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Abstract. This paper argues that California’s self-help county tax legislation, which funds 

additional highway spending, amounts to a natural experiment that can be used to construct a 

valid instrument to determine highway congestion’s causal effect on the growth rates of GDP, 

employment, wages, and commodity freight flows for California counties. Our estimation results 

indicate that highway congestion has significantly reduced the growth rates of those performance 

measures. Extrapolating the results to the nation suggests that sizable reductions in highway 

congestion, which could be achieved with widespread adoption of autonomous (driverless) 

vehicles, would have large macroeconomic stimulative effects. 
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1. Introduction 

Because highway congestion significantly increases travel times and makes travel times 

less reliable, it can adversely affect key sectors of an economy and its aggregate performance by 

constraining individuals’ ability to work, earn, consume, and produce. For example, Amiti et al. 

(2015) calculated that congestion at the nation’s West Coast ports, which occurred from July 2014 

through February 2015 while dockworkers and marine terminal employers were negotiating a 

contract, caused perishable agricultural commodities to go bad, thus resulting in a 0.2 percentage 

point reduction in GDP growth during the first quarter of 2015. Hymel (2009), Sweet (2014), and 

Angel and Blei (2015) have found that highway congestion is associated with slower job growth 

in US metropolitan areas. Light (2007) used the Bureau of Labor Statistics American Time Use 

Survey to estimate reductions in workers’ productivity and income that are caused by traffic delays 

from highway congestion. 

This fragmentary evidence indicates the importance of having a comprehensive picture of 

the effects of highway congestion on an economy. We provide this picture by estimating the causal 

effect of highway congestion on the growth rates of several different measures of economic 

performance, including GDP, employment, wages, and commodity freight flows, for congested 

California counties. We focus our empirical analysis on California because it has several highly 

congested urban areas, including 11 of the top 16 highway bottlenecks in the nation (CPCS 

Transcom 2015), and because its counties have had, since the early 1960s, the option to pass local 

sales taxes to fund spending for specific highway projects that could reduce congestion.1 

                                                 
1 Istrate, Nowakowski, and Mak (2014) discuss county funding of transportation. They point out that counties are 

increasingly using local-option sales taxes to fund transportation projects, if those taxes are permitted under state law. 

As of this writing, county residents in 15 states, including California, have voted for local-option sales taxes for road 

projects. 
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We argue that such duly named self-help taxes amount to a so-called natural experiment 

because they have been enacted at various times by various counties primarily because of political 

considerations, rather than because of economic factors relevant to economic growth. Accordingly, 

our identification strategy is to use the additional highway spending that is funded by self-help tax 

legislation as a valid instrument to determine the causal effect of highway congestion on measures 

of economic performance. 

Our estimation results indicate that highway congestion has had large adverse effects on 

the growth rates of GDP, employment, labor earnings, and commodity freight flows for the 

congested California counties in our sample. We consider how these growth rates could be 

revitalized by actions that reduce congestion. Economists have long recommended charging 

highway tolls during peak travel periods as an efficient approach to the problem of highway 

congestion. But so-called congestion pricing increases the monetary cost of commuting to work; 

thus, it is not clear that using this price tool to reduce congestion would unambiguously increase 

employment and other measures of economic activity, although it would increase government 

revenue and economic welfare. 

In contrast, widespread adoption of autonomous (driverless) vehicles—which American 

and foreign technology companies and automakers are actively developing, testing, and perfecting, 

with some industry leaders and US Secretary of Transportation Anthony Foxx expecting driverless 

vehicles to be available to the public by 2021—could reduce highway congestion by greatly 

improving the flow of traffic and by reducing vehicle accidents without significantly increasing 

the monetary cost of commuting.2 Using our estimation results for California and conservatively 

                                                 
2 New developments are announced every month about the intense global race involving major US and foreign 

automakers, major technology companies (including Google and Baidu), start-up automobile technology companies, 

and ridesharing companies to develop autonomous vehicles and have them adopted by motorists. A definitive date for 
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extrapolating to the nation, we find that the adoption of autonomous vehicles could have 

potentially large macroeconomic stimulative effects. Specifically, in a given year, a 50 percent 

penetration rate for autonomous vehicles (i.e., half of the vehicles used by motorists would be 

driverless) could add at least $214 billion in GDP, 2.4 million jobs, and $90 billion in income to 

the US labor force. 

