0.200) (0.07) (0.44) 

Heating Deg. Days 0.807*** 0.757*** 0.632*** 0.806*** 0.315*** 

 (0.083) (0.086) (0.087) (0.113) (0.104) 

Cooling Deg. Days -0.037 -0.109 -0.207 0.291* -0.142 

 (0.188) (0.199) (0.571) (0.170) (0.281) 

Num. of MSA-regions 251 251 251 251 251 

BT IV X X  X X 

Corrected Wages and Rents  X X X X 

Puma Amenity Index    X X 

Calibrated Exp. Share     X 
Notes: This table reports results from 5 separate regressions that correspond to coefficents unreported in Table 3 for amenities from the labor supply 

equation of the GMM system described in Section 5. All variables except ‘EPA Air Quality Index’ correspond to levels per 1,000 residents. Each 

numbered pair of columns corresponds to a single regression, where double columns report estimates separately for workers with and without a 

college education, and single columns report an estimate common across worker types. Variables measure inter-decade changes between 1980-

2000. ‘BT IV’ Indicates whether Bayer-Timmins instruments for endogenous amenities were included. ‘Corrected Wages and Rents’ indicates 

whether quality-adjusted rents and migration-adjusted wages were used for the estimation in lieu of the raw data. ‘Calibrated Exp. Share’ sets the 

expenditure share of housing equal to the CEX level and hence no estimate is reported for this regression. Sample is all heads of household with 

nonzero labor income working full time. Standard errors in parentheses clustered by MSA.  *** Significant at the 1 percent level. ** Signficant at 

the 5 percent level. * Significant at the 10 percent level.      
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Appendices to Chapter III 

This appendix provides details on the construction of the data and welfare sections, the tabular 

results for robustness tests using alternate specifications, and descriptive  figures. In Appendix A, 

we provide further details on the data, including the rationale for the choice of the I-10W, 

background information on the I-10W, and details regarding matching of the aggregate PeMS flow 

and speed data to repeat transaction-level transponder data. In Appendix B we provide the 

calculations that we use to generate our welfare estimates, discuss parameter values, and present 

sensitivity analyses of the welfare results. Appendix C provides a proof that the general 

equilibrium effects of the policy can be upper-bounded by partial equilibrium estimates under 

reasonable assumptions. Appendix D includes descriptive figures related to each of the datasets 

and the ExpressLanes policy. Appendix E presents additional tables outlining descriptive statistics 

of our data, alternate specifications as robustness checks, regression discontinuity and RIF 

regression estimates of the welfare effects of the program, and welfare models as well as other 

supporting analysis.   
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Appendix A. Additional Data Discussion 

This appendix provides further details on the datasets discussed in Section III. 

Corridor Selection —The I-10 ExpressLanes corridor near downtown LA was selected for our 

central analysis based on a later start date than the I-110 ExpressLanes, which resulted in a higher 

rate of adoption of transponders at program start on the I-10.1 The Westbound direction of the I-

10, east of Downtown Los Angeles (running from El Monte to Downtown) is the predominant 

morning commuting direction as it connects a major residential center to a major employment 

center. The I-10 was selected as one of the targeted corridors for the ExpressLanes project based 

on its heavy morning congestion and the pre-existence of one HOV lane. As part of this program, 

the HOV lane was expanded to two lanes to allow for greater capacity. 

Prior to the ExpressLanes program, HOV lane access on this road required three or more people 

per vehicle during the morning peak (5:00 to 9:00 A.M.) and afternoon peak (4:00 to 7:00 P.M.) 

times, and two or more people per vehicle otherwise. Nearly all other HOV lanes in CA require 

two or more occupants during peak hours. Because this policy allows toll-paying ExpressLanes 

drivers to avoid the cost of carpool formation, the 3+ regulation may affect the decision of drivers 

to break their carpool, forgo the carpool formation cost and pay to drive in the I-10 as a SOV 

driver. For those not carpooling before the policy, the 3+ versus 2+ regulation only has an impact 

in so far as it creates a larger initial travel time differential between the HOV and mainline lanes. 

This differential, however, should not differ greatly across freeways, as regulators have set these 

occupancy requirements to keep congestion in HOV lanes similar across all roads, implying that 

despite the 3+ regulation on the I-10 we may expect to observe similar effects of the ExpressLanes 

                                                
1 In addition, the I-110 ExpressLanes started just before the Thanksgiving holiday when traffic patterns would be expected to deviate from regular  

commuting, and there was a blackout of transponders along the I-110 corridor right after the program start, making the use of regression 

discontinuity on that corridor problematic. 
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policy on HOV lanes on other freeways. Moreover, we find that the share of trips with the 

transponder switched to HOV-2 mode is relatively small (11.3 percent), both the result of the fact 

that the toll is the same for SOV and HOV-2 vehicles during the morning peak, so that it would 

need to be the case that the savings from shared vehicle use outweighed the carpool formation cost 

for HOV-2 driving to be preferable to SOV driving in the ExpressLanes. Second, because drivers 

are tolled the same amount during the morning peak regardless of whether the transponder is set 

to SOV or HOV-2, it seems possible that a non-trivial share of tolled drivers might be occupied 

by two persons where the driver has simply left the transponder in the SOV because the toll to be 

paid is no different. 

Of the two directions of travel, the westbound direction was selected for the following reasons. 

First, data was available for the I-210W, a competing route 5 miles north of the I-10. Travel times 

for this alternate route allow us to develop a more complete specification of the commuting 

patterns on the I-10W. Although the I-10, in general, has one of the highest detector concentrations 

of any freeway in general, the detector coverage in the westbound direction is particularly high 

(3.5 per mile in the mainline lanes, 2.73 per mile in the HOV lanes). This density ensures that the 

travel times reported by PeMS are not overly dependent upon a small set of detectors. 

Background on the I-10—The 10.5-mile section of the I-10W analyzed is shown in Map 1. It runs 

between the suburb of El Monte and downtown LA. With the exception of the 3+ occupant 

requirement during peak travel times, this route is fairly representative in terms of size and design 

for the L.A. region. The road generally has barriers on both sides with a shoulder for stopped 

vehicles on the right. Entry into the HOV lanes/ExpressLanes from the mainline is limited access 

at noted points, with a fine of $481 for occupancy violations or for crossing the double-yellow 

buffer between the HOV lanes/ExpressLanes and mainline lanes. Several park-and-ride lots exist 
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along the I-10 to encourage carpool formation, and vanpool availability was expanded in 

conjunction with the opening of the ExpressLanes. The Metrolink San Bernardino Line, a regional 

commuter rail option, tracks a significant portion of the route. 

Appendix Table E.5 presents average weekday travel time differences between the 

ExpressLanes and the mainline lanes. The table also reports total tolls and tolls normalized by the 

length of the road as well as standard deviations during the morning peak for the period of study: 

February 25th, 2013 until December 31st, 2013. Standard deviations in travel time can be 

interpreted as a measure of lane reliability. During the morning peak, travel times are between zero 

and forty-five minutes lower in the ExpressLanes than the mainline lanes, with the average at about 

7 minutes. Drivers have been shown to value both average travel time as well as the reliability of 

a route (Small, Winston and Yan 2005). The ExpressLanes provide higher reliability with smaller 

variances in travel times compared to the mainline. 

Weather—For the purposes of RD and RIF regressions presented in Appendix Tables E.19 through 

E.28, we use local weather patterns a regression in speed and flow regressions. To match weather 

measures to the travel time data from PeMS, we follow the algorithm used in Auffhammer and 

Kellogg (2011). First, the Vincenty distance of each airport weather station to each PeMS detector 

is calculated using their geographical coordinates. The closest station to roughly two-thirds of the 

detectors is Hawthorne and Fullerton for the remainder. The weather data from these stations are 

matched to the travel time data for the I-10W. After these records have been matched, 0.07% of 

the travel time records are not matched to a full set of weather measures. These missing weather 

measures are imputed by regressing the observations where the closest station (Fullerton or 

Hawthorne) was active, for the relevant variable, onto the same variable for the remaining eight 

stations. The predicted values from that regression were used to replace the missing values. No 
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weather measures were subsequently missing. 

Matching Metro Transponder to PeMS Freeway Flow Data—In order to be confident in our 

estimation of the number of vehicles in each lane during the morning peak, on which the validity 

our welfare estimates rests, we reconcile vehicle count data from PeMS with transponder usage 

data from Metro in the following manner. PeMS records 30 second raw vehicle flow 

(vehicles/minute) data at detectors along the ExpressLanes, while the Metro transponder data 

tracks all individual trips that occur for varying distances along the 10.5 mile ExpressLanes I-10W 

corridor. First, we remove all vehicles recorded entering and exiting the same toll plaza, and thus 

traveling no distance, which correspond to errors in the recording of either entry or exit along the 

ExpressLanes. This corresponds to 12% of trips. Then we aggregate the total miles traveled by 

hour from the transponder data and divide that figure by the total ExpressLanes distance (10.5 

miles) to back out the implied number of agents traveling the entire length of the ExpressLanes. 

Finally, when we compare the total AM commuting pattern from this calculation to the average 

flows by hour in the PeMS data, we find that the two numbers match closely at 2,503 and 2,575, 

respectively, as Appendix Table E.1 displays. 
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Appendix B. Welfare Appendix 

This appendix provides further details of the assumptions and calculations of the welfare effects 

of the ExpressLanes derived in Section VII, as well as parameter estimation and choices and 

additional results under alternative econometric specifications and parameter assumptions. 

A. Welfare Model 

To begin, consider a classical transportation network (Vickrey, 1969) where a fixed number of 

agents select between the mainline and HOV lanes. In both markets, distortions stem from the 

failure of agents to consider external congestion costs generating a wedge between the marginal 

private cost and the marginal social cost of travel. In our framework a social planner chooses 

price, 𝑃, to maximize welfare, 𝑊, defined as: 

(1) 𝑊 =  𝑁𝑆𝑂𝑉(𝑃)𝐶𝐸𝐿(𝑁𝐻𝑂𝑉 +𝑁𝑆𝑂𝑉(𝑃)) + 𝑂𝐻𝑂𝑉𝑁𝐻𝑂𝑉𝐶𝐸𝐿(𝑁𝐻𝑂𝑉 + 𝑁𝑆𝑂𝑉(𝑃))  +

 𝑁𝑀𝐿𝐶𝑀𝐿(𝑁𝑀𝐿 − 𝑁𝑆𝑂𝑉(𝑃)) + 𝑁𝐻𝑂𝑉𝑂𝐻𝑂𝑉𝛼𝜏𝐻𝑂𝑉 + 𝐵𝐶(𝑁𝐻𝑂𝑉 + 𝑁𝑀𝐿) 

𝑁𝑖 is the number of agents of type i, 𝐶𝑗(𝑁) is the private cost of travel in lane 𝑗 with 𝑁 vehicles, 

𝑂𝐻𝑂𝑉  is occupancy requirement for a carpool, 𝜏𝐻𝑂𝑉 is the time consumed for carpool formation 

and 𝐵𝐶  is the private cost of car ownership. The regulator, by choosing price 𝑃 chooses a number 

of mainline drivers to move into the ExpressLane as SOV drivers, 𝑁𝑆𝑂𝑉(𝑃).
1  

The marginal welfare effect of changing price is  

(2)  
𝑑𝑊

𝑑𝑃
 =  

𝑑𝑁𝑆𝑂𝑉(𝑃)

𝑑𝑃
[𝐶𝑀𝐿(𝑁𝑀𝐿 −𝑁𝑆𝑂𝑉(𝑃)) − 𝐶𝐸𝐿(𝑁𝐻𝑂𝑉 +𝑁𝑆𝑂𝑉(𝑃)) ] ⏟                                      

𝑃𝑟𝑖𝑚𝑎𝑦 𝑊𝑒𝑙𝑓𝑎𝑟𝑒 𝐺𝑎𝑖𝑛

+

 (𝑂𝐻𝑂𝑉𝑁𝐻𝑂𝑉 +𝑁𝑆𝑂𝑉(𝑃)) [
𝑑𝐶𝐸𝐿

𝑑𝑁𝑆𝑂𝑉(𝑃)

𝑑𝑁𝑆𝑂𝑉(𝑃)

𝑑𝑃
]

⏟                            
𝐷𝑖𝑟𝑒𝑐𝑡 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝐸𝑓𝑓𝑒𝑐𝑡

 +  𝑁𝑀𝐿 [
𝑑𝐶𝑀𝐿

𝑑𝑁𝑆𝑂𝑉(𝑃)

𝑑𝑁𝑆𝑂𝑉(𝑃)

𝑑𝑃
]

⏟              
𝑆𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦 𝐼𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 𝐸𝑓𝑓𝑒𝑐𝑡

 

                                                
1 𝑁𝑆𝑂𝑉(𝑃) is decreasing in P for several reasons. First as P increases some drivers may be willing to accept late arrival. Second as P increases speeds 

will increase which will imply SOV drivers need to consume fewer miles to arrive on time. As in section III we assume the carpool formation time 

costs are lower for HOV agents than the time differential of the Mainline travel as a single driver. Therefore, an urgent carpool will break and pay 

the toll to travel as an SOV. 
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The first term in this expression represents the primary welfare gain of allowing more SOV 

drivers into the ExpressLanes. The second term represents the direct interaction effect of the 

program. By slowing the ExpressLanes, carpoolers (and prior SOVs) drivers experience private 

travel costs. With the doubling of capacity and the removal of some preexisting violators and 

carpools, the HOV lanes were in free flow before the program. Free flow conditions allow driver 

discretion, as opposed to congestion, to determine speed and result in very low or even zero 

external congestion costs. The final term represents the secondary interaction effect, which is the 

private travel benefits in the mainline lanes from removing 𝑁𝑆𝑂𝑉  drivers.  

Primary Welfare Gain.— The toll revenue measures the minimum primary welfare benefit. 

Direct Interaction Effect.— To measure the interaction effects requires estimation. HOV and 

mainline drivers can potentially face travel time, schedule delay, and schedule constraint costs. 

Travel time costs, evaluated with 𝛼, can be captured by estimating the change in average travel 

time due to the ExpressLanes program. Schedule delay costs are somewhat more challenging 

because they require knowledge of t*, which we do not observe. To empirically proxy for the 

extent of schedule delay, we examine distributional changes to travel time. Here we follow prior 

literature that has examined changes to the spread of the 50th and 80th quantiles of travel time 

known as reliability. The larger this difference is, the more total schedule delay time a driver will 

face. Under ideal circumstance will capture changes in bottleneck structure as a result of the 

program. These schedule delays can be evaluated as some weighted average of early and late 

arrival parameters, 𝛽 and 𝛾, using the value of reliability. Prior estimates of the value of reliability 

have found it to be roughly equal to the value of time (Brownstone and Small, 2005) with the 

general range being 0.7 to 1.3 times the value of time (Li et al. 2010). We recognize that this 
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measure is not guided by the structure in the theory but it in principle proxies for changes in 

schedule delay.2 Finally inability to observe t* also prevents us from observing urgency costs and 

benefits; however, we can use the bottleneck model to bound these effects in several important 

cases. 

Secondary Interaction Effect.—Removing SOVs will ultimately lower total demand in the 

mainline lanes, but in the short run the requirement to hold a transponder forced some vehicles 

from the HOV lanes. While these broken carpools may dominate the removed SOV effect in the 

short-run, total car counts later in the program show that ultimately the program brings more 

vehicles into the HOV lanes. Any flow change is, however, unlikely to be observed in empirical 

measures because congestion changes in the mainline lanes will lead to a reallocation of agents 

across freeways (Bento, Kaffine, Roth, and Zaragoza-Watkins, 2014). These general equilibrium 

effects will reallocate these benefits to another road, but the hypothetical partial equilibrium 

welfare effects represent an upper bound on the magnitude of these benefits.  

 

B. Parameter Assumptions 

Policy and Travel Characteristics.— 

 Speed Flow Elasticity.—This elasticity is assumed to be -0.6 based on regressions of speed on 

occupancy and occupancy on flow along the corridor. Following Burger and Kaffine (2009), we 

use hourly PeMS data for all of District 7 for 8 months from September 2012-April 2013, 

corresponding to both the pre-ExpressLanes period and after the program was in effect.3 We 

regress the log of speed on occupancy including detector-level fixed effects resulting in an 

                                                
2 The other commonly used measure is standard deviation (Li et al. 2010), which problematically is a symmetric measure. The use of time 

differential between quantiles also suggests it is not intended to capture urgency, because it scales on a per -hour basis. We cannot, however, be 

certain that the empirical estimates of this parameter are not capturing some urgency costs.  
3 All observations where the percent of lanes with observed data where less than 100% were dropped. All observations with flow, speed or 

occupancy equal to zero are dropped. 
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estimated elasticity of -0.6.4 We estimate the occupancy flow elasticity to be 1.0, which comes 

from regressing occupancy on the log flow with detector fixed effects, which is consistent with 

what Burger and Kaffine find. Using the product of these elasticities produces a speed-flow 

elasticity that is unaffected by the backward-bending speed flow relationship and is effectively a 

local approximation to the true travel cost functions, which we use to locally estimate the 

congestion changes induced by the policy. 

 Occupancy Pattern.—Assumed occupancy of HOV-3 vehicles is 3 persons, HOV-2 vehicles is 2 

persons and SOV vehicles is one person.  

 Trips per Year and Month.—Assumed number of trips per month is 20 based on focus on AM 

peak commutes to work. 

 Total California Revenues.—Calculation of total possible revenues from hypothetical extension 

of the ExpressLanes policy to all HOV lanes in California is based on Caltrans figures for total 

HOV lane miles of 1,410.5 

Value of Time and Reliability—For our central welfare estimates, we assume a Value of Time of 

$10 based on an average hourly wage in Los Angeles of $20 (US Census 2008-2010 ACS) and 

the central estimates of the value of time in the transportation literature, which come out to 50% 

of the hourly wage (Small, 2012). Where applicable the assumed Value of Reliability is twice the 

VOT (Small, 2012), so $20 for Los Angeles area. 

Fuel Economy.—We assume an average fleet fuel economy of 20 miles per gallon, which is 

consistent with XXX. Estimates of the operating cost of the corridor are calculated based on 

                                                
4 Observations for which the occupancy is less than 5% are excluded (over the 5-minute interval, the percent of 30-second raw observations (10/lane) 

for which there was a vehicle driving over the sensor is less than 5%, i.e., less than 15 seconds of that 5 minute period). This is consistent with 

Burger and Kaffine, who estimate the elasticity to be -0.47.  Unlike these authors, we exclude observations corresponding to hypercongested 

conditions where the occupancy-flow curve is backward bending, which accounts for the larger elasticity. We remove totally free-flow conditions 

from the data, when driver speeds are entirely at the discretion of the driver (subject to min. and max. speed limits).  
5 See District 7 HOV Lane Fact Sheet, which reports total CA HOV lane-miles, 

http://www.dot.ca.gov/dist07/fl/chinese/programs/hov/docs/HOV%20Lane%20Fact%20Sheet.pdf.  
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assumed annual lane-mile cost of $12,000.6 

Average US Congestion.—We assume average annual congestion costs from urban traffic are 

$55, following Texas Transportation Institute (XXXX) calculations. 

Emissions per Mile and Social Cost of Emissions.—Based on observed average AM peak speeds 

in the ExpressLanes and mainline lanes and estimates from the California Air Resources Board, 

we assume per-mile Volatile Organic Compounds (VOCs) of 0.1 grams in the ExpressLanes and 

0.07 in the mainline lanes. We assume carbon monoxide emissions of 2.41 grams per mile in the 

ExpressLanes and 2.05 in the mainline lanes. Per-mile nitric oxide (NOx) are assumed to be 0.46 

grams in the ExpressLanes and 0.32 in the mainline lanes. Per-mile Particulate Matter 2.5 

(PM2.5) is assumed to be 0.003 grams in the ExpressLanes and 0.003 in the mainline lanes.  7 

Annual totals are calculated assuming 365 driving days per year, 1,626 vehicles (per hour?), and 

a length of the I-10W ExpressLanes of 10.5 miles. The cost per ton (?) is assumed to be $1,500 

for NOx, $4,100 for hydrocarbons, and $21 for CO2.8 Our estimates for the new traffic damages 

assume a 15% rebound effect, which comes from XXXX. 

 

C. Estimation of Interaction Effects 

We use a Regression Discontinuity (RD) strategy to obtain key parameters used in a welfare 

analysis of the ExpressLanes program. Flow, speed, and reliability are compared before and after 

the opening of the I-10W ExpressLanes with levels in previous days acting as a comparison group 

(Davis, 2008). These parameters allow us to calculate the number of agents affected by the 

program, and the travel time and reliability changes created by the program. We are primarily 

                                                
6 Source: Correspondence with LA Metro, April 15th, 2014. 
7 See http://www.arb.ca.gov/planning/tsaq/eval/evaltables.pdf, Table 4 for per mile emission calculations by speed. 
8 Cost estimates based on the transportation energy book,   http://web.mit.edu/cron/Backup/project/ 

urban_metabolism/TGOFF/readings%20and%20websites/Edition26_Full_Doc.pdf. 

http://www.arb.ca.gov/planning/tsaq/eval/evaltables.pdf
http://web.mit.edu/cron/Backup/project/%20urban_metabolism/TGOFF/readings%20and%20websites/
http://web.mit.edu/cron/Backup/project/%20urban_metabolism/TGOFF/readings%20and%20websites/
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focused on changes to the HOV lanes because welfare effects for mainline lanes are calculated 

from a partial equilibrium; nevertheless, we present results for both lanes as a check on 

magnitudes. 

 

Local Linear Regression Discontinuity.—In our main specification, outcome variable 𝑦ℎ𝑡
𝑖  in lane 

i at hour h on date t, is regressed on1(𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝐿𝑎𝑛𝑒𝑠𝑡), an indicator variable for observations after 

the implementation of the ExpressLanes program, a vector of covariates 𝑋ℎ𝑡, and a linear trend in 

date 𝑓(𝐷𝑎𝑡𝑒𝑡). 

 

 (3) 𝑦ℎ𝑡
𝑖 = 𝛼𝑖 + 𝛽𝑖 ∙ 1(𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝐿𝑎𝑛𝑒𝑠𝑡) + 𝜸

𝑖𝑿ℎ𝑡 + 𝑓(𝐷𝑎𝑡𝑒𝑡) + 휀ℎ𝑡
𝑖  

 

The coefficient of interest, 𝛽𝑖, is the treatment effect of the ExpressLanes policy on the outcome 

variable of interest. We take the policy date as February 23rd, 2014.9 The vector of covariates 𝑋ℎ𝑡
𝑖  

includes controls for day of week, logged gasoline price, weather (linear and quadratic rainfall and 

visibility), and the logarithm of lagged travel time on a competing route (I-210W). As people 

choose freeway routes based on travel updates in the hour before they leave home, we include 

travel time on the I-210W lagged by one hour. Standard errors are clustered at the weekly level. 

All covariates, except those for weather, gas prices and I-210W travel times are interacted with 

dummy variables for each station to account for variation in the trend of congestion as detectors 

drop in and out of the panel. 

Equation (3) includes a linear trend in date, 𝑓(𝐷𝑎𝑡𝑒𝑡). Imbens and Lemieux (2008) show that 

omitted time varying factors are controlled for with a linear trend within some local bandwidth of 

                                                
9 As the dependent variable is logged, a one-unit increase in 1(𝐸𝑥𝑝𝑟𝑒𝑠𝑠𝐿𝑎𝑛𝑒𝑡) would imply a percentage increase in travel times of exp (𝛽𝑖 − 1). 
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the discontinuity. We use a local linear method with a 60-day bandwidth to control for omitted 

factors.10 This local linear framework which has been shown to provide for better inference when 

time is forcing variable (Gelman and Imbens, 2014) and because we are limited to data 6 months 

before the start of the policy when road construction to add a second HOV lane occurred.11 

The beginning of the ExpressLanes policy identifies the short-run effect of the policy. These 

short-run estimates are valid for our primary goal of the relative magnitude of urgency compared 

with other welfare effects and for calculating the marginal external costs and benefits of adding or 

removing cars from the HOV or mainline lanes. In the welfare section we examine the robustness 

of our estimates to several important long-run adjustments.  

To estimate the flow, speed, and reliability changes in the lanes we estimate the effect of the 

ExpressLanes policy on three sets of detector-level outcome variables: logged hourly flow, logged 

hourly speed, and the quantiles of logged hourly speed. The estimated policy coefficient for flow 

gives the change in agents, and speed allows us to infer welfare changes from travel time. We 

estimate the effect of the policy on all quantiles of speed to infer reliability changes but focus on 

the 50th and 20th to calculate exact welfare effects as in Small, Winston and Yan (2005). 12 While 

reliability is usually measured by calculating the spread of the 50th and 80th quantiles of travel time, 

based on summary statistics, our concern is that without controls the omitted time-varying trends 

that bias estimates of the effect on the mean will bias estimates of the effect on the quantiles. To 

control for these trends without changing the interpretation of the estimate of the policy coefficient, 

we use Recentered Influence Function (RIF) regression in an RD framework to estimate the effect 

                                                
10 A triangular kernel is used in all specifications. We use this bandwidth because it gives the best sense of the robustness of the results, with 

bandwidths larger than 65 day tended to giving similar result to 65 days while those below 55 gave similar results as 55 days.  
11 Gelman and Imbens (2014) suggest causal effects based on higher order polynomials may be misleading. We present robustness checks using 

higher order polynomials in Appendix Table E. 28 which, nevertheless, give very similar results as the local linear estimation method presented in 

the text. Deletions include all those given in section III: weekends, holidays, and observations missing 30 second data. 
12 The effect of the policy on the 50th and 20th quantile of speed allows us to derive the effect on the spread between the 50 th to 80th quantiles of 

travel time. Lower quantiles of speed translate to longer quantiles of travel time. 
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of the policy on the unconditional quantiles of speed. 

Appendix Tables E.19 and E.20 present the local linear regression discontinuity results estimated 

with OLS. Appendix Table E.19 reports the point estimate and standard error for the coefficient 

of interest, the percentage effect of the ExpressLanes policy on mean flow. Column I displays 

results using a 55-day bandwidth, column II, our preferred specification, using a 60-day bandwidth 

and column III using a 65 day bandwidth. The point estimate in column II varies between -0.35 

and -0.19 over the four hours of the AM peak indicating that flow fell by between 17.3% and 

29.9%. The effect estimated here includes both the increase in SOV traffic and the removal of 

carpools without transponders. The negative estimate suggests that latter effect dominates the 

former, with total traffic decreasing by 533 vehicles in the HOV/ExpressLanes over the period 

from 5-9 AM. 

Columns IV, V, and VI display results using mainline detectors. Because changes in speed and 

flow in the mainline lanes will be offset by general equilibrium adjustments throughout the road 

network, we do not use these results in our welfare calculation below. Nevertheless we estimate 

the effect of the policy on the mainline lanes to show that the estimated directional effects are 

consistent with expectations. 

The point estimates in the mainline lanes are positive, suggesting some of carpools may have 

been displaced to these lanes, but they are not statistically significant. We do not have sufficient 

power to reject the partial equilibrium effect that would be expected if broken carpools were 

included and SOVs removed, but the average of the point estimates at 1.5% are roughly are less 

than would be anticipated, which suggests some reallocation of agents across the freeway system. 

Appendix Table E.20 reports the point estimates and standard errors for the effect of the policy 

on speed. We estimate a small but statistically significant speed decrease of about 3.6% (1.65 mph) 
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in the ExpressLanes across all bandwidths. Free flow in this lane suggests the changes we see here 

will largely be due to driver discretion. The table also presents the estimated effects of the 

ExpressLanes policy on mainline speeds. These point estimates are statistically insignificant across 

specifications. These provide little evidence that the policy affected mainline travel times.  

RIF Regression.—To estimate these effects, we use the method known as RIF-regression proposed 

by Firpo, Fortin and Lemieux (2009) to recover the partial effects of the policy on a statistic of 

interest. RIF-regression allows us to recover the effect of the policy on various quantiles of the 

speed distribution while controlling for many important covariates that might bias the estimated 

effect of the policy on travel time. While traditional conditional quantile regression allows for the 

introduction of controls, it changes the interpretation of the policy effect (Fortin, Lemieux and 

Firpo, 2011). Because drivers’ preferred arrival times are not conditional on factors such as day of 

the week or gasoline prices, it would be inappropriate to estimate conditional quantile effects as a 

measure of reliability. 

RIF-regression is similar to OLS regression except that it replaces the dependent variable, 𝑌, 

with the recentered influence function 𝑅𝐼𝐹(𝑦; 𝜈), which is then regressed on a set of covariates. 

The RIF is constructed by adding the influence function (Hampel, 1974) back to the summary 

statistic of interest. The exact transformation that the RIF applies is dependent upon the particular 

statistic, 𝜈.  The method is general in that if 𝜈 is the mean, it simplifies to 𝑦 and becomes a standard 

OLS regression, whereas when 𝜈 is the 𝜏-quantile it becomes  

(4)  𝑅𝐼𝐹(𝑦; 𝑞𝜏) = 𝑞𝜏 +
𝜏 − 1(𝑦 ≤ 𝑞𝜏)

𝑓𝑌(𝑞𝜏)
 

where 1(∙) is an indicator function and 𝑓𝑌  is the estimated density distribution of 𝑌.  

The benefit of this method is that it can be interpreted as the effect of the policy on the 

unconditional quantile. While this technique has largely been applied in the labor literature to study 
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wage dispersion, we apply it here to the introduction of a policy and are able to benefit from the 

identification provided by regression discontinuity.  

Appendix Table E.21 panel C presents the estimates of RIF-regression coefficients for the 

median and panel D for the 20th quantile, where standard errors are bootstrapped 200 times to 

account for the generated regressor utilized in the second stage estimator. The estimated effect at 

the 50th quantile, ranging between -0.095 and .001, is not statistically different within a given hour 

from that at the 20th quantile, ranging between -0.075 and 0 except at 5 and 6 AM when congestion 

has not fully built up yet. While both of these point estimates are statistically different from zero, 

implying the lane slowed, there is not enough precision in our estimates to confirm that reliability 

deteriorated. This is echoed in Appendix Figure C.3, which plots the point estimates of RIF-

regression coefficients for all 100 quantiles on both the HOV and mainline lanes. Decreased 

reliability in the HOV lanes would be inferred from this graph if the slope of the line connecting 

these coefficients was positive. A positive slope would imply that speeds decreased faster for 

already slow quantiles as a result of the policy; however, the estimates presented here display a 

fairly uniform decrease in speed across all quantiles.   

Central results for the mainline lanes are presented in Appendix Table E.21 column V and XI. 

The point estimates of between -0.003 and 0.257 at the median and between -0.052 and 0.033 at 

the 20th quantile are both statistically different from zero, but not from each other. While there is 

not sufficient power to show improved reliability, nevertheless Appendix Figure C.3 shows that 

the policy tended to increase speeds of slower times more than faster times, but the effects are not 

as precisely estimated as they are for the HOV lanes. The only portion that displays a consistently 

negative slope are the speeds above 50 mph, indicating improved reliability. These speeds are 

above the median and would therefore not enter a traditional measure of reliability.  
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Overall the estimates from both lanes suggest that the policy had a limited effect on within-lane 

reliability. Therefore the majority of changes from reliability will be from moving agents between 

HOV and mainline lanes, which have large preexisting differences in reliability. This is important 

in that one may be concerned that small scheduling changes for drivers in the rest of the system 

will have large urgency benefits or costs; however, these results suggest the policy had statistically 

insignificant results in terms of introducing additional uncertainty for drivers who did not take 

advantage of the ExpressLanes policy.  

Robustness using global polynomials, more bandwidth and kernel specifications, covariate 

checks, and removing starting and final road segments, which may be develop bottlenecks, are 

included in Appendix Tables D.24 through D.30 and show the results found here are robust to 

these changes. 

 

D. Effects of Program on Carpools 

Figure 3 plots the total flow data during peak periods and cumulative transponder adoptions 

from December 2012 through July 2013. Transponder adoption increases around two occasions: 

near the date of the opening of the ExpressLanes on the I-10 and three months earlier with the 

opening of the I-110 ExpressLanes. The pre-policy flow (from PeMS) is 2,500 3+ carpools. Post-

policy data (from EL) is disaggregated to 3+ carpools and paying SOVs.13 Roughly 1,500 SOV 

drivers entered the lanes on February 23, 2014, and 1,000 3+ carpoolers remained.14  Figure 3 also 

                                                
13 We use SOV to include 2+ carpools, which are required to pay the full fare during peak hours. These cars represent 24% of all SOVs however 

consumers face little incentive to report this status accurately as it provides no additional discount or penalty if incorrect during the peak. 
14 To calculate aggregate flow from individual transponder data requires some processing. Because most trips are not the full 10 .5 miles we sum 

the total number of miles and divide by 10.5. To verify the data, we can compare the average flows in the first 20 work days of the policy. While 

the PeMS and transponder data are recorded by separate regulatory institutions that count cars in very different ways we find an exceptional degree 

of alignment between the two sources in the post policy HOV lanes. PeMS records a daily average of 2,503 vehicles during the peak, while the 

transponder data implies 2,575 vehicles. 
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shows that 3+ carpools and SOVs continued to increase over time.15 Although the total flow in the 

ExpressLanes increases, the relative ratio of carpools to SOV drivers remains relatively constant 

over time.  The number of carpools did increase by 500 over the next few months but some 

carpoolers did not return. This decrease in demand, coupled with the capacity expansion in 

December 2013 suggests that the EL would be in free-flow without the addition of SOVs and well 

above the minimum speed of 45 mph. In this way it is more representative of the average HOV 

lane in the U.S., which experiences very low demand compared with most HOV lanes in LA which 

are near or beyond optimal capacity during peak hours.   

  

                                                
15 In discussion with authorities they suggest that some of pre-policy HOV vehicles that did not return were violators, which are easier to detect 

with the ExpressLanes monitoring equipment. 
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Appendix C. Upper bound on system-wide effects 

Here, we demonstrate that under reasonable assumptions, the partial equilibrium congestion 

interaction effect is an upper-bound on the system-wide congestion interaction effect, as discussed 

in Appendix B. Consider a scenario where we have a fast and direct route (m) such as the I-10 

between points A and B, and a number (n) of alternative options (o) that are either longer in 

distance, slower to travel, or at a less preferred time of day.  

 

Lemma 1. Given non-decreasing, convex congestion functions, the flow on the shortest travel time 

route is larger relative to other routes under a Nash equilibrium than under the social optimum. 