Policymakers’ preferred strategy to reduce highway congestion—that of raising funds to 

expand road capacity—has failed to achieve a consensus in Congress and has been rejected by 

many economists as often wasteful and more likely to result in additional highway traffic that 

would quickly fill new roads to capacity (Duranton and Turner 2011, Winston 2013). However, 

policymakers can play a constructive role in reducing congestion and can contribute a surprisingly 

large stimulus to the economy by facilitating manufacturers’ introduction and motorists’ adoption 

of autonomous vehicles. 

 

                                                 
widespread adoption is not available, but Uber has begun a public trial of autonomous (ridesharing) vehicles in 

Pittsburg, NuTonomy has begun a public trial of autonomous taxis in Singapore, and Boston was chosen by the World 

Economic Forum to be the test city for autonomous vehicles in 2017. The additional cost of autonomous vehicles over 

current non-autonomous vehicles will decline sharply over time and will represent only a modest increase in the 

purchase price of a new car as market penetration of autonomous vehicles increases.  

In the policy community, the Obama administration has announced guidelines for the development and use 

of autonomous vehicles, outlining safety expectations and encouraging uniform rules nationwide. To be sure, there 

are critics of the new technology. Kalra and Paddock (2016) argue that autonomous vehicles would have to travel 

hundreds of millions (possibly hundreds of billions) of miles before their reliability and safety could be fully 

determined. But their study assumes that the software and technology are static and also ignores suppliers’ steep 

learning curve, where mistakes will be quickly identified and corrected and vehicles will learn from other vehicles’ 

experience. Generally, critics and advocates alike should accept that problems will occur along the way toward 

adopting driverless technology but that suppliers will work hard to respond to the problems and improve safety and 

reliability. At the same time, users must accept that it will take time for them to be comfortable with the new 

technology. 
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2. Framework and Data 

Traditional efficiency analyses of highway congestion measure the delay costs that 

motorists who travel during peak travel periods impose on other motorists.3 But the economic 

effects of congestion go far beyond those social costs because an efficient transportation system 

expands individuals’ access to and choices of employers; enables firms and urban residents to 

benefit from the spatial concentration of economic activities, referred to as agglomeration 

economies; and reduces trade costs and allows firms to realize efficiency gains from specialization, 

comparative advantage, and increasing returns (Winston 2013). 

By increasing travel time and making it less reliable (Small, Winston, and Yan 2005), 

congestion can erode those benefits, as documented by the following empirical studies. Chetty et 

al. (2014) find that longer commuting times are strongly and negatively related to the probability 

that a household will escape poverty, implying that congestion adversely affects employment and 

job opportunities, especially for low-income workers. Puga (2010) summarizes the evidence that 

urban density contributes to agglomeration economies and higher earnings; thus, congestion may 

reduce those economies because it increases the time that commuters must travel to access 

employment opportunities. For example, Prud’homme and Lee (1999) estimate that a region’s 

productivity decreases 1.3 percent when the area that can be reached in a given time period 

decreases 10.0 percent. And Anderson and van Wincoop (2004) conclude that travel distance and 

time represent important components of trade costs; thus, congestion may increase those costs and 

decrease trade flows. 