 Proof: We first compare, in general, the allocation of commuters under Nash equilibrium versus 

the social optimum. Suppose that travel time on route i is given by the following form: 

 

(5)  𝑇𝑇𝑖 = 𝛼𝑖 + 𝑓(𝐶𝑖) 

 

where 𝑓(𝐶𝑖) represents the convex congestion function such that 𝑓′(𝐶𝑖) > 0, 

𝑓′′(𝐶𝑖) > 0. We will assume that all o routes have identical free-flow and congestion functional 

forms, and that the direct route is fastest in free-flow, such that 𝛼𝑚 < 𝛼0.16 We will assume that 

there are 𝐶̅ people wishing to travel from point A to point B, such that 𝐶𝑚 + 𝑛𝐶0 = 𝐶̅ 

Nash Equilibrium requires that travel time be equilibrated across all routes, such that no driver 

could improve his well-being by utilizing a different route, and all drivers are allocated. Thus: 

 

                                                
16 In LA, routes with HOV lanes are generally heavily congested, following from the fact that transportation authorities often site HOV lanes on 

the most congested routes. 
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(6)  𝛼𝑚 + 𝑓(𝐶𝑚) = 𝛼0 + 𝑓(𝐶0)  and 𝐶𝑚 + 𝑛𝐶0 = 𝐶̅. 

 

Simply rearranging terms yields: (𝛼𝑚 − 𝛼0) + (𝑓(𝐶𝑚) − 𝑓(𝐶0)) = 0, and because 𝛼𝑚 < 𝛼0 , it 

follows that 𝑓(𝐶𝑚) > 𝑓(𝐶0) and thus 𝐶𝑚
∗ > 𝐶0

∗
 under Nash. 

How does the social planner’s allocation of drivers compare to the Nash outcome? A social 

planner would choose 𝐶𝑚 and 𝐶0 in order to minimize aggregate travel time: 

 

(7) min 𝐶𝑚(𝛼𝑚 + 𝑓(𝐶𝑚)) + 𝑛𝐶0(𝛼0 + 𝑓(𝐶0))  s. t.   𝐶𝑚 + 𝑛𝐶0 = 𝐶̅. 

 

Recognizing that 𝐶0 =
𝐶̅−𝐶𝑚

𝑛
 and differentiating with respect to 𝐶𝑚 yields the first order 

condition that: 

 

(8)  (𝛼𝑚 − 𝛼0) + (𝑓(𝐶𝑚) − 𝑓(𝐶0)) + 𝐶𝑚𝑓
′(𝐶𝑚) − 𝐶0𝑓′(𝐶0) = 0. 

 

If we consider the Nash allocation of commuters, the first two terms disappear, leaving the term 

𝐶𝑚𝑓
′(𝐶𝑚) − 𝐶0𝑓′(𝐶0) which is greater than zero as 𝐶𝑚

∗ > 𝐶0
∗
. Thus, for the optimal condition to 

hold, the social planner would remove vehicles from the fast, direct route (relative to the Nash 

level) and add vehicles to the other routes, such that 𝐶𝑚
∗ > 𝐶𝑚

𝑆
 and 𝐶0

∗ < 𝐶0
𝑆. ∎ 

Thus, the Nash number of vehicles in the fast, direct route exceeds the socially optimal level, 

and the number of vehicles in the slower, circuitous routes is too small. This leads us naturally to 

the main proposition demonstrating the desired result. 
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Proposition 1. Given non-decreasing, convex congestion functions, the partial equilibrium 

welfare gain from an improvement in travel time acts as an upper bound on the system-wide 

congestion interaction effect. 

Proof: Consider a partial equilibrium scenario where a fraction of vehicles are removed from 

the direct route, and drivers do not re-optimize their travel choices. This would clearly constitute 

a welfare gain for the remaining drivers as travel times improve. Now consider a general 

equilibrium scenario where this improved travel time caused drivers to re-optimize. Cars would 

move from the slow, circuitous routes to the direct route, further reducing the number of cars on 

the circuitous routes relative to the social optimum. Simultaneously, the number of cars on the 

direct route would also increase, also moving away from the social optimum. Thus, the partial 

equilibrium welfare gain is eroded as drivers re-optimize, implying that the partial equilibrium 

welfare gain will upper-bound the general equilibrium welfare gain. 
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Appendix D. Additional Figures 
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Figure D.2.  Welfare Regions for Travel Time and Reliability Costs from Bottleneck Model 

with Urgency 

Figure D.3.  Quantiles of Speed in ExpressLanes/HOV Lanes before and during ExpressLanes 
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Figure D.1. Quantiles of Toll Paid per Mile by Hour of Day 

Notes: The figure displays the 10th, 25th, 50th, 75th, and 90th quantiles of the distribution of the toll paid for each ExpressLanes trip 
divided by the trip length in miles. Data cover the morning peak from May 9th, 2012 until February 22nd, 2013. Trips during 
weekends and holidays are removed as well as those for vehicles linked to public sector, corporate or unknown accounts. Trips 
with zero distance traveled, with willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time 
saving, are removed. Observations from PeMS where any of the 30 second observations are missing are also dropped. 
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FIGURE D.2. WELFARE REGIONS FOR TRAVEL TIME AND RELIABILITY COSTS FROM BOTTLENECK 

MODEL WITH URGENCY 
Notes: The figures depict the welfare loss to individual commuters from a daily commute in the bottleneck model with and without 
urgency. Solid lines refer to the boundaries of the queue formed at various points of the peak, while the dashed vertical line refers 
to the preferred arrival time t*. The red area in Panel A refers to the total time spent by commuters in traffic in minutes, which 

multiplied by the value of time equals their welfare loss. The green area in Panel B to the left of the dashed line constitutes the sum 
of early arrival time by all commuters in minutes, which multiplied by the appropriate early arrival penalty gives the total welfare 
loss from early arrival. The green area in Panel B to the right of the dashed line gives the sum of late arrival time by all commuters 
in minutes, which multiplied by the appropriate late arrival penalty gives the total welfare loss on a per-minute basis from late 
arrival. The blue area represents the mass of commuters that are late at all, and multiplying this number by the value of urgency 
gives the cost associated with any late arrival independent of the number of minutes late. 
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Figure D.3. Quantiles of Speed in ExpressLanes/HOV Lanes before and during 

ExpressLanes Program 

Notes: The figure displays the quantiles of speed for HOV and mainline lines before (indicated by “Baseline”) and after 
implementation of the ExpressLanes. Data cover the morning peak from May 9th, 2012 until February 22nd, 2013. Weekends, 
holidays and observations where any of the 30 second observations are missing are dropped. 



 

207 

 

Appendix E. Additional Tables 

 

Table E.1.     Comparison of Vehicle Counts     

Table E.2.     Key Trip-Level Statistics by Decile of Travel Time Savings   

Table E.3.     Entry-Exit Frequency Matrix     

Table E.4.     Segment Frequency by Travel Time Savings Decile    

Table E.5.     Trip-Level Summary Statistics     

Table E.6.     Lane Use Frequency by Hour      

Table E.7.     Monthly Frequency by Travel Time Savings Decile    

Table E.8.     Transponder Usage Behavior       

Table E.9.     Plausibility Check on Effect Sizes      

Table E.10.   Regression of Total Toll on Time Differentials: Other Functional Form Models 

  

Table E.11.   Regression of Total Toll on Time Differentials: Half Hour Fixed Effects  

Table E.12.   Regression of Total Toll on Time Differentials: Restricted Time Windows  

Table E.13.   Regression of Total Toll on Time Differentials: Potential Measurement Errors 

  

Table E.14.   Regression of Total Toll on Time Differentials: Segment Robustness  

Table E.15.   Regression of Total Toll on Time Differentials: Further Robustness Checks  

Table E.16.   Regression of Total Toll on Time Differentials: Other Corridors  

Table E.17.   Regression of Distance on Exit Time      

Table E.18.   Regression of Total Toll on Time Differentials: Standard Error Clustering  

Table E.19.   Regression of Total Toll on Time Differentials: Reliability Robustness 



 

208 

 

Table E.20.   Regression of Total Toll on Time Differentials: Including Negative Travel Time 

Difference in Reliability 

Table E.21.   Regression of Total Toll on Time Differentials: AM Peak Usage for AM Peak Only 

Drivers versus AM & PM Peak Drivers 

Table E.22.   Regression of Total Toll on Time Differentials: SOV versus HOV-2 Drivers 

Table E.23.   Regression of Total Toll on Time Differentials: Average Uses per Week by Month 

and Account Number 

Table E.24.   Regression of Total Toll on Time Differentials: Gas Price Below and Above $4 

Table E.25.   Regression of Total Toll on Time Differentials: Weather Robustness 

Table E.26.   Regression of Total Toll on Time Differentials: I-210W ML Speeds Relative to 

Average 

Table E.27.   Regression of Total Toll on Time Differentials: Travel Time Difference Relative to 

I-210W ML 

Table E.28.   Local Linear Regression Discontinuity Estimates: Flow    

Table E.29.   Local Linear Regression Discontinuity Estimates: Speed 

Table E.30.   Local Linear Regression Discontinuity Estimates: RIF of Speed  

Table E.31.   Regression Discontinuity Dataset Summary Statistics and Local Linear Regression 

Full Coefficients for AM Peak    

Table E.32.   Local Linear Regression Discontinuity Estimates: Covariate Sensitivity (Flow & 

Speed)  

Table E.33.   Local Linear Regression Discontinuity Estimates: Covariate Sensitivity (RIF) 

  

Table E.34.   Local Linear Regression Discontinuity Estimates: Placebo Effects  



 

209 

 

Table E.35.   Global Polynomial Regression Discontinuity Estimates   
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TABLE E.1—COMPARISON OF VEHICLE COUNTS 

 I II  III 

ExpressLanes Transponder Data  PeMS 

Hour 

Total Vehicle 

Miles 

Implied Vehicle 

 

Average Vehicles 

Traveled Per Hour per Hour 

5 12,855 306  304 

6 30,370 723  657 

7 36,035 858  822 

8 28,884 688  720 

Total 108,144 2,575  2,503 

Notes: Data cover weekdays between February 25th, 2013 and February 29th, 

2013, corresponding to the first week of the program. Total miles are calculated 

from ExpressLanes transponders and are divided by the number of days in the 

sample and 10.5 miles to give the average number of vehicles that would be 

expected over a PeMS detector. PeMS observations are dropped where any of 

the 30 second observations are missing. 
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TABLE E.2—KEY TRIP-LEVEL STATISTICS BY DECILE OF TRAVEL TIME SAVINGS 

            
Panel A. Travel Time & Vehicles     

I II III IV V   VI VII VIII 

Travel Time Savings     

Decile of 
Time 

Savings 

in 
Hours 

Post 
Mile of 
Start1 

Post Mile 
of Finish1 

Trip 
Distance 
in Miles 

 Top 3 Cars2 

1 0.01 26.3 19.39 6.91  Honda - Accord Honda - Civic Toyota - Camry 
2 0.03 26.92 20.03 6.9  Honda - Accord Honda - Civic Toyota - Camry 
3 0.05 27.08 19.99 7.08  Honda - Accord Honda - Civic Toyota - Camry 
4 0.07 27.19 20.01 7.17  Honda - Accord Toyota - Camry Honda - Civic 
5 0.09 27.36 20.23 7.12  Toyota - Camry Honda - Accord Honda - Civic 
6 0.11 27.53 20.6 6.93  Honda - Accord Toyota - Camry Honda - Civic 
7 0.14 27.61 $21.08 6.52  Honda - Accord Honda - Civic Toyota - Camry 
8 0.17 27.63 $21.56 6.07  Honda - Accord Toyota - Camry Honda - Civic 
9 0.21 27.63 $22.23 5.4  Honda - Accord Toyota - Camry Honda - Civic 
10 0.31 27.65 $22.58 5.07  Honda - Accord Toyota - Camry Honda - Civic 

Average 0.12 27.29 $20.77 6.52  Honda - Accord Toyota - Camry Honda - Civic 

 
Panel B. Trip Length & Hour of Day 

I  II III IV  V VI VII VIII 

  Miles Traveled (fraction)  Fraction of Cars in Each Hour 

Decile of Time 

Savings 
 3-5 5-7 7-10.5  5 6 7 8 

1  21.20% 30.90% 47.90%  36.20% 24.50% 22.50% 16.80% 

2  20.50% 37.50% 42.00%  24.10% 34.40% 20.50% 21.00% 

3  20.80% 32.10% 47.10%  9.70% 45.10% 24.50% 20.80% 

4  22.10% 28.20% 49.70%  2.10% 40.60% 32.10% 25.20% 

5  23.20% 29.50% 47.20%  0.20% 34.30% 34.40% 31.10% 

6  25.30% 33.10% 41.60%  0.00% 28.50% 38.70% 32.80% 

7  30.80% 35.20% 34.00%  0.00% 22.00% 40.90% 37.10% 

8  35.70% 39.40% 24.90%  0.00% 15.60% 42.60% 41.80% 

9  48.10% 36.30% 15.50%  0.00% 8.10% 45.30% 46.60% 

10  62.10% 21.20% 16.70%  0.00% 5.00% 42.00% 53.00% 

Average  31.00% 32.30% 36.70%  7.20% 25.80% 34.40% 32.60% 

 
Panel C. Tolls & Wages 

I II III IV V  VI VII VIII IX 

 Average Total Toll by Hour  
Average Zip Code-Level Hourly Wage by 

Hour 

Decile of Time Savings 5 6 7 8  5 6 7 8 

1 $2.86 $3.41 $4.04 $4.04  $19.39 $19.34 $19.52 $19.55 

2 $2.45 $3.20 $4.13 $4.06  $19.35 $19.42 $19.46 $19.78 

3 $2.29 $3.19 $4.36 $4.10  $19.37 $19.53 $19.63 $19.76 

4 $2.23 $3.19 $4.56 $4.25  $19.34 $19.65 $19.63 $19.74 

5 $2.07 $3.12 $4.79 $4.33  $19.19 $19.64 $19.63 $19.90 

6 $1.95 $2.87 $4.66 $4.35  $19.04 $19.59 $19.56 $19.94 

7 — $2.65 $4.20 $4.24  — $19.50 $19.53 $20.01 

8 — $2.82 $3.89 $3.82  — $19.67 $19.50 $20.04 

9 — $3.01 $3.54 $3.40  — $19.67 $19.36 $19.88 

10 — $3.65 $3.59 $3.29  — $19.71 $19.42 $19.90 

Average $2.63 $3.10 $4.14 $3.90  $19.37 $19.55 $19.51 $19.88 
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Notes: Time savings are calculated from transponder information on vehicle distance traveled and speed compared 
with PeMS mainline speed data. Trips during weekends and holidays are removed as well as those for vehicles linked 
to public sector, corporate or unknown accounts. Trips with zero distance traveled and the 7.22% of observations with 
negative time saving, are removed. Observations from PeMS where any of the 30 second observations are missing are 

also dropped. Each decile contains 46,624  trips. 
1ExpressLanes on the I-10W run from post mile 27.84 until post mile 18.16, where a higher post mile implies a 

location farther from Downtown Los Angeles. 
2Corresponds to the vehicle make and model registered to the transponder account. 

 

 

 

 

TABLE E.3—ENTRY-EXIT FREQUENCY MATRIX 

 I II III IV 

 Exit Plaza 

Entry Plaza WT03 WT04 WT05 WT06 

WT01 111,446 126,106 16,533 146,939 

WT02 0 11,030 1,079 24,033 

WT03 — 333 286 8,145 

WT05 — — — 20,302 
Notes: This table reports the frequency of observations by entry and exit toll plaza 

for the morning peak (5-9 AM) on workdays from February 25th, 2013 until 

December 30th, 2013 in the Metro transponder data. Trips with zero distance 

traveled and the 6.2% of observations with negative time saving, are removed. 

WT01 and WT02 are entry only. WT04 and WT06 are exit only. 
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TABLE E.4—SEGMENT FREQUENCY BY TRAVEL TIME SAVINGS DECILE 

 I II III IV V VI VII VIII IX X XI 

Decile 

of Time 

Savings 

2 3 4 5 8 9 10 12 13 14 17 

1 15.13% 16.00% 5.10% 18.68% 2.93% 0.93% 12.08% 0.13% 0.38% 7.31% 21.33% 

2 17.54% 28.61% 5.82% 20.99% 4.30% 0.44% 8.14% 0.21% 0.11% 4.39% 9.44% 

3 22.75% 24.51% 5.35% 25.58% 6.86% 0.30% 7.05% 0.19% 0.04% 2.05% 5.32% 

4 31.27% 22.17% 3.60% 26.71% 5.73% 0.15% 6.50% 0.07% 0.02% 1.24% 2.54% 

5 35.32% 24.85% 3.33% 26.48% 2.21% 0.11% 4.93% 0.04% 0.02% 0.81% 1.90% 

6 33.44% 28.53% 2.92% 29.33% 0.73% 0.18% 3.03% 0.05% 0.02% 0.37% 1.39% 

7 35.44% 27.92% 2.45% 30.70% 0.40% 0.05% 2.00% 0.02% 0.01% 0.29% 0.72% 

8 26.87% 31.95% 2.24% 36.08% 0.25% 0.08% 1.75% 0.01% 0.01% 0.26% 0.50% 

9 13.23% 39.18% 1.99% 42.34% 0.20% 0.05% 2.28% 0.00% 0.00% 0.35% 0.39% 

10 8.04% 26.74% 2.66% 58.28% 0.05% 0.03% 3.79% 0.00% 0.00% 0.40% 0.01% 

Notes: Values represent the percentage of trips in each decile that were taken over the listed road segment. Data cover the 

morning peak (5-9 AM) for work days from February 25th, 2013 until December 30th, 2013.  Trips with zero distance 

traveled and the 6.22% of observations with negative time saving, are removed. Observations from PeMS where any of the 

30 second observations are missing are also dropped. There are 46,624 trips per decile. 
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TABLE E.5—TRIP-LEVEL SUMMARY STATISTICS 

 I II III IV 

Panel A. All ExpressLanes Trips     

 Avg. Std. Dev. Min. Max. 

Toll (Total) $3.50 $1.60 $0.55 $14.70 

Toll per Mile $0.56 $0.24 $0.15 $4.74 

Distance in Miles 6.6 2.4 2.7 9.7 

Transponder Implied HOV Speed in MPH 65.3 6.1 16.8 145.5 

ML Speed in MPH 41.7 12.3 11.6 76.4 

Travel Time Savings in Minutes 6.9 5.4 0 45.8 

PeMS HOV Speed in MPH 55.9 4.3 16.6 75 

     

Panel B. ExpressLanes Trips Below Median Time Savings 

 Avg. Std. Dev. Min. Max. 

Toll (Total) $3.46 $1.54 $0.55 $14.70 

Toll per Mile $0.52 $0.26 $0.15 $4.74 

Distance in Miles 7 2.4 2.7 9.7 

Transponder Implied HOV Speed in MPH 65.9 6.4 17.7 125.8 

ML Speed in MPH 51.8 8.1 15.9 76.4 

Travel Time Savings in Minutes 2.8 1.6 0 5.7 

PeMS HOV Speed in MPH 56 3.9 16.6 75 

     

Panel B. ExpressLanes Trips Above Median Time Savings 

 Avg. Std. Dev. Min. Max. 

Toll (Total) $3.53 $1.66 $0.55 $14.70 

Toll per Mile $0.60 $0.21 $0.15 $4.74 

Distance in Miles 6.1 2.4 2.7 9.7 

Transponder Implied HOV Speed in MPH 64.8 5.7 16.8 145.5 

ML Speed in MPH 31.7 6.2 11.6 56.6 

Travel Time Savings in Minutes 11 4.8 5.7 45.8 

PeMS HOV Speed in MPH 55.9 4.6 17.5 75 

Notes: This figure compares tolls and transponder speeds from Metro transponder data to speeds in 

the mainline and ExpressLanes/HOV lanes in PeMS. Data cover the morning peak (5-9 AM) from 

February 25th, 2013 until December 30th, 2013. Time savings are calculated from transponder 
information on vehicle distance traveled and speed compared with PeMS mainline speed data. Trips 

during weekends and holidays are removed as well as those for vehicles linked to public sector, 

corporate or unknown accounts. Trips with zero distance traveled, and the 6.2% of observations 

with negative time saving, are removed. Observations from PeMS where any of the 30 second 

observations are missing are also dropped. 
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TABLE E.6—LANE USE FREQUENCY BY HOUR 

I II III IV V VI 

Panel A: First Month 

Decile of Time 

Savings 

 Hour 

 5 AM 6 AM 7 AM 8 AM 

Minutes Saved Number of Observations by Decile 

1 0.4 1,108 519 850 784 

2 1.2 988 1,077 643 553 

3 1.8 319 1,534 853 555 

4 2.5 118 1,768 822 553 

5 3.2 30 1,692 843 696 

6 3.9 5 1,024 1,285 947 

7 4.8 — 625 1,399 1,237 

8 5.7 — 209 1,748 1,304 

9 6.9 — 126 1,618 1,517 

10 10.1 — 4 1,632 1,624 

Avg. Minutes Saved 0.8 2.8 4.6 5.3 

Number of Observations 4,342 13,100 16,916 15,341 

      

Panel B: Full Time Period 

Decile of Time 

Savings 

 Hour 

 5 AM 6 AM 7 AM 8 AM 

Minutes Saved Number of Observations by Decile 

1 0.4 15,987 9,782 11,395 9,460 

2 1.0 12,355 15,467 9,105 9,696 

3 1.7 4,517 20,767 10,659 10,680 

4 2.4 804 22,420 13,187 10,212 

5 3.1 60 19,322 15,235 12,006 

6 3.9 7 14,164 18,143 14,310 

7 4.7 — 8,728 20,885 17,010 

8 5.6 — 5,670 22,493 18,460 

9 7.0 — 2,199 22,054 22,370 

10 11.0 — 1,766 16,989 27,868 

Avg. Minutes Saved 0.9 2.8 4.7 5.3 

Number of Observations 33,730 120,285 160,145 152,072 

Notes: This table presents trip information by hour and decile of travel time savings during 

work days. The frequency of trips by decile in each hour for the first month of the policy 

(February and March 2013) is given in Panel A and for the full dataset (February through 

December 2013) in Panel B. Average minutes saved by using the ExpressLanes compared 

with the mainline lanes, in minutes, is presented for each decile and each hour in the given 

time period. Trips with zero distance traveled and the 6.2% of observations with negative 

time saving, are removed. There are 46,624 trips per decile. Observations from PeMS where 
any of the 30 second observations are missing are also dropped. 
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TABLE E.7—MONTHLY FREQUENCY BY TRAVEL TIME SAVINGS DECILE 

 I II III IV V VI 

Decile 

of 

Time 

Savings 

One 

Month of 

Use 

1x per 

Month 

2-5x per 

Month 

6-10x per 

Month 

11-20x 

per Month 

>20x per 

Month 

1 5.20% 3.87% 31.61% 34.12% 24.33% 0.69% 

2 5.99% 2.98% 26.98% 33.40% 29.38% 1.12% 

3 6.26% 2.68% 24.53% 33.00% 32.19% 1.18% 

4 6.73% 2.61% 23.12% 33.13% 33.20% 1.04% 

5 6.66% 2.62% 23.56% 32.74% 33.33% 0.92% 

6 6.29% 2.51% 23.17% 32.96% 33.93% 0.98% 

7 6.32% 2.62% 23.35% 32.89% 33.83% 0.81% 

8 6.09% 2.83% 23.55% 32.36% 34.08% 0.92% 

9 6.08% 2.97% 23.68% 31.86% 34.31% 0.91% 

10 6.08% 3.06% 24.73% 32.06% 33.08% 0.80% 
Notes: The table presents the usage patterns of individuals by decile of travel time savings. First we 

categorize agents according to average number of trips (in any decile) per month. Then values given 

are the number of trips in that decile by agents with frequency of the listed column, implying that 

rows sum to 100%. Because the first month the agent adopts a transponder may not by typical, we 

construct average monthly use excluding the initial observed month. Agents who only use the lane for 
one month of data are given in the first column. Monthly use numbers are rounded up to the nearest 

integer. Data cover work days during the morning peak (5-9 AM) from February 25th, 2013 until 

December 30th, 2013.  Trips with zero distance traveled and the 6.2% of observations with negative 

time saving are removed. Observations from PeMS where any of the 30 second observations are 

missing are also dropped. 
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TABLE E.8—TRANSPONDER USAGE BEHAVIOR 

Panel A. Repeat Use by Drivers within a Day 

Fraction of EL AM peak users that use it as an SOV any time later 

that day: 24.7% 

Fraction of EL SOV AM peak users who drive SOV in the PM peak: 38.2% 

Fraction of EL HOV AM peak users who drive SOV in the PM peak: 4.7% 

Fraction of EL HOV AM peak users who drive HOV in the PM peak: 52.3% 

Fraction of EL SOV AM peak users who drive HOV in the PM peak: 3.5% 

       

Panel B. Average Price Regression1 

Constant  2.11*    

   (1.06)    

Travel Time in Hours 11.19***    

   (2.72)    

Avg. 5 min. Price per Route 1.36    

   (1.71)    

R2   0.17    

Number of Observations 466,232    

Log-Likelihood Value -864,975    

AIC   1,642,703    

BIC   1,642,736    
Notes: Data cover work days during the morning peak (5-9 AM) from February 25th, 2013 until December 

30th, 2013.  Trips with zero distance traveled, with willingness-to-pay values greater than $2,000 and the 

7.22% of observations with negative time saving, are removed. Observations from PeMS where any of the 

30 second observations are missing are also dropped. 
1"Travel Time in Hours" is the time saved by taking the ExpressLanes compared with mainline lanes, from 

mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, 

are in parentheses. 
*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent 

level. 
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TABLE E.9—PLAUSIBILITY CHECK ON EFFECT SIZES 

  Hour of AM Peak  

  5 6 7 
 
8 Total 

City-wide Traffic Flow1 HV 22,549 32,194 38,292 

 

34,261 127,296 

 ML 187,170 258,750 296,989 
 

284,069 1,026,978 

I-10W2 HV 463 1,219 1,655 
 

1,559 4,897 

 ML 5,254 6,079 5,612 
 

5,451 22,396 

        

    
Whole 
Day    

Daily L.A. Commuters by 
Car, Truck, or Van3    4,159,915    

o/w Carpooled    517,224    
o/w Drove Alone    3,642,691    

Total Number of Registered 

Transponders    128,699    
o/w from Zip Codes Proximate to I-10W4  10,734    

Number of I-10W EL Drivers 
with Transponder5    26,452    

o/w Private    25,032    
        

Caltrans I-10W HOV Manual Lane Car Counts (AM Peak 
Hourly Average)6 

Warwick 
Rd.  

Jackson 
Ave.  

 HV   1,777  2,295  
 ML   5,675  4,830  

Notes: Calculations based on flows for the first month of the program (February 23rd-March 31st 
2013) and transponder registration up to the end of March 2013. 

1Source: PeMS.        
2Source: LA Metro transponder data for HV and PeMS for ML. Note that HV flows differ from 

implied calculation reported in Appendix Table E.9. 
3Source: U.S. Census Bureau, 

ACS 2008-13.        
4Closest freeway with an HOV lane to each zip code in the counties surrounding L.A. 

5Excludes transponders from other California FasTrak® programs, public vehicles and violators. 
Average number of trips (all hours, including holidays and weekends) during this period is 6.3. 

6Source: CALTRANS and LA Metro. Count performed on June 4th, 2013 for the Warwick location 
and May 2nd, 2013 and September 26th, 2013 (ML and HOV, respectively) for the Jackson 

location. Postmiles for Warwick Rd. and Jackson Ave. are 21.86 and 25.09, respectively. 
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TABLE E.10—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: OTHER FUNCTIONAL FORM MODELS 

 Higher Order Terms  

 

No Constant 
 

 

Non-Linear Power Model 

 
I II III 

 
IV V VI VII VIII 

 
IX X 

   

Constant 2.89*** 3.09*** 3.29***       β0 2.85***  

 (0.32) (0.31) (0.31)        (0.36)  

Travel Time in Hours 11.13 -2.37 -20.03  37.59*** 62.27*** 88.15*** 117.72*** 152.25***    

 (14.93) (16.91) (13.87)  (3.94) (9.12) (13.11) (17.05) (20.14)    

Travel Time in Hours2 15.78 210.57 578.06***   -158.39*** -489.36*** -1073.32*** -2060.11*** β1 9.59 5.95*** 

 (87.27) (139.57) (140.05)   (18.82) (66.34) (166.42) (356.07)  (5.80) (1.81) 

Travel Time in Hours3 -65.29 -955.68* -3734.09***    795.29*** 3841.06*** 12384.09*** β2 0.90 0.16** 

 (134.37) (435.23) (724.12)    (127.18) (735.75) (2835.57)  (0.58) (0.06) 

Travel Time in Hours4  1202.68** 9533.69***     -4416.15*** -31963.92***    

  (452.76) (1696.70)     (1010.85) (8751.05)    

Travel Time in Hours5   -8399.45***      29022.69***    

   (1434.41)      (8925.67)    

Number of Observations 466,232 466,232 466,232  466,232 466,232 466,232 466,232 466,232  466,232 466,232 

AIC 1,652,865 1,649,554 1,646,926  2,106,127 1,951,494 1,881,085 1,839,839 1,810,528  1,654,945 1,676,121 

BIC 1,652,909 1,649,609 1,646,992  2,106,138 1,951,516 1,881,118 1,839,883 1,810,583  1,654,978 1,676,144 

Notes: Values shown are the coefficients of ten regressions of the toll paid on the regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, 

from mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. Data cover work days during the morning peak (5-9 AM) from 

February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are 

removed. Observations from PeMS where any of the 30 second observations are missing are also dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level.  

𝛽0 + 𝛽1(𝑇𝑟𝑎𝑣𝑒𝑙 𝑇𝑖𝑚𝑒) 
𝛽2 
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TABLE E.11—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: HALF 

HOUR FIXED EFFECTS 

 I II 

 Coef. Std. Err. 

Constant 2.51*** (0.32) 

Travel Time 8.01* (3.67) 

Half Hour Fixed Effects:   

5:30-6:00 0.04 (0.09) 

6:00-6:30 0.04 (0.20) 

6:30-7:00 0.42 (0.32) 

7:00-7:30 0.93* (0.45) 

7:30-8:00 1.17** (0.47) 

8:00-8:30 0.81* (0.44) 

8:30-9:00 0.57 (0.44) 
Notes: Values shown are from a regression of the toll paid on the regressands. Time, measured 

in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 

mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by 

road segment, are in parentheses. Data cover work days during the morning peak (5-9 AM) from 
February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with 

willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time 

saving, are removed. Observations from PeMS where any of the 30 second observations are 

missing are also dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 

percent level. 
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TABLE E.12—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: RESTRICTED TIME 

WINDOWS 

 I II 

Constant 2.28*** 3.15*** 

 (0.27) (0.32) 

Travel Time in Hours 19.09* -0.07 

 (9.20) (8.57) 

   

Limit on Trip Differential 3-5 min <3 min 

Number of Observations 119,064 203,032 

Notes: Values shown are the coefficients from 2 regressions of the toll paid on the regressands. Time, measured 

in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from mainline speeds 
reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. 

Data cover work days during the morning peak (5-9 AM) from February 25th, 2013 until December 30th, 2013.  

Trips with zero distance traveled, with willingness-to-pay values greater than $2,000 and the 7.22% of 

observations with negative time saving, are removed. Observations from PeMS where any of the 30 second 

observations are missing are also dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 
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TABLE E.13—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: POTENTIAL 

MEASUREMENT ERRORS 

 I II III IV 

Panel A. Base Regression & Measurement Error Models I  

Constant 2.94*** 2.94*** 2.97*** 2.94*** 

 (0.50) (0.50) (0.50) (0.50) 

Travel Time in Hours 11.05*** 5.53*** 9.70*** 7.67*** 

 (3.03) (1.51) (2.85) (1.99) 

R2 0.15 0.15 0.13 0.15 

 

Base 

Multiply 

time saved 

by 2 

Each 

segment is 

0.5 miles 

longer than 

measured 

ML 5 

mph 

slower 

than 

observed 

     

Panel B. Measurement Error Models II    

Constant 1.66*** 0.36 3.49*** 3.37*** 

 (0.47) (0.67) (0.66) (0.64) 

Travel Time in Hours 11.05*** 11.05*** 2.22** 3.51** 

 (3.03) (3.03) (0.83) (1.28) 

R2 0.15 0.15 0.03 0.05 

 

Add 7 minutes 

to ALL time 

savings 

Add 14 

minutes to 

ALL time 

savings 

ML Speed 

is Random 

[12-76.5] 

ML 

Speed is 

Random 

[15-65] 
Notes: Values shown are the coefficients from 8 separate regressions of total toll on the 

regressands with the indicated change to travel time saved. Standard errors, clustered by month, 

are in parentheses. Data cover work days during the morning peak (5-9 AM) from February 25th, 

2013 until December 30th, 2013.  Trips with zero distance traveled, with willingness-to-pay 

values greater than $2,000 and the 7.22% of observations with negative time saving, are 

removed. Observations from PeMS where any of the 30 second observations are missing are also 
dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 

percent level. 
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TABLE E.14—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: SEGMENT ROBUSTNESS 

 I II III IV V VI 

Segment number 2 3 4 5 7 8 

Entry Plaza WT01 WT01 WT01 WT01 WT02 WT02 

Exit Plaza WT03 WT04 WT05 WT06 WT03 WT04 

Constant 1.99*** 2.24*** 3.97*** 4.47*** — 1.37*** 

 (0.06) (0.05) (0.08) (0.14) — (0.05) 

Travel Time in Hours 7.57*** 6.83*** 12.95*** 9.51*** — 11.09*** 

 (0.60) (0.57) (1.28) (1.07) — (1.25) 

R2 0.16 0.31 0.34 0.3 — 0.2 

Number of Observations 111,446 126,106 16,533 146,939 0 11,030 

       

Segment number 9 10 12 13 14 17 

Entry Plaza WT02 WT02 WT03 WT03 WT03 WT05 

Exit Plaza WT05 WT06 WT04 WT05 WT06 WT06 

Constant 4.22*** 4.51*** 1.74*** 4.51*** 4.42*** 3.39*** 

 (0.14) (0.13) (0.11) (0.10) (0.11) (0.08) 

Travel Time in Hours 4.23* 3.02** 8.82*** -0.33 5.42** 3.19* 

 (1.82) (0.71) (1.67) (2.39) (1.52) (1.28) 

R2 0.03 0.04 0.15 0.00 0.04 0.00 

Number of Observations 1,079 24,033 333 286 8,145 20,302 

Notes: Values shown are the coefficients from 12 separate regressions of total toll on the regressands for the 

indicated road segment. Standard errors, clustered by month, are in parentheses. Data cover work days during the 

morning peak (5-9 AM) from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, 

with willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are 

removed. Observations from PeMS where any of the 30 second observations are missing are also dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 
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TABLE E.15—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: FURTHER ROBUSTNESS CHECKS 

 I II III IV V VI VII VIII 

Panel A. I-10 West  

Exclude 
HOV-2 
Trips 

Exclude 
Trips 

Ending 
at Final 
Plaza 

 
Morning 

Peak 

Not in I-
10E 

Afternoon 
Peak 

Day 
Off 

Peak 

Afternoon 
Peak 

Night 
Off 

Peak 
Weekend 

Constant 2.94*** 3.01*** 1.53*** 2.35*** 1.47*** 0.70*** 2.60*** 2.66*** 
 (0.50) (0.41) (0.22) (0.28) (0.21) (0.13) (0.46) (0.40) 