                                                 
3 The costs are shown in the conventional diagram to analyze congestion (Lindsey 2006, Winston and Mannering 

2014). Langer and Winston (2008) extend the framework to account for congestion’s effect on land use and residential 

location decisions. 
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To the best of our knowledge, no study has, to date, attempted to systematically measure 

the direct impact of highway congestion on an economy’s overall health. We seek to do so by 

using panel data to estimate the effect that highway congestion has on the economic performance 

of urban areas in California, as measured by their GDP, employment, labor earnings, and trade 

flow growth rates.4 Our general model is a reduced form that incorporates a complex interrelated 

system of demand, congestion, and economic decisions. It can be described as 

 Git = f (Cit, Xit, εit),  (1) 

where Git is the growth rate of an economic performance variable in California urban area i during 

year t, Cit is the level of congestion, Xit is an array of controls, and εit is a random error term. 

Below, we summarize the available data to measure congestion and the dependent variables 

in equation (1). We then describe and justify our instrument for congestion and the data we use to 

measure it in the next section.  

Congestion. We measure congestion using the Texas Transportation Institute’s (TTI’s) 

estimates of annual hours of delay per auto commuter. Data are provided for the years 1982–2011 

for all urban areas with more than 500,000 people. Auto commuters are defined as people who 

make trips by car during morning and evening peak periods: 6–10 a.m. and 3–7 p.m. The numbers 

of auto commuters are estimated using data from the Federal Highway Administration’s National 

Household Travel Survey. TTI adds measurements of peak-period delays to measurements of 

travel delay during nonpeak hours to estimate the total annual delay experienced by auto 

commuters. 

                                                 
4 We discuss later that we also perform estimations using county-level data.  
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To compute congestion-induced delays during both peak and nonpeak periods, TTI 

estimates two speeds for a given roadway segment: (1) the free-flow speed, or the average speed 

observed during light traffic periods of the day (e.g., 10 p.m.–5 a.m.), and (2) the actual speed 

observed during a given time interval of the day. By comparing actual and free-flow speeds, TTI 

is able to estimate congestion-induced speed reductions for different hours of the day. TTI then 

scales up those speed reductions using traffic volume data to compute the total amount of time 

“lost” to traffic congestion. In recent years, travel speed data have come from INRIX, a private 

company that monitors travel times on most major roads in the United States. (TTI has made 

considerable efforts to align earlier data with INRIX data.) Traffic volume data come from the 

Federal Highway Administration’s Highway Performance Monitoring System. Importantly, the 

INRIX speed data are recorded in 15-minute intervals for every day of the year, thereby allowing 

TTI to account for both daily and hourly variations in congestion levels.5 For our sample of  

California urban areas during 1982–2011, which we discuss later, annual delay per auto commuter 

ranged from 2 hours to 89 hours, with a mean delay of 34 hours per year. 

Economic Performance Measures. We use county-level economic performance measures 

that include real GDP, wages, employment, and originating freight traffic transported by truck. 

Real GDP, wages, and employment data for 1982–2011 were provided by the Brookings 

Institution’s Metropolitan Policy Program, using data from Moody’s Analytics.6 Freight flows, 

measured as thousands of tons of commodities transported by truck across California counties, 

                                                 
5 Although it could be argued from a policy perspective that TTI’s benchmark of free-flow speeds is unlikely to be 

obtained during peak periods, TTI still offers a valid measure of delays caused by traffic congestion, and there is no 

clear alternative measure. More important, the introduction of autonomous vehicles offers the possibility of much 

higher speeds during peak periods. 
6  The Moody’s Analytics source for employment and wage data is the Bureau of Labor Statistics, “Current 

Employment Statistics, Quarterly Census of Employment and Wages,” and its source for GDP data is the Bureau of 

Economic Analysis.  
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were obtained from the California Statewide Freight Forecasting Model, which combines 2007 

data from the Federal Highway Administration’s Freight Analysis Framework with demographic 

data to forecast flows for 2010. 7  The forecast flows are not adjusted to account for any 

unanticipated changes in congestion. 