Travel Time in Hours 11.05*** 9.70** 8.69*** 19.37** 5.82 5.07** 7.30** 6.50* 
 (3.03) (3.36) (1.90) (7.10) (5.38) (1.17) (2.78) (3.34) 

R2 0.15 0.13 0.09 0.06 0.00 0.09   
Number of Observations 466,232 289,962 137,380 37,208 3,309 9178 352,165 266,813 

Average Toll $3.69 $3.33 $1.92 $2.61 $1.52 $1.29   
Ratio of Urgency to Total Toll 0.80 0.90 0.80 0.90 0.97 0.54   

Average Time Savings (Hrs.) 0.068 0.062 0.045 0.014 0.009 0.115   
Average Time Savings (Min.) 4.076 3.747 2.710 0.816 0.519 6.895   

         

Notes: Values shown are the coefficients from 12 separate regressions of the toll paid on the regressands. Time, measured in 
hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from mainline speeds reported by PeMS, 
for the chosen trip distance. Trips with zero distance traveled and the 7.22% of observations with negative time saving, are 

removed. Standard errors, clustered by road segment, are in parentheses. Data cover work days during the morning peak (5-9 
AM) from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with willingness-to-pay values 
greater than $2,000 and the 7.22% of observations with negative time saving, are removed. Observations from PeMS where 

any of the 30 second observations are missing are also dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 
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TABLE E.16—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: OTHER CORRIDORS 

 I II III IV V VI 

 I-10 East I-110 North I-110 South 

 
Morning 

Peak 
Afternoon 

Peak 
Morning 

Peak 
Afternoon 

Peak 
Morning 

Peak 
Afternoon 

Peak 

Constant 1.98** 2.26*** 3.58*** 2.42*** 2.18*** 2.38*** 

 (0.66) (0.53) (0.34) (0.24) (0.26) (0.25) 

Time in hours 6.25 23.42 21.16*** 6.10** 10.62* 11.23** 

 (5.31) (15.91) (3.47) (2.37) (5.58) (4.87) 

R2 0.08 0.02 0.10 0.04 0.07 0.05 

Number of Observations 20,213 320,666 474,762 259,110 234,671 646,562 

LL function -28,801 -520,991 -963,518 -331,190 -294,116 -1,072,068 

AIC 55,899 1,035,479 1,876,820 651,574 571,318 2,112,752 

BIC 55,915 1,035,500 1,876,843 651,595 571,339 2,112,774 

Average Toll $2.35 $2.43 $4.45 $2.57 $2.42 $2.79 

Ratio of Urgency to Total Toll 0.84 0.93 0.80 0.94 0.90 0.85 

Average Time Savings (Hrs.) 0.060 0.007 0.041 0.025 0.022 0.037 

Average Time Savings (Min.) 3.612 0.436 2.476 1.525 1.345 2.196 

 I-10 East I-110 North I-110 South 

 

Morning 
Peak 

Afternoon 
Peak 

Morning 
Peak 

Afternoon 
Peak 

Morning 
Peak 

Afternoon 
Peak 

Constant 1.54 1.94** 3.00*** 2.05*** 1.99*** 2.33*** 

 (0.88) (0.58) (0.26) (0.23) (0.31) (0.26) 

Time in hours 1.98 10.41 10.90*** 5.87*** 6.47** 7.11* 

 (1.36) (11.17) (2.82) (0.89) (2.76) (3.95) 

Reliability 30.17 92.95* 65.50*** 30.95* 22.76 21.27 

 (22.66) (40.11) (7.84) (14.18) (16.96) (18.07) 

Number of Observations 20,213 320,658 457,887 233,278 225,520 607,510 

Notes: Values shown are the coefficients of a 12 separate regressions of the toll paid on the regressands. Time, measured in 
hours, is the time saved by taking the ExpressLanes compared with Mainline Lanes, from Mainline speeds reported by PeMS, 
for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. Observations from morning peak 

hours are included with weekends and holidays removed.  
*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 
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TABLE E.17—REGRESSION OF DISTANCE ON EXIT TIME 

 I II III IV V VI VII VIII 

Panel A. AM Peak         

Exit time in Hours from Average 0.27*** 0.27*** 0.27*** 0.26*** 0.12***    

 (0.01) (0.01) (0.01) (0.01) (0.01)    

Exit time squared    0.06***     

    (0.02)     

Toll in Dollars Per Mile -3.59*** -3.13*** -3.13*** -3.58*** -2.62***    

 (0.07) (0.09) (0.07) (0.07) (0.05)    

Constant 8.61*** 8.33*** 8.33*** 8.59*** 6.67***    

 (0.05) (0.05) (0.05) (0.05) (0.03)    

Limitations  Acct FE 
Transponder 

FE 
 

Removing 
Full 

Segment    

R2 0.103 0.6589 0.6745 0.1031 0.1983    

Number of Observations 334,127 334,127 334,127 334,127 232,053    

         

Panel B. Hourly         

 Hourly 

Exit time in Hours from Average -0.27*** 0.12*** -0.04 0.12* 0.17*** 0.11*** 0.23*** 0.04 

 (0.06) (0.03) (0.06) (0.04) (0.05) (0.03) (0.05) (0.03) 

Dollars Per Mile -12.15*** -8.99*** -4.85*** -3.27*** -5.082*** -3.50*** -3.02*** -1.98*** 

 (0.43) (0.34) (0.19) (0.14) (0.10) (0.06) (0.09) (0.06) 

Constant 11.37*** 9.44*** 8.88*** 6.80*** 9.86*** 7.39*** 8.31*** 6.29*** 

 (0.19) (0.13) (0.10) (0.07) (0.09) (0.05) (0.08) (0.05) 

         

Limitations 5:00 AM 5:00 AM 6:00 AM 6:00 AM 7:00 AM 7:00 AM 8:00 AM 8:00 AM 

Drop Full Segment N Y N Y N Y N Y 

R2 0.2575 0.4813 0.1301 0.2271 0.1507 0.2654 0.0895 0.1388 

Number of Observations 21,374 16,896 84,569 58,921 115,011 78,643 113,173 77,593 

Notes: Values shown are the coefficients of a 16 separate regressions of the total distance traveled by commuters in the ExpressLanes 
on the regressands. Exit time, measured in hours, is the difference for each trip between the time exiting the lanes and the average for 
each transponder account. Standard errors, clustered by road segment, are in parentheses. Observations from morning peak hours are 

included with weekends and holidays removed. 
*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 
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TABLE E.18—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: STANDARD ERROR CLUSTERING 

 I II III IV V VI 

 I-10 W Morning Peak: Clustering 

 
Robust Day Week Month Account 

Week-
Segment 

Constant 2.94*** 2.94*** 2.94*** 2.94*** 2.94*** 2.94*** 

 (0.00) (0.04) (0.06) (0.08) (0.01) (0.50) 

Travel Time in Hours 11.05*** 11.05*** 11.05*** 11.05*** 11.05*** 11.05*** 

 (0.04) (0.70) (0.89) (0.89) (0.11) (2.97) 

R2 0.15 0.15 0.15 0.15 0.15 0.15 

Number of Observations 466,232 466,232 466,232 466,232 466,232 466,232 

Log-Likelihood Function -864,975 -864,975 -864,975 -864,975 -864,975 -864,975 

AIC 1,655,287 1,655,287 1,655,287 1,655,287 1,655,287 1,655,287 

BIC 1,655,310 1,655,310 1,655,310 1,655,310 1,655,310 1,655,310 

Average Toll $3.69 $3.69 $3.69 $3.69 $3.69 $3.69 

Average Time Savings (Hrs.) 0.068 0.068 0.068 0.068 0.068 0.068 

Average Time Savings (Min.) 4.076 4.076 4.076 4.076 4.076 4.076 

Notes: Values shown are the coefficients of 6 separate regressions of the toll paid on the regressands. 

Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, 
from mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road 

segment, are in parentheses. Data cover work days during the morning peak (5-9 AM) from February 

25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with willingness-to-pay values 

greater than $2,000 and the 7.22% of observations with negative time saving, are removed. Observations 

from PeMS where any of the 30 second observations are missing are also dropped. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent 

level. 
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TABLE E.19—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: RELIABILITY ROBUSTNESS 

 I II III IV V VI VII VIII IX 

 AM Peak AM Peak AM Peak 

Eve. Off-

Peak 

Eve. 

Off-

Peak PM Peak PM Peak 

Mid-day 

Off Peak 

Mid-day 

Off Peak 

Constant 2.769*** 2.505*** 2.677*** 1.023*** 

1.177**

* 1.842*** 2.078*** 0.992*** 1.110*** 

 (0.507) (0.462) (0.487) (0.116) (0.151) (0.223) (0.249) (0.141) (0.157) 

Travel Time in 

Hours 

12.951**

* 8.008** 9.455*** 7.885 

17.795*

* 11.604** 19.785** 4.929*** 5.631*** 

 (3.028) (2.691) (2.921) (4.596) (7.902) (5.210) (7.706) (1.531) (1.637) 

ML Reliability  

30.271**

*  

116.649*

*  

76.649**

*  

28.356**

*  

  (5.235)  (45.975)  (16.074)  (3.073)  

Reliability 

Difference   

26.521**

*  -8.996  

55.364**

*  

29.980**

* 

   (5.537)  (16.749)  (11.769)  (3.538) 

R2 0.190 0.321 0.267 0.018 0.005 0.205 0.105 0.214 0.195 

Number of 

Observations 574,175 538,329 538,329 5,536 5,521 51,379 51,379 175,567 175,567 

Note: Values shown are the coefficients of 9 separate regressions of the toll paid on the regressands. Time, measured in hours, is the time saved by taking the 

ExpressLanes compared with mainline lanes, from mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, 

are in parentheses. Data cover work days during the morning peak (5-9AM), evening off-peak (8PM-5AM), afternoon peak (4 -8PM) and mid-day off-peak 

(9AM - 4PM) from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with willingness-to-pay values greater than $2,000 and 
the 7.22% of observations with negative time saving, are removed. Observations from PeMS where any of the 30 second observations are missing are also 

dropped. Reliability is constructed from the 50th and 20th quantiles of travel time for the 55 minute window before and after each 5 minute observation. "ML 

Reliability" is the difference between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the difference between that measure in the 

mainline and in the HOV lanes, where negative values are set to zero. 
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TABLE E.20—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: 

INCLUDING NEGATIVE TRAVEL TIME DIFFERENCE IN RELIABILITY 

 I II III IV 

 AM Peak 

Eve. Off-

Peak PM Peak 

Mid-day 

Off Peak 

Constant 2.704*** 0.859*** 2.115*** 1.171*** 

 (0.490) (0.067) (0.257) (0.168) 

Travel Time in 

Hours 9.713*** 10.372*** 23.185** 6.332*** 

 (2.981) (3.338) (8.950) (1.782) 

Reliability 

Difference 24.244*** 

-

99.303*** 2.067 24.265*** 

 (5.229) (23.199) (5.950) (3.206) 

R2 0.259 0.037 0.082 0.179 

Number of 

Observations 538,329 5,521 51,379 175,567 
Note: Values shown are the coefficients of 4 separate regressions of the toll paid on 

the regressands. Time, measured in hours, is the time saved by taking the 
ExpressLanes compared with mainline lanes, from mainline speeds reported by 

PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in 

parentheses. Data cover work days during the morning peak (5-9AM), evening off-

peak (8PM-5AM), afternoon peak (4  - 8PM) and mid-day off-peak (9AM - 4PM) 

from February 25th, 2013 until December 30th, 2013.  Trips with zero distance 

traveled, with willingness-to-pay values greater than $2,000 and the 7.22% of 

observations with negative time saving, are removed. Observations from PeMS 

where any of the 30 second observations are missing are also dropped. Reliability is 
constructed from the 50th and 20th quantiles of travel time for the 55 minute window 

before and after each 5 minute observation.  "Reliability Difference" is the difference 

between that measure in the mainline and in the HOV lanes, where negative values 

are set to zero. 
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TABLE E.21—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: AM PEAK USAGE FOR AM PEAK ONLY DRIVERS VERSUS 

AM & PM PEAK DRIVERS 

 I II III IV V VI 

 AM Drivers AM Drivers AM Drivers 
AM-PM 
Drivers 

AM-PM 
Drivers 

AM-PM 
Drivers 

Constant 2.935*** 2.688*** 2.843*** 2.983*** 2.725*** 2.880*** 

 (0.504) (0.468) (0.484) (0.552) (0.508) (0.524) 

Travel Time in Hours 11.052*** 6.845** 8.021** 11.219*** 6.875** 7.976*** 

 (3.028) (2.852) (3.002) (2.447) (2.403) (2.481) 

ML Reliability  28.123***   27.214***  

  (5.282)   (4.845)  

Reliability Difference   24.762***   24.317*** 

   (5.235)   (4.634) 

R2 0.148 0.262 0.220 0.161 0.274 0.234 

Number of Observations 466,232 433,623 433,623 25,563 24,485 24,485 

Note: Values shown are the coefficients of 6 separate regressions of the toll paid during the AM peak period (5 - 9 AM) on the 

regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 
mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. 

Data cover work days from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with 
willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are removed. 

Observations from PeMS where any of the 30 second observations are missing are also dropped. Reliability is constructed 
from the 50th and 20th quantiles of travel time for the 55 minute window before and after each 5 minute observation. "ML 

Reliability" is the difference between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the 
difference between that measure in the mainline and in the HOV lanes, where negative values are set to zero. "AM Drivers" 
only appear in a given month as toll-paying SOV drivers during the AM peak period, while "AM-PM Drivers" appear in  a 

given month as a toll-paying SOV driver during both the AM and PM peak periods. 
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TABLE E.22—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: SOV VERSUS HOV-2 

DRIVERS 

 I II III IV V VI 

 SOV SOV SOV HOV-2 HOV-2 HOV-2 

Constant 2.914*** 2.669*** 2.822*** 2.990*** 2.737*** 2.900*** 

 (0.504) (0.463) (0.481) (0.500) (0.482) (0.492) 

Travel Time in 

Hours 

10.966**

* 6.735** 7.895** 

11.480**

* 7.365** 8.594** 

 (3.080) (2.817) (2.984) (2.852) (2.956) (3.046) 

ML Reliability  

27.951**

*   

28.789**

*  

  (5.041)   (6.202)  

Reliability 

Difference   

24.707**

*   

25.103**

* 

   (4.970)   (6.202) 

R2 0.146 0.261 0.219 0.156 0.271 0.228 

Number of 

Observations 352,165 329,400 329,400 114,067 104,223 104,223 

Note: Values shown are the coefficients of 6 separate regressions of the toll paid during the AM peak period (5 - 

9 AM) on the regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with 

mainline lanes, from mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered 

by road segment, are in parentheses. Data cover work days from February 25th, 2013 until December 30th, 2013.  
Trips with zero distance traveled, with willingness-to-pay values greater than $2,000 and the 7.22% of 

observations with negative time saving, are removed. Observations from PeMS where any of the 30 second 

observations are missing are also dropped. Reliability is constructed from the 50th and 20th quantiles of travel 

time for the 55 minute window before and after each 5 minute observation. "ML Reliability" is the difference 

between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the difference between 

that measure in the mainline and in the HOV lanes, where negative values are set to zero. 
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TABLE E.23—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: AVERAGE USES PER WEEK BY MONTH AND ACCOUNT 

NUMBER 

 I II III IV V VI 

Weekly Usage: 1x 2x 3x 4x 5x >5x 

Constant 2.856*** 2.775*** 2.821*** 2.950*** 3.110*** 2.755*** 

 (0.449) (0.451) (0.497) (0.532) (0.592) (0.550) 

Travel Time in Hours 7.159** 7.516** 8.267** 8.577*** 7.971*** 8.344*** 

 (3.205) (3.359) (2.982) (2.465) (2.418) (2.454) 

Reliability Difference 25.249*** 26.699*** 25.032*** 21.647*** 23.534*** 26.979*** 

 (5.686) (5.512) (5.353) (4.120) (7.089) (4.861) 

R2 0.209 0.217 0.223 0.214 0.235 0.252 

Number of Observations 90,468 100,092 138,546 87,620 10,542 6,355 

Note: Values shown are the coefficients of 6 separate regressions of the toll paid during the AM peak period (5 - 9 AM) on the 
regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 

mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. 
Data cover work days from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with 
willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are removed. 