We express GDP, wages, and employment in terms of annual growth rates as 

 𝐺𝑟𝑜𝑤𝑡ℎ𝑡
𝐷𝑉 = ln (

𝐷𝑉𝑡+1

𝐷𝑉𝑡
),  (2) 

where 𝐺𝑟𝑜𝑤𝑡ℎ𝑡
𝐷𝑉 is the annual growth rate of a dependent variable performance measure DV in 

year t, 𝐷𝑉𝑡+1 is the level of the dependent variable DV in year t+1, and 𝐷𝑉𝑡 is the level of the 

dependent variable DV in year t.8 Because we have commodity flow data for the years 2007 and 

2010 only, we express the dependent variable for this performance measure as a three-year growth 

rate—the difference between 2010 and 2007 levels. 

 

3. Identification Based on Self-Help County Taxes as an Instrument for Highway Congestion 

There are two fundamental challenges to estimating the effect of congestion on an 

economic performance measure (e.g., employment): omitted variables and reverse causality. 

Omitted variables are likely to arise because some variables that affect both congestion and an 

economic performance measure, such as certain types of weather (Sweet 2014), will be omitted 

from the model because they are difficult to quantify. Reverse causality is likely to occur because 

an economic performance measure will be closely related to the amount of passenger and freight 

                                                 
7 We are grateful to Andre Tok and Stephen Ritchie for providing us with these data. Details on the design and 

development of the California Statewide Freight Forecasting Model are contained in Ranaiefar (2014) and Ranaiefar 

et al. (2012). 

8 Note that ln (
𝐷𝑉𝑡+1

𝐷𝑉𝑡
) = ln (1 +

𝐷𝑉𝑡+1−𝐷𝑉𝑡

𝐷𝑉𝑡
) ≈

𝐷𝑉𝑡+1−𝐷𝑉𝑡

𝐷𝑉𝑡
 when 

𝐷𝑉𝑡+1−𝐷𝑉𝑡

𝐷𝑉𝑡
 is small. 
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traffic on the road and thus will affect congestion. The standard approach to minimizing the bias 

from omitted variables and reverse causality is to use an appropriate instrumental variable that is 

correlated with the explanatory variable of interest (in this case, highway congestion) but is not 

correlated with the dependent variable (e.g., employment). 

Starting in the 1960s, California counties were allowed by state law to pass legislation, 

with voter approval, that instituted local sales taxes to fund transportation projects that would, 

among other things, help reduce highway congestion.9 Based on considerable evidentiary and 

institutional support that we provide below, we contend that the share of the local sales tax base 

dedicated to self-help highway projects—that is, counties that opt to help themselves by raising 

transportation funding locally—is a valid instrument for  highway congestion. 

In contrast to conventional models in public finance, we argue that the revenue raised by 

self-help county taxes for highway projects is not the result of welfare-maximizing decisions by 

policymakers subject to current economic conditions; instead, it is determined primarily by county 

leaders’ effectiveness at mobilizing the political support of a clear majority of voters, which bears 

little relationship to a county’s current economic conditions. Li, Linn, and Muehlegger (2014) 

discuss the evidence on political considerations that affect state gasoline taxes. Interestingly, the 

failure of congressional leaders to mobilize political support to raise the national gasoline tax has 

maintained the tax rate at its 1993 level, despite varying macroeconomic conditions. This static 

tax rate has contributed to large shortfalls in the Federal Highway Administration’s Highway Trust 

Fund, which pays for road maintenance and improvements (Langer, Maheshri, and Winston 2016). 

Similarly, although California’s cost of borrowing has fallen significantly, a political trend toward 

                                                 
9 California counties did not tend to allocate a notable share of the sales taxes to highways until the 1980s. 
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anti-tax sentiment has led the state’s transportation officials to cut highway construction plans by 

28 percent between 2016 and 2021 (Harrison and Gillers 2016).  