Observations from PeMS where any of the 30 second observations are missing are also dropped. Reliability is constructed 
from the 50th and 20th quantiles of travel time for the 55 minute window before and after each 5 minute observation. "ML 

Reliability" is the difference between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the 
difference between that measure in the mainline and in the HOV lanes, where negative values are set to zero. 
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TABLE E.24—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: GAS PRICE BELOW AND ABOVE $4 

 I II III IV V VI 

 <$4 <$4 <$4 >$4 >$4 >$4 

Constant 3.085*** 2.842*** 2.975*** 2.815*** 2.476*** 2.699*** 

 (0.538) (0.501) (0.515) (0.460) (0.410) (0.435) 

Travel Time in Hours 10.733*** 7.359** 8.337** 10.541** 4.099 5.816 

 (2.783) (2.717) (2.830) (3.574) (3.000) (3.304) 

ML Reliability  22.788***   42.256***  

  (4.807)   (6.333)  

Reliability Difference   19.754***   37.160*** 

   (4.766)   (6.275) 

R2 0.150 0.235 0.199 0.120 0.313 0.251 

Number of Observations 253,671 253,671 253,671 212,561 179,952 179,952 

Note: Values shown are the coefficients of 6 separate regressions of the toll paid during the AM peak period (5 - 9 AM) on the 
regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 

mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. 
Data cover work days from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with 

willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are removed. 
Observations from PeMS where any of the 30 second observations are missing are also dropped. Reliability is constructed 
from the 50th and 20th quantiles of travel time for the 55 minute window before and after each 5 minute observation. "ML 

Reliability" is the difference between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the 
difference between that measure in the mainline and in the HOV lanes, where negative values are set to zero. Sample is 

partitioned for observations where weekly regular reformulated gasoline price for Los Angeles is below $4 (columns I-III) and 
above $4 (columns IV-VI). 
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TABLE E.25—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: WEATHER ROBUSTNESS 

 I II III IV V VI 

 Dry Dry Dry Rainy Rainy Rainy 

Constant 2.928*** 2.688*** 2.843*** 3.053*** 2.658*** 2.807*** 

 (0.505) (0.471) (0.487) (0.453) (0.340) (0.345) 

Travel Time in Hours 11.090*** 6.835** 8.010** 10.285** 7.719 9.163 

 (2.995) (2.793) (2.945) (4.569) (6.375) (6.768) 

ML Reliability  28.053***   28.825***  

  (5.295)   (5.907)  

Reliability Difference   24.643***   26.099*** 

   (5.264)   (5.853) 

R2 0.152 0.263 0.221 0.085 0.248 0.196 

Number of Observations 439,896 408,720 408,720 26,336 24,903 24,903 

Note: Values shown are the coefficients of 6 separate regressions of the toll paid during the AM peak period (5 - 9 AM) on the 
regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 

mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. 
Data cover work days from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with 
willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are removed. 

Observations from PeMS where any of the 30 second observations are missing are also dropped. Reliability is constructed 
from the 50th and 20th quantiles of travel time for the 55 minute window before and after each 5 minute observation. "ML 

Reliability" is the difference between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the 

difference between that measure in the mainline and in the HOV lanes, where negative values are set to zero. Sample is 
partitioned between hours on a given date with zero precipitation ("Dry") and otherwise ("Rainy"). 
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TABLE E.26—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: I-210W ML SPEEDS RELATIVE TO AVERAGE 

 I II III IV V VI 

 Below Avg. Below Avg. Below Avg. Above Avg. Above Avg. Above Avg. 

Constant 3.042*** 2.815*** 2.940*** 2.908*** 2.566*** 2.788*** 

 (0.531) (0.501) (0.515) (0.470) (0.404) (0.428) 

Travel Time in Hours 11.168*** 7.644** 8.661** 9.182** 3.506 4.995 

 (2.878) (2.666) (2.805) (3.753) (3.757) (3.924) 

ML Reliability  22.976***   39.846***  

  (4.851)   (6.402)  

Reliability Difference   19.984***   35.927*** 

   (4.871)   (6.195) 

R2 0.158 0.243 0.209 0.087 0.271 0.206 

Number of Observations 243,680 237,839 237,839 222,552 195,784 195,784 

Note: Values shown are the coefficients of 6 separate regressions of the toll paid during the AM peak period (5 - 9 AM) on the 
regressands. Time, measured in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from 

mainline speeds reported by PeMS, for the chosen trip distance. Standard errors, clustered by road segment, are in parentheses. 
Data cover work days from February 25th, 2013 until December 30th, 2013.  Trips with zero distance traveled, with 
willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are removed. 

Observations from PeMS where any of the 30 second observations are missing are also dropped. Reliability is constructed 
from the 50th and 20th quantiles of travel time for the 55 minute window before and after each 5 minute observation. "ML 

Reliability" is the difference between 80th and 20th quantiles in the mainline lanes, while "Reliability Difference" is the 
difference between that measure in the mainline and in the HOV lanes, where negative values are set to zero. "Below Avg." 

are observations where the average hourly speed on the I-210W for the preceding hour is at or below the average for that hour-
day of the week, and "Above Avg." is when it is above. 
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TABLE E.27—REGRESSION OF TOTAL TOLL ON TIME DIFFERENTIALS: TRAVEL TIME DIFFERENCE RELATIVE TO I-210W ML 

 I II III IV V VI VII VIII 

 AM Peak AM Peak 

Eve. 

Off-Peak 

Eve. 

Off-Peak PM Peak PM Peak 

Mid-day 

Off Peak 

Mid-day 

Off Peak 

Constant 2.923*** 3.099*** 1.320*** 1.426*** 2.123*** 2.383*** 1.144*** 1.290*** 

 (0.544) (0.571) (0.155) (0.177) (0.286) (0.316) (0.184) (0.207) 

Travel Time in Hours (I-210W) 6.217*** 7.991*** 4.065*** 6.254*** 5.077*** 7.234*** 4.761*** 5.344*** 

 (0.675) (1.001) (0.942) (1.801) (0.852) (1.730) (0.444) (0.552) 

ML Reliability 26.832***  58.008*  64.334***  29.365***  

 (3.870)  (27.165)  (14.566)  (2.023)  

Reliability Difference  21.818***  -10.901  48.161***  30.590*** 

  (2.854)  (21.850)  (9.418)  (2.018) 

R2 0.247 0.207 0.005 0.002 0.153 0.079 0.184 0.165 

Number of Observations 433,623 433,623 3,186 3,180 35,301 35,301 130,239 130,239 

Note: Values shown are the coefficients of 8 separate regressions of the toll paid during the AM peak period (5 - 9 AM) on the regressands. Time, measured 

in hours, is the time saved by taking the ExpressLanes compared with mainline lanes, from mainline speeds reported by PeMS, for the chosen trip distance. 

Standard errors, clustered by road segment, are in parentheses. Data cover work days from February 25th, 2013 until December 30th, 2013.  Trips with zero 
distance traveled, with willingness-to-pay values greater than $2,000 and the 7.22% of observations with negative time saving, are removed. Observations 

from PeMS where any of the 30 second observations are missing are also dropped. Reliability is constructed from the 50th and 20th quantiles of travel time 

for the 55 minute window before and after each 5 minute observation. "ML Reliability" is the difference between 80th and 20th quantiles in the mainline 

lanes, while "Reliability Difference" is the difference between that measure in the mainline and in the HOV lanes, where negative values are set to zero. 
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TABLE E.28—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: FLOW 

Parameter Estimates of Secondary Effects During AM Peak 

 I II III  IV V VI 

 ExpressLanes/HOV  Mainline Lanes 

Bandwidth (days) 55 60 65  55 60 65 

Panel A: 5 AM 

EL Policy -0.343*** -0.355*** -0.361***  0.069* 0.065* 0.062* 

 (0.04) (0.04) (0.04)  (0.02) (0.02) (0.02) 

 0.613 0.616 0.619  0.296 0.298 0.300 

Number of Observations 13,166 13,561 14,385  18,739 19,315 20,515 

        

Implied Number of Vehicles -103 -106 -108  371 349 332 

Partial Equilibrium 
Hypothetical Effect 

   
 

0.020 0.020 0.021 

Panel B: 6 AM 

EL Policy -0.207*** -0.225*** -0.232***  0.073 0.068 0.066 

 (0.04) (0.04) (0.04)  (0.08) (0.08) (0.08) 

R2 0.916 0.917 0.917  0.519 0.525 0.531 

Number of Observations 13,395 13,802 14,645  18,412 18,988 20,188 

        

Implied Number of Vehicles -132 -142 -146  470 436 423 

Partial Equilibrium 
Hypothetical Effect 

   
 

0.021 0.023 0.024 

Panel C: 7 AM 

EL Policy -0.167*** -0.192*** -0.205***  -0.028 -0.027 -0.027 

 (0.04) (0.05) (0.05)  (0.01) (0.01) (0.01) 

R2 0.924 0.924 0.924  0.827 0.828 0.828 

Number of Observations 13,467 13,875 14,727  18,316 18,892 20,092 

        

Implied Number of Vehicles -127 -144 -153  -163 -157 -157 

Partial Equilibrium 
Hypothetical Effect 

   
 

0.022 0.024 0.026 

Panel D: 8 AM 

EL Policy -0.202*** -0.218*** -0.225***  -0.057* -0.052* -0.050* 

 (0.03) (0.03) (0.03)  (0.02) (0.02) (0.02) 

R2 0.926 0.926 0.812  0.811 0.811 0.663 

Number of Observations 14,094 14,945 18,608  19,184 20,384 13,699 

        

Implied Number of Vehicles -132 -141 -145  -319 -292 -281 

Partial Equilibrium 
Hypothetical Effect 

   
 

0.023 0.024 0.025 

Notes: Values shown are the coefficients from 24 separate regressions of the logarithm of flow by lane 
on the regressands. Standard errors, clustered by week, are in parentheses. Covariates include the 

logarithm of gas price, the logarithm of hourly speed for the I-210W lagged by one hour, dummies for 
day of the week and month and quadratics in rainfall and visibility. All covariates except those for gas 

prices,  I-210W speeds and weather are interacted with dummies for each detector. Weekends and 
holidays and observations where any of the 30 second observations are missing are dropped. A 

triangular kernel is used in all regressions. Flow is the number of cars passing the average detector 
entering the regressions. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent 
level. 
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TABLE E.29—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: SPEED 

Parameter Estimates of Secondary Effects During AM Peak 

 I II III  IV V VI 

 ExpressLanes/HOV  Mainline Lanes 

Bandwidth (days) 55 60 65  55 60 65 

Panel A: 5 AM 

EL Policy -0.064*** -0.066*** -0.067***  -0.009 -0.007 -0.007 

 (0.01) (0.01) (0.01)  (0.01) (0.01) (0.01) 

R2 0.841 0.842 0.844  0.559 0.562 0.565 

Number of Observations 13,791 14,199 15,051  18,739 19,315 20,515 

        

Marginal Effect in MPH -3.65 -3.77 -3.82  -0.60 -0.47 -0.47 

Panel B: 6 AM 

EL Policy -0.027* -0.030** -0.031**  0.056 0.057 0.059 

 (0.01) (0.01) (0.01)  (0.09) (0.08) (0.08) 

R2 0.830 0.833 0.835  0.612 0.613 0.615 

Number of Observations 13,560 13,968 14,820  18,412 18,988 20,188 

        

Marginal Effect in MPH -1.46 -1.62 -1.67  3.06 3.12 3.23 

Panel C: 7 AM 

EL Policy -0.012* -0.013* -0.013*  0.074 0.090 0.099 

 (0.00) (0.01) (0.01)  (0.06) (0.06) (0.06) 

 0.691 0.686 0.684  0.716 0.712 0.710 

Number of Observations 13,487 13,895 14,747  18,316 18,892 20,092 

        

Marginal Effect in MPH -0.64 -0.70 -0.70  3.33 4.08 4.51 

Panel D: 8 AM 

EL Policy -0.016 -0.010 -0.007  0.061 0.101 0.121 

 (0.02) (0.02) (0.02)  (0.08) (0.08) (0.08) 

R2 0.659 0.659 0.678  0.674 0.671 0.681 

Number of Observations 14,107 14,959 18,608  19,184 20,384 20,384 

        

Marginal Effect in MPH -0.85 -0.53 -0.37  2.79 4.71 5.70 

Notes: Values shown are the coefficients from 24 separate regressions of the logarithm of speed by lane on 
the regressands. Standard errors, clustered by week, are in parentheses. Covariates include the logarithm of 
gas price, the logarithm of hourly speed for the I-210W lagged by one hour, dummies for day of the week 

and month and quadratics in rainfall and visibility. All covariates except those for gas prices,  I-210W speeds 
and weather are interacted with dummies for each detector. Weekends and holidays and observations where 

any of the 30 second observations are missing are dropped. A triangular kernel is used in all regressions. 

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level. 
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TABLE E.30—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: RIF OF SPEED 

Parameter Estimates of Secondary Effects During AM Peak 

  I II III   IV V VI   VII VIII IX   X XI XII 

  RIF(Median)   RIF(20th Quantile) 

  ExpressLanes/HOV   Mainline Lanes   ExpressLanes/HOV   Mainline Lanes 

Bandwidth (days) 55 60 65   55 60 65   55 60 65   55 60 65 

Panel A: 5 AM                 

   EL Policy -0.093*** -0.095*** -0.097***   -0.005 -0.003 -0.001   -0.074*** -0.075*** -0.076***   -0.017* -0.013* -0.011 

  (0.00) (0.00) (0.00)   (0.00) (0.00) (0.00)   (0.01) (0.00) (0.00)   (0.01) (0.01) (0.01) 

   R2 0.612 0.615 0.618   0.569 0.574 0.579   0.570 0.570 0.572   0.401 0.402 0.403 

   Number of Observations 13,791 14,199 15,051   18,739 19,315 20,515   13,791 14,199 15,051   18,739 19,315 20,515 

   Marginal Effect in MPH -5.23 -5.34 -5.44   -0.34 -0.20 -0.07   -3.80 -3.85 -3.90   -1.02 -0.78 -0.66 

Panel B: 6 AM                 

   EL Policy -0.036*** -0.039*** -0.041***   -0.009 -0.003 0.000   -0.043*** -0.045*** -0.047***   0.021 0.033 0.036* 

  (0.00) (0.00) (0.00)   (0.01) (0.01) (0.01)   (0.01) (0.00) (0.00)   (0.02) (0.02) (0.02) 

   R2 0.650 0.650 0.651   0.657 0.659 0.658   0.616 0.614 0.614   0.443 0.442 0.441 

   Number of Observations 13,560 13,968 14,820   18,412 18,988 20,188   13,560 13,968 14,820   18,412 18,988 20,188 

   Marginal Effect in MPH -1.92 -2.08 -2.18   -0.50 -0.17 0.00   -2.07 -2.16 -2.25   0.77 1.21 1.33 

Panel C: 7 AM                 

   EL Policy 0.007 0.001 -0.002   0.162*** 0.199*** 0.218***   0.004 0.000 -0.001   -0.027 -0.013 0.001 

  (0.00) (0.00) (0.00)   (0.02) (0.02) (0.02)   (0.01) (0.00) (0.00)   (0.02) (0.02) (0.02) 

   R2 0.722 0.723 0.723   0.615 0.616 0.616   0.693 0.694 0.695   0.471 0.468 0.471 

   Number of Observations 13,487 13,895 14,747   18,316 18,892 20,092   13,487 13,895 14,747   18,316 18,892 20,092 

   Marginal Effect in MPH 0.38 0.05 -0.11   -0.80 -0.80 -0.80   0.19 0.00 -0.05   -0.60 -0.29 0.02 

Panel D: 8 AM                 

   EL Policy -0.002 -0.003 -0.004   0.184*** 0.257*** 0.294***   -0.016* -0.009 -0.007   -0.091*** -0.052* -0.037 

  (0.00) (0.00) (0.00)   (0.02) (0.02) (0.02)   (0.01) (0.01) (0.01)   (0.02) (0.02) (0.02) 

   R2 0.720 0.721 0.723   0.566 0.563 0.562   0.726 0.724 0.724   0.490 0.486 0.482 

   Number of Observations 13,699 14,107 14,959   18,608 19,184 20,384   13699 14107 14959   18608 19184 20384 

   Marginal Effect in MPH -0.11 -0.16 -0.22   8.91 12.92 15.07   -0.75 -0.42 -0.33   -2.02 -1.18 -0.84 

Notes: Values shown are the coefficients from 48 separate RIF regressions of the median or 20th quantile of the logarithm of speed.  Standard errors, estimated by bootstrapping 200 times, are in parentheses. 

Covariates include the logarithm of gas price, the logarithm of hourly speed for the I-210W lagged by one hour, dummies for day of the week and month and quadratics in rainfall and visibility. All covariates 

except those for gas prices,  I-210W speeds and weather are interacted with dummies for each detector. Weekends and holidays and observations where any of the 30 second observations are missing are 

dropped. The first stage RIF is estimated using the same bandwidth and kernel (triangle) as the second stage.  

*** Significant at the 1 percent level. **Significant at the 5 percent level. *Significant at the 10 percent level.               
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TABLE E.32—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: COVARIATE SENSITIVITY (FLOW & SPEED) 

    I II III IV V VI VII   VIII IX X XI XII XIII XIV 

    ExpressLanes/HOV   Mainline Lanes 

Panel A. Flow                               

5 AM      EL Policy -0.391*** -0.391*** -0.360*** -0.358*** -0.367*** -0.370*** -0.325***   0.064 0.064 0.061* 0.065* 0.063* 0.064* 0.062 

TABLE E.31—REGRESSION DISCONTINUITY DATASET SUMMARY STATISTICS AND LOCAL LINEAR REGRESSION FULL COEFFICIENTS FOR AM PEAK 

    I II III   IV V   VI VII   VIII IX   X XI 

  
Description Avg. Min. Max. 

  EL/HOV  

Flow 

ML 

Flow 

  EL/HOV 

Speed 

ML 

Speed 

  EL/HOV  

RIF 50 

ML  

RIF 50 

  EL/HOV  

RIF 20 

ML  

RIF 20 

Policy (Date) February 22nd, 2013         -0.246 0.016   -0.032 0.057   -0.041 0.068   -0.029 0.079 

Kernel Triangular                               

Bandwidth 60 days                               

Day of Week & Hour of Day Fixed Effects         Yes Yes   Yes Yes   Yes Yes   Yes Yes 

Detector Fixed Effects Interactions         Yes Yes   Yes Yes   Yes Yes   Yes Yes 

Log(Gas Price) Weekly Reg. Reformulated 1 $4.08 $3.66 $4.35   -0.472 0.26   0.331 2.23   0.139 2.88   0.456 3.47 

I-210W Lagged Lagged Speed on I-210W1 51.9 29.9 65.8   -0.669 0.237   0.001 0.692   -0.044 0.632   -0.01 1.23 

Rainfall Hourly Precip. In Inches  0 0 0.17   -1.27 -2.33   -1.69 -1.28   -2.38 -2.53   -2.12 2.38 

Rainfall Squared   0 0 0.03   4.53 7.94   7.3 5.13   10.7 12.2   10.2 -29.5 

Visibility Visibility in Miles 8.85 0.25 10   0.023 -0.022   -0.005 -0.048   0.002 -0.035   -0.005 -0.1 

Visibility Squared   84.5 0.06 100   -0.002 0.002   0 0.004   0 0.003   0 0.008 

Number of Observations 132,548 132,548 132,548   55,332 76,379   56,169 76,379   56,169 76,379   56,169 76,379 

Expected Value of Dependent Variable2         3.72 6.14   4 3.84   4.01 4.05   3.89 3.38 

Notes: Values shown in columns IV-XI are the coefficients from 8 separate regressions of the logarithm of speed or flow, or the indicated RIF quantile of the logarithm of speed, on the regressands. 

All covariates except weather, gas prices and I-210 speeds are interacted with dummies corresponding to each detector. Weekends, holidays and observations where any of the 30 second 

observations are missing are dropped. Observation intervals are hourly for all variables except for gas price, which is reported weekly. R2 ranges from 0.71 to 0.85 for speed and flow regressions 

and from 0.5 to 0.68 for the RIF regression. 
1Average, minimum and maximum values are in levels however the regression analysis uses logged values.  
2This corresponds to the average of log speed or flow for columns IV-VII and the relevant quantile of the log of speed for the remaining columns. 
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    (0.043) (0.043) (0.050) (0.042) (0.035) (0.034) (0.047)   (0.032) (0.032) (0.024) (0.023) (0.022) (0.022) (0.052) 

       Number of Observations     13,561      13,561      13,561      13,561      13,561      13,561      15,578        19,315      19,315      19,315      19,315      19,315      19,315      22,447  

6 AM      EL Policy -0.224*** -0.224*** -0.220*** -0.218*** -0.231*** -0.232*** -0.210**   0.076 0.076 0.063 0.068 0.069 0.082 0.070 

    (0.033) (0.033) (0.048) (0.044) (0.034) (0.030) (0.062)   (0.087) (0.087) (0.085) (0.078) (0.058) (0.065) (0.087) 

       Number of Observations     13,802      13,802      13,802      13,802      13,802      13,802      15,903        18,988      18,988      18,988      18,988      18,988      18,988      22,132  

7 AM      EL Policy -0.172** -0.172** -0.172** -0.163** -0.174*** -0.183*** -0.221*   -0.015 -0.015 -0.03 -0.027 -0.045*** -0.050** -0.041 

    (0.049) (0.049) (0.055) (0.048) (0.031) (0.030) (0.084)   (0.030) (0.030) (0.019) (0.015) (0.009) (0.013) (0.035) 

       Number of Observations     13,875      13,875      13,875      13,875      13,875      13,875      16,011        18,892      18,892      18,892      18,892      18,892      18,892      22,070  

8 AM      EL Policy -0.192** -0.192** -0.175*** -0.169*** -0.186*** -0.196*** -0.200*   -0.066** -0.066** -0.075** -0.052* -0.061* -0.060** -0.067 

    (0.048) (0.048) (0.042) (0.037) (0.029) (0.031) (0.078)   (0.017) (0.017) (0.022) (0.021) (0.021) (0.017) (0.037) 

       Number of Observations     14,094      14,094      14,094      14,094      14,094      14,094      16,255        19,184      19,184      19,184      19,184      19,184      19,184      22,364  

                                  

Panel B. Speed                               

5 AM      EL Policy -0.065*** -0.065*** -0.064*** -0.065*** -0.072*** -0.072*** -0.078***   -0.010 -0.010 -0.010 -0.007 -0.020** -0.019* -0.021*** 

    (0.007) (0.007) (0.005) (0.006) (0.007) (0.007) (0.009)   (0.030) (0.030) (0.012) (0.011) (0.006) (0.007) (0.005) 

       Number of Observations     14,199      14,199      14,199      14,199      14,199      14,199      16,347        19,315      19,315      19,315      19,315      19,315      19,315      22,447  

6AM      EL Policy -0.033*** -0.033*** -0.029** -0.031** -0.032*** -0.035*** -0.037***   0.053 0.053 0.045 0.057 0.027 0.023 0.018 

    (0.008) (0.008) (0.009) (0.009) (0.008) (0.008) (0.007)   (0.133) (0.133) (0.100) (0.083) (0.052) (0.066) (0.041) 

       Number of Observations     13,968      13,968      13,968      13,968      13,968      13,968      16,122        18,988      18,988      18,988      18,988      18,988      18,988      22,132  

7AM      EL Policy -0.018 -0.018 -0.014* -0.016** -0.018* -0.026** -0.026*   0.095 0.095 0.078 0.090 0.025 0.028 0.014 

    (0.011) (0.011) (0.006) (0.005) (0.006) (0.009) (0.010)   (0.125) (0.125) (0.090) (0.063) (0.034) (0.045) (0.033) 

       Number of Observations     13,895      13,895      13,895      13,895      13,895      13,895      16,067        18,892      18,892      18,892      18,892      18,892      18,892      22,070  

8AM      EL Policy -0.019 -0.019 -0.016 -0.020 -0.019 -0.028 -0.028   0.019 0.019 0.016 0.101 0.030 0.008 -0.011 

    (0.028) (0.028) (0.015) (0.017) (0.019) (0.013) (0.023)   (0.064) (0.064) (0.093) (0.079) (0.087) (0.069) (0.117) 

       Number of Observations     14,107      14,107      14,107      14,107      14,107      14,107      16,279        19,184      19,184      19,184      19,184      19,184      19,184      22,364  

                                  

DOW-Hour Yes No No No No No No   Yes No No No No No No 

DOW and Hour No Yes Yes Yes Yes Yes Yes   No Yes Yes Yes Yes Yes Yes 

Station FE No No Yes No No No No   No No Yes No No No No 

Station FE-Covariate Interactions No No No Yes Yes Yes Yes   No No No Yes Yes Yes Yes 

I-210W Lagged No No No Yes Yes Yes Yes   No No No Yes Yes Yes Yes 

Basic Weather Covariates Yes Yes Yes Yes Yes Yes Yes   Yes Yes Yes Yes Yes Yes Yes 

Other Weather Covariates No No No No No Yes No   No No No No No Yes No 

Drop holidays Yes Yes Yes Yes Yes Yes No   Yes Yes Yes Yes Yes Yes No 

Gas price Yes Yes Yes Yes No Yes Yes   Yes Yes Yes Yes No Yes Yes 

Notes: Values shown in Panels A and B are the coefficients from 112 separate regressions of the logarithm of speed or flow on the regressands. Covariates include logged gas price, travel time for the I-210W, dummies for day of the week, dummies for 
hour of the day, and quadratics in rainfall and visibility. All covariates except weather, the I-210 and gas prices are interacted with dummies corresponding to each detector. A triangular kernel with a 60 day bandwidth is used in all regressions. Flow is the 

number of cars passing the average detector entering the regressions. R2 ranges in Panel A from 0.013 to 0.926 in the ExpressLanes/HOV lanes and from 0.030 to 0.828 in the mainline lanes, and in Panel B from 0.005 to 0.843 in the ExpressLanes/HOV 

lanes and from 0.027 to 0.724 in the mainline lanes. Weekends, holidays and observations where any of the 30 second observations are missing are dropped. Standard errors, clustered by week, are in parentheses. 

***Significant at the 1 percent level.  **Significant at the 5 percent level.  *Significant at the 10 percent level. 

 

 
TABLE E.33—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: COVARIATE SENSITIVITY (RIF) 

    I II III IV V VI VII   VIII IX X XI XII XIII XIV 

    ExpressLanes/HOV   Mainline Lanes 

Panel A. Median                               

5 AM      EL Policy -0.096*** -0.096*** -0.095*** -0.095*** -0.103*** -0.101*** -0.105***   -0.005 -0.005 -0.003 -0.003 -0.006 -0.007 -0.007* 

    (0.006) (0.006) (0.004) (0.004) (0.004) (0.004) (0.004)   (0.006) (0.005) (0.004) (0.004) (0.004) (0.004) (0.003) 
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       Number of Observations 14,199 14,199 14,199 14,199 14,199 14,199 16,347   19,315 19,315 19,315 19,315 19,315 19,315 22,447 

6AM      EL Policy -0.042*** -0.042*** -0.039*** -0.039*** -0.041*** -0.044*** -0.045***   -0.010 -0.010 -0.009 -0.003 -0.041*** -0.053*** -0.056*** 

    (0.006) (0.006) (0.004) (0.004) (0.003) (0.004) (0.004)   (0.016) (0.017) (0.011) (0.011) (0.008) (0.009) (0.009) 

       Number of Observations 13,968 13,968 13,968 13,968 13,968 13,968 16,122   18,988 18,988 18,988 18,988 18,988 18,988 22,132 

7AM      EL Policy -0.005 -0.005 0.001 -0.005 -0.002 -0.008* -0.009*   0.204*** 0.204*** 0.181*** 0.199*** 0.085*** 0.092*** 0.073** 

    (0.007) (0.008) (0.005) (0.005) (0.004) (0.004) (0.004)   (0.036) (0.033) (0.023) (0.026) (0.021) (0.022) (0.025) 

       Number of Observations 13,895 13,895 13,895 13,895 13,895 13,895 16,067   18,892 18,892 18,892 18,892 18,892 18,892 22,070 

8AM      EL Policy -0.014 -0.014 -0.011* -0.015*** -0.004 -0.014*** -0.013**   0.123*** 0.123*** 0.124*** 0.257*** 0.130*** 0.095*** 0.100*** 

    (0.008) (0.008) (0.005) (0.004) (0.004) (0.004) (0.004)   (0.032) (0.034) (0.024) (0.024) (0.021) (0.021) (0.024) 

       Number of Observations 14,107 14,107 14,107 14,107 14,107 14,107 16,279   19,184 19,184 19,184 19,184 19,184 19,184 22,364 

                                  

Panel B. 20th Quantile                               

5 AM      EL Policy -0.069*** -0.069*** -0.068*** -0.075*** -0.078*** -0.081*** -0.082***   -0.020* -0.020* -0.018** -0.013* -0.032*** -0.032*** -0.039*** 

    (0.007) (0.007) (0.005) (0.005) (0.004) (0.005) (0.005)   (0.009) (0.008) (0.007) (0.006) (0.006) (0.006) (0.006) 

       Number of Observations 14,199 14,199 14,199 14,199 14,199 14,199 16,347   19,315 19,315 19,315 19,315 19,315 19,315 22,447 

6AM      EL Policy -0.040*** -0.040*** -0.044*** -0.045*** -0.049*** -0.053*** -0.055***   0.064** 0.064** 0.029 0.033 -0.005 -0.003 -0.034 

    (0.007) (0.008) (0.005) (0.005) (0.004) (0.005) (0.004)   (0.022) (0.024) (0.020) (0.019) (0.015) (0.019) (0.017) 

       Number of Observations 13,968 13,968 13,968 13,968 13,968 13,968 16,122   18,988 18,988 18,988 18,988 18,988 18,988 22,132 

7AM      EL Policy -0.000 -0.000 -0.000 -0.001 -0.013** -0.017*** -0.030***   0.020 0.020 -0.013 -0.013 -0.053** -0.045* -0.051** 

    (0.009) (0.009) (0.006) (0.005) (0.004) (0.005) (0.005)   (0.023) (0.023) (0.019) (0.017) (0.017) (0.019) (0.016) 

       Number of Observations 13,895 13,895 13,895 13,895 13,895 13,895 16,067   18,892 18,892 18,892 18,892 18,892 18,892 22,070 

8AM      EL Policy -0.015 -0.015 -0.014 -0.016* -0.015* -0.022*** -0.029***   -0.121*** -0.121*** -0.141*** -0.052* -0.075*** -0.105*** -0.094*** 

    (0.012) (0.012) (0.007) (0.007) (0.007) (0.006) (0.006)   (0.028) (0.027) (0.023) (0.021) (0.019) (0.019) (0.020) 

       Number of Observations 14,107 14,107 14,107 14,107 14,107 14,107 16,279   19,184 19,184 19,184 19,184 19,184 19,184 22,364 

                                  

DOW-Hour Yes No No No No No No   Yes No No No No No No 

DOW and Hour No Yes Yes Yes Yes Yes Yes   No Yes Yes Yes Yes Yes Yes 

Station FE No No Yes No No No No   No No Yes No No No No 

Station FE-Covariate Interactions No No No Yes Yes Yes Yes   No No No Yes Yes Yes Yes 

I-210W Lagged No No No Yes Yes Yes Yes   No No No Yes Yes Yes Yes 

Basic Weather Covariates Yes Yes Yes Yes Yes Yes Yes   Yes Yes Yes Yes Yes Yes Yes 

Other Weather Covariates No No No No No Yes No   No No No No No Yes No 

Drop holidays Yes Yes Yes Yes Yes Yes No   Yes Yes Yes Yes Yes Yes No 

Gas price Yes Yes Yes Yes No Yes Yes   Yes Yes Yes Yes No Yes Yes 

Notes: Values shown in Panels A and B are the coefficients from 112 separate regressions of the indicated RIF quantile of the logarithm of speed, on the regressands. Covariates include logged gas price, travel time for the I-210W, dummies for day of 

the week, dummies for hour of the day, and quadratics in rainfall and visibility. All covariates except weather, the I-210 and gas prices are interacted with dummies corresponding to each detector.  A triangular kernel with a sixty day bandwidth is used 

in all regressions, including the first stage of the RIF estimation.  R2 ranges in Panel A from 0.018 to 0.724 in the HOV lanes and from 0.046 to 0.659 in the mainline lanes, and in Panel B from 0.004 to 0.725 in the HOV lanes and from 0.028 to 0.487 

in the mainline lanes. Weekends, holidays and observations where any of the 30 second observations are missing are dropped. The estimates are bootstrapped 200 times to obtain consistent standard errors, which are reported in parentheses. 

***Significant at the 1 percent level.  **Significant at the 5 percent level.  *Significant at the 10 percent level. 
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TABLE E.34—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: PLACEBO EFFECTS 

    I II   III IV   V VI 

    4 months later   5 months later   6 months later 

    HOV Mainline   HOV Mainline   HOV Mainline 

Panel A: Effect on Mean Flow1  
5AM    EL Policy (Flow) -0.088* -0.022   0.020 0.016   -0.007 0.017 

    (0.033) (0.024)   (0.036) (0.029)   (0.024) (0.015) 

                    

6AM    EL Policy (Flow) -0.097* -0.023   -0.010 0.014   0.007 -0.015 

    (0.036) (0.013)   (0.026) (0.021)   (0.018) (0.008) 

                    

7AM    EL Policy (Flow) -0.085 0.000   -0.033 0.014   0.042 0.061 

    (0.065) (0.023)   (0.045) (0.028)   (0.031) (0.041) 

                    

8AM    EL Policy (Flow) -0.041 0.005   -0.027 0.055*   0.021 0.003 

    (0.038) (0.024)   (0.026) (0.020)   (0.017) (0.019) 

                    

Panel B: Effect on Mean Speed1 

  

5AM    EL Policy (Speed) -0.003 -0.033   0.001 0.037   -0.002 -0.007 

    (0.005) (0.032)   (0.004) (0.027)   (0.006) (0.013) 

                    

6AM    EL Policy (Speed) 0.002 -0.089**   -0.005 0.069   -0.008 -0.038 

    (0.005) (0.022)   (0.006) (0.054)   (0.007) (0.027) 

                    

7AM    EL Policy (Speed) 0.003 -0.042   0.004 0.158*   0.030 0.058 

    (0.008) (0.032)   (0.010) (0.058)   (0.019) (0.054) 

                    

8AM    EL Policy (Speed) 0.004 -0.056   0.010 0.147   0.033 -0.045 

    (0.008) (0.054)   (0.016) (0.079)   (0.017) (0.073) 

                    

Panel C: Effect on Unconditional 50th Quantile of Speed2 

  

5AM    EL Policy (50th Quantile) 0.006 -0.021***   -0.002 0.027***   0.003 -0.012*** 

    (0.003) (0.003)   (0.003) (0.003)   (0.003) (0.003) 

                    

6AM    EL Policy (50th Quantile) 0.022*** -0.100***   -0.003 0.054***   -0.006 -0.048*** 

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

                    

7AM    EL Policy (50th Quantile) 0.016*** -0.106***   -0.012* 0.267***   0.005 0.145*** 

    (0.004) (0.017)   (0.005) (0.024)   (0.005) (0.033) 

                    

8AM    EL Policy (50th Quantile) 0.019*** -0.072**   -0.002 0.152***   0.004 -0.083*** 

    (0.005) (0.024)   (0.005) (0.027)   (0.005) (0.022) 

                    

Panel D: Effect on Unconditional 20th Quantile of Speed2 

  

5AM    EL Policy (20th Quantile) -0.002 -0.054***   -0.005 0.046***   0.001 -0.016** 

    (0.003) (0.005)   (0.003) (0.005)   (0.004) (0.005) 

                    

6AM    EL Policy (20th Quantile) -0.002 -0.124***   -0.009* 0.151***   -0.001 -0.066** 

    (0.003) (0.018)   (0.004) (0.020)   (0.004) (0.025) 

                    

7AM    EL Policy (20th Quantile) -0.014** -0.012   0.004 0.211***   0.024*** 0.032 

    (0.004) (0.018)   (0.005) (0.021)   (0.006) (0.021) 

                    

8AM    EL Policy (20th Quantile) -0.001 -0.057**   0.004 0.231***   0.021** -0.069** 

    (0.005) (0.019)   (0.006) (0.024)   (0.008) (0.024) 
1Values shown in Panels A and B are the coefficients from 48 separate regressions of the logarithm of flow or of speed by lane on the 

regressands. Standard errors, clustered by week, are in parentheses. Covariates include logged gas price, travel time for the I-210W, 

dummies for day of the week, dummies for hour of the day, and quadratics in rainfall and visibility. All covariates except weather gas price 

and I-210W travel time are interacted with dummies corresponding to each detector. A triangular kernel is used in all regressions. Flow is 

the number of cars passing the average detector entering the regressions. Unless indicated, weekends, holidays and observations where any 

of the 30 second observations are missing are dropped.  Estimates for each column correspond to a common date of placebo treatment 

where the treatment is measured 4months after the true start date (June 2013), 5 months after the true start date (July 2013) and 6 months 

after (August 2013). R2 ranges between 0.623 and 0.958 in the HOV lanes and 0.347 and 0.833 in the mainline lanes.  
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2Estimates in Panels C and D come from 48 separate RIF regressions of the median or 20th quantile of the logarithm of speed. Covariates 

and sample restrictions for the RIF estimates are the same as those from Panel A. The first stage RIF is estimated using the same bandwidth 

and kernel (triangle) as the second stage, and the estimates are bootstrapped 200 times to obtain consistent standard errors. R2 ranges 

between 0.584 and 0.844 in the HOV lanes and 0.353 and 0.665 in the mainline lanes. 

*** Significant at the 1 percent level.  **Significant at the 5 percent level.  *Significant at the 10 percent level.  
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TABLE E.35—GLOBAL POLYNOMIAL REGRESSION DISCONTINUITY ESTIMATES 

    I II   III IV   V VI 

  Polynomial Order: 8th   9th   10th 

    HOV Mainline   HOV Mainline   HOV Mainline 

Panel A: Effect on Mean Flow1 

5AM    EL Policy (Flow) -0.416*** 0.073**   -0.385*** 0.083**   -0.401*** 0.080** 

    (0.053) (0.021)   (0.050) (0.025)   (0.057) (0.025) 

                    

6AM    EL Policy (Flow) -0.299*** 0.074   -0.241*** 0.084   -0.260*** 0.080 

    (0.049) (0.051)   (0.037) (0.056)   (0.044) (0.058) 

                    

7AM    EL Policy (Flow) -0.274*** -0.013   -0.162*** -0.021   -0.178*** -0.023 

    (0.056) (0.015)   (0.034) (0.014)   (0.038) (0.014) 

                    

8AM    EL Policy (Flow) -0.264*** -0.025   -0.180*** -0.035   -0.194*** -0.036 

    (0.044) (0.026)   (0.024) (0.025)   (0.027) (0.025) 

                    

Panel B: Effect on Mean Speed1 

5AM    EL Policy (Speed) -0.076*** -0.012   -0.080*** -0.026***   -0.074*** -0.024*** 

    (0.010) (0.008)   (0.013) (0.005)   (0.011) (0.005) 

                    

6AM    EL Policy (Speed) -0.037*** 0.018   -0.037*** 0.007   -0.033** 0.009 

    (0.009) (0.046)   (0.009) (0.047)   (0.011) (0.049) 

                    

7AM    EL Policy (Speed) -0.004 0.020   -0.017 -0.043   -0.012 -0.039 

    (0.010) (0.037)   (0.010) (0.043)   (0.008) (0.041) 

                    

8AM    EL Policy (Speed) 0.005 0.009   -0.016 -0.091   -0.003 -0.084 

    (0.034) (0.098)   (0.037) (0.112)   (0.034) (0.109) 

                    

Panel C: Effect on Unconditional 50th Quantile of Speed2             

5AM    EL Policy (50th Quantile) -0.129*** -0.001   -0.135*** -0.009***   -0.124*** -0.006* 

    (0.004) (0.003)   (0.005) (0.003)   (0.005) (0.003) 

                    

6AM    EL Policy (50th Quantile) -0.053*** -0.037***   -0.060*** -0.042***   -0.053*** -0.031*** 

    (0.005) (0.006)   (0.005) (0.007)   (0.005) (0.007) 

                    

7AM    EL Policy (50th Quantile) -0.000 0.105***   -0.013* -0.044*   -0.011 -0.025 

    (0.006) (0.021)   (0.005) (0.020)   (0.006) (0.022) 

                    

8AM    EL Policy (50th Quantile) -0.002 0.137***   -0.030*** -0.032   -0.021*** -0.021 

    (0.005) (0.020)   (0.006) (0.018)   (0.006) (0.020) 

                    

Panel D: Effect on Unconditional 20th Quantile of Speed2 

5AM    EL Policy (20th Quantile) -0.068*** -0.022***   -0.069*** -0.036***   -0.071*** -0.032*** 

    (0.004) (0.005)   (0.004) (0.004)   (0.005) (0.005) 

                    

6AM    EL Policy (20th Quantile) -0.061*** 0.004   -0.056*** -0.032*   -0.052*** -0.036** 

    (0.005) (0.013)   (0.005) (0.013)   (0.005) (0.014) 

                    

7AM    EL Policy (20th Quantile) 0.001 -0.002   -0.005 -0.075***   -0.011 -0.087*** 

    (0.005) (0.015)   (0.006) (0.015)   (0.007) (0.016) 

                    

8AM    EL Policy (20th Quantile) 0.012 -0.061***   -0.010 -0.146***   -0.008 -0.145*** 

    (0.007) (0.017)   (0.010) (0.016)   (0.008) (0.017) 
1Values shown in Panels A and B are the coefficients from 48 separate regressions of the logarithm of flow or of speed by lane on 

the regressands. Standard errors, clustered by week, are in parentheses. Covariates include logged gas price, travel time for  the I-

210W, dummies for day of the week, dummies for hour of the day, and quadratics in rainfall and visibility. All covariates, except 

those for gas prices, weather and I-210W travel times are interacted with dummies corresponding to each detector. Flow is the number 

of cars passing the average detector entering the regressions. Weekends, holidays and observations where any of the 30 second 

observations are missing are dropped. R2 ranges between 0.656 and 0.947 in the HOV lanes and 0.338 and 0.828 in the mainline 

lanes. 
2Estimates in Panels C and D come from 48 separate RIF regressions of the median or 20th quantile of the logarithm of speed. 

Covariates and sample restrictions for the RIF estimates are the same as those from Panel A. The estimates are bootstrapped 200 

times to obtain consistent standard errors. R2 ranges between 0.590 and 0.786 in the HOV lanes and 0.393 and 0.622 in the mainline 

lanes. 

*** Significant at the 1 percent level.  **Significant at the 5 percent level.  *Significant at the 10 percent level.  
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TABLE E.36—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: FURTHER BANDWIDTH SENSITIVITY FOR MEAN 

ESTIMATES 

    I II III IV V VI VII 

  Bandwidth (days) 20 30 40 50 70 80 90 

Panel A: Effect on Mean Flow: ExpressLane/HOV Lanes     

5AM    EL Policy (Flow) -0.318*** -0.271*** -0.271*** -0.319*** -0.370*** -0.368*** -0.358*** 

    (0.019) (0.008) (0.012) (0.030) (0.038) (0.031) (0.029) 

                  

6AM    EL Policy (Flow) -0.156*** -0.139*** -0.135*** -0.174*** -0.240*** -0.238*** -0.226*** 

    (0.025) (0.024) (0.024) (0.037) (0.036) (0.029) (0.025) 

                  

7AM    EL Policy (Flow) -0.153** -0.107*** -0.098** -0.125*** -0.219*** -0.213*** -0.196*** 

    (0.029) (0.017) (0.023) (0.024) (0.045) (0.036) (0.033) 

                  

8AM    EL Policy (Flow) -0.172* -0.145* -0.126** -0.172*** -0.225*** -0.212*** -0.189*** 

    (0.048) (0.045) (0.037) (0.035) (0.031) (0.027) (0.025) 

                  

Panel B: Effect on Mean Flow: Mainline Lanes     

5AM    EL Policy (Flow) 0.053** 0.058* 0.075* 0.077** 0.061* 0.064** 0.065** 

    (0.013) (0.019) (0.026) (0.026) (0.022) (0.022) (0.021) 

                  

6AM    EL Policy (Flow) 0.045 0.027 0.073 0.084 0.066 0.071 0.072 

    (0.097) (0.081) (0.093) (0.097) (0.065) (0.054) (0.052) 

                  

7AM    EL Policy (Flow) -0.032 -0.043* -0.030 -0.027 -0.024 -0.028* -0.027** 

    (0.016) (0.013) (0.014) (0.015) (0.014) (0.010) (0.009) 

                  

8AM    EL Policy (Flow) -0.073 -0.082** -0.081** -0.068** -0.047* -0.044* -0.041 

    (0.031) (0.020) (0.019) (0.018) (0.021) (0.021) (0.021) 

                  

Panel C: Effect on Mean Speed: ExpressLane/HOV Lanes     

5AM    EL Policy (Speed) -0.044*** -0.053*** -0.055*** -0.061*** -0.071*** -0.071*** -0.069*** 

    (0.006) (0.005) (0.004) (0.005) (0.007) (0.007) (0.006) 

                  

6AM    EL Policy (Speed) -0.001 -0.016 -0.017 -0.022 -0.033*** -0.029** -0.028** 

    (0.009) (0.011) (0.012) (0.011) (0.008) (0.009) (0.009) 

                  

7AM    EL Policy (Speed) 0.025* -0.009 -0.008 -0.010 -0.013* -0.012* -0.012* 

    (0.010) (0.008) (0.006) (0.005) (0.005) (0.005) (0.005) 

                  

8AM    EL Policy (Speed) -0.020 -0.043** -0.036* -0.026 -0.010 -0.011 -0.012 

    (0.019) (0.011) (0.012) (0.015) (0.020) (0.018) (0.019) 

                  

Panel D: Effect on Mean Speed: Mainline Lanes           

5AM    EL Policy (Speed) -0.013 -0.019 -0.015 -0.011 -0.007 -0.008 -0.008 

    (0.008) (0.010) (0.010) (0.011) (0.009) (0.007) (0.007) 

                  

6AM    EL Policy (Speed) 0.035 0.011 0.046 0.055 0.058 0.053 0.052 

    (0.112) (0.083) (0.097) (0.099) (0.070) (0.055) (0.053) 

                  

7AM    EL Policy (Speed) 0.039 -0.011 0.026 0.041 0.114 0.089 0.082 

    (0.037) (0.046) (0.063) (0.067) (0.059) (0.046) (0.043) 

                  

8AM    EL Policy (Speed) -0.055 -0.068 -0.074 -0.010 0.122 0.101 0.093 

    (0.073) (0.104) (0.091) (0.081) (0.080) (0.084) (0.090) 

Notes:Values shown are the coefficients from 112 separate regressions of the logarithm of flow or of speed by lane on the 

regressands. Standard errors, clustered by week, are in parentheses. Covariates include logged gas price, travel time for the I-

210W, dummies for day of the week, dummies for hour of the day, and quadratics in rainfall and visibility. All covariates, 

except those for gas price, weather and I-210W travel times, are interacted with dummies corresponding to each detector. A 

triangular kernel is used in all regressions. Flow is the number of cars passing the average detector entering the regressions. 

Weekends, holidays and observations where any of the 30 second observations are missing are dropped. R2 ranges between 

0.622 and 0.935 in the HOV lanes and 0.297 and 0.828 in the mainline lanes. 

*** Significant at the 1 percent level.  **Significant at the 5 percent level.  *Significant at the 10 percent level.    
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TABLE E.37—LOCAL LINEAR REGRESSION DISCONTINUITY ESTIMATES: FURTHER BANDWIDTH SENSITIVITY FOR RIF 

ESTIMATES 

    I II III IV V VI VII 

  Bandwidth (days) 20 30 40 50 70 80 90 

Panel A: Effect on Unconditional 50th Quantile of Speed: ExpressLane/HOV Lanes     

5AM    EL Policy (Flow) -0.070*** -0.077*** -0.081*** -0.089*** -0.101*** -0.105*** -0.105*** 

    (0.007) (0.005) (0.005) (0.004) (0.004) (0.003) (0.004) 

                  

6AM    EL Policy (Flow) -0.014* -0.027*** -0.026*** -0.030*** -0.043*** -0.040*** -0.039*** 

    (0.006) (0.005) (0.005) (0.004) (0.004) (0.003) (0.003) 

                  

7AM    EL Policy (Flow) 0.027** 0.010 0.017** 0.017** -0.003 -0.000 0.001 

    (0.009) (0.006) (0.006) (0.005) (0.004) (0.004) (0.003) 

                  

8AM    EL Policy (Flow) 0.008 -0.008 -0.007 -0.002 -0.005 -0.002 -0.001 

    (0.010) (0.007) (0.006) (0.005) (0.004) (0.004) (0.004) 

                  

Panel B: Effect on Unconditional 50th Quantile of Speed: Mainline Lanes     

5AM    EL Policy (Flow) -0.010 -0.011* -0.010* -0.007 -0.002 -0.004 -0.004 

    (0.007) (0.006) (0.005) (0.005) (0.003) (0.003) (0.003) 

                  

6AM    EL Policy (Flow) -0.008 -0.003 -0.018 -0.022 -0.000 -0.016* -0.023** 

    (0.018) (0.015) (0.014) (0.013) (0.009) (0.008) (0.008) 

                  

7AM    EL Policy (Flow) 0.102** 0.028 0.064* 0.101*** 0.241*** 0.202*** 0.182*** 

    (0.036) (0.029) (0.026) (0.027) (0.024) (0.020) (0.020) 

                  

8AM    EL Policy (Flow) -0.020 -0.007 -0.034 0.063* 0.308*** 0.286*** 0.278*** 

    (0.042) (0.034) (0.032) (0.027) (0.025) (0.022) (0.021) 

                  

Panel C: Effect on Unconditional 20th Quantile of Speed: ExpressLane/HOV Lanes     

5AM    EL Policy (Speed) -0.054*** -0.067*** -0.070*** -0.072*** -0.078*** -0.077*** -0.076*** 

    (0.008) (0.007) (0.006) (0.006) (0.005) (0.004) (0.004) 

                  

6AM    EL Policy (Speed) -0.021* -0.034*** -0.036*** -0.040*** -0.048*** -0.047*** -0.047*** 

    (0.009) (0.006) (0.006) (0.006) (0.004) (0.004) (0.004) 

                  

7AM    EL Policy (Speed) 0.024** -0.002 0.005 0.008 -0.006 -0.011* -0.014*** 

    (0.009) (0.007) (0.006) (0.006) (0.004) (0.004) (0.004) 

                  

8AM    EL Policy (Speed) -0.032* -0.050*** -0.032** -0.021* -0.009 -0.010 -0.018** 

    (0.015) (0.012) (0.010) (0.009) (0.007) (0.006) (0.006) 

                  

Panel D: Effect on Unconditional 20th Quantile of Speed: Mainline Lanes       

5AM    EL Policy (Speed) -0.034* -0.037*** -0.032*** -0.022** -0.015* -0.019*** -0.021*** 

    (0.014) (0.010) (0.009) (0.008) (0.006) (0.005) (0.005) 

                  

6AM    EL Policy (Speed) -0.103** -0.097*** -0.016 0.011 0.042* 0.040** 0.039** 

    (0.037) (0.029) (0.025) (0.021) (0.017) (0.015) (0.015) 

                  

7AM    EL Policy (Speed) -0.130*** -0.137*** -0.078*** -0.058** 0.032 0.041** 0.038* 

    (0.031) (0.023) (0.021) (0.021) (0.016) (0.014) (0.016) 

                  

8AM    EL Policy (Speed) -0.264*** -0.250*** -0.236*** -0.156*** -0.021 0.007 0.016 

    (0.040) (0.033) (0.032) (0.024) (0.021) (0.018) (0.015) 
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Notes:Values shown are the coefficients from 112 separate regressions of the  RIF regressions of the median or 20th quantile 

of the logarithm of speed by lane on the regressands. The first stage RIF is estimated using the same bandwidth and kernel 

(triangle) as the second stage, and the estimates are bootstrapped 200 times to obtain consistent standard errors.  Covariates 

include logged gas price, travel time for the I-210W, dummies for day of the week, dummies for hour of the day, and quadratics 

in rainfall and visibility. All covariates, except those for gas price, weather and I-210W travel times, are interacted with 

dummies corresponding to each detector. A triangular kernel is used in all regressions.  Weekends, holidays and observations 

where any of the 30 second observations are missing are dropped. R2 ranges between 0.570 and 0.751 in the HOV lanes and 

0.395 and 0.728 in the mainline lanes. 

*** Significant at the 1 percent level.  **Significant at the 5 percent level.  *Significant at the 10 percent level.   
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TABLE E.38—WELFARE EFFECTS OF PROGRAM: SENSITIVITY TO TRAVEL TIME 

DIFFERENCE 

  Monthly1 Full Program1 

More than 5 minutes     

Private SOV drivers2 $37,168 $659,374 

Time Benefits at $11.05 $14,389 $209,089 

VOU at $2.94 $31,100 $429,591 

      
Less than 5 min     
Private SOV drivers2 $64,125 $1,059,118 

Time Benefits at $11.05 $9,925 $140,980 

VOU at $2.94 $64,610 $938,831 
Notes: Welfare estimates restrict attention to trips of more or less than 5 minutes from the sample of trips 
used for the welfare analysis in Table 5. 
1Excludes weekends and holidays. 
2‘Private SOVs’ exclude accounts registered to government and business. The revenues from other 
accounts is included in ‘Other SOV drivers’. 