We use data on self-help county taxes from the website of each of the California counties 

in our analysis sample and from an initial summary by Crabbe et al. (2005).10  Counties vary by 

(1) the years during which they vote on, pass, and renew a transportation sales tax; (2) the sales 

tax rate; and (3) the share of the transportation tax revenue dedicated to highways. Table 1 shows 

the factors that contribute to the variation in California counties’ accumulation of highway tax 

revenue over time by listing the preceding information for the counties with measurable congestion 

that passed transportation sales taxes.11 The share of self-help revenue going to highway projects 

varies noticeably, ranging from 0 percent (none of the self-help revenue funds highway work) to 

100 percent (all of the self-help revenue funds highway work). 

 Self-help ballot measures come with specific expenditure plans detailing how revenue 

from the taxes will be spent. Many highway projects are expensive, and it can take considerable 

time for a county’s self-help tax to raise the funds necessary to complete a project designed to 

reduce congestion; thus, we express our instrument for congestion in a county i at time t as the 

cumulative share of the county sales tax base that is spent on self-help highway projects, 

𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝑆ℎ𝑎𝑟𝑒𝑖𝑡, which we express as 

 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝑆ℎ𝑎𝑟𝑒𝑖𝑡 = ∑ 𝑡𝑎𝑥𝑅𝑎𝑡𝑒𝑖𝑗 ∗ %ℎ𝑖𝑔ℎ𝑤𝑎𝑦𝑖𝑗,𝑡
𝑗=1982   (3) 

                                                 
10 We are grateful to Amber Crabbe for providing the data. 
11 Notably, some counties—such as Sonoma—have passed a transportation tax rate other than 0.5 percent, but those 

counties do not have measurable congestion, so their tax rates do not appear in our table. 
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where 𝑡𝑎𝑥𝑅𝑎𝑡𝑒𝑖𝑗  is the local transportation tax rate for county i in year j (e.g., 0.50 or 0.25 

percent),12  and %ℎ𝑖𝑔ℎ𝑤𝑎𝑦𝑖𝑗  is the share of self-help county tax revenue that is allocated to 

highway projects in year j, as stipulated by the expenditure plan developed by county i. We discuss 

additional reasons for using a cumulative measure below. 

For short, we will refer to this construct as the cumulative share of the self-help tax base 

dedicated to highways. Consider, for example, Fresno County. In 1986, Fresno began imposing a 

0.5 percent transportation sales tax, 74 percent of which went to highway projects. Thus, 0.37 

percent of the county’s sales tax base went to self-help highway projects in 1986. An additional 

0.37 percent did so in 1987, meaning that 0.74 percent of the cumulative tax base since 1982 (the 

starting year of our sample) went to highways by 1987. In other words, 

 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝑆ℎ𝑎𝑟𝑒𝐹𝑟𝑒𝑠𝑛𝑜,1985 = 0%, 

 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝑆ℎ𝑎𝑟𝑒𝐹𝑟𝑒𝑠𝑛𝑜,1986 = 0.37%, 

 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒𝐻𝑖𝑔ℎ𝑤𝑎𝑦𝑆ℎ𝑎𝑟𝑒𝐹𝑟𝑒𝑠𝑛𝑜,1987 = 0.74%, 

and so forth.  

We discuss alternative ways of specifying this instrument later, but we note here that we 

do not use the actual dollar amount of highway revenues from self-help taxes as an instrument 

because dollar amounts are a function of the size of the economy, which is endogenous.13 

                                                 
12 California’s 1971 Transportation Development Act allows any California county to impose a 0.25 percent sales tax, 

subject to voter approval, for transportation purposes. Subsequently, Sonoma County passed a self-help transportation 

tax rate of 0.25 percent. 
13 Returning to the example of Fresno County, the revenue raised by Fresno’s self-help tax may vary from year to 

year, reflecting changes in consumer spending habits or the strength of the economy. However, the annual share of 

that revenue going to highways (74 percent) remains constant, reflecting only the initial (and, we argue, exogenous) 

decision to allocate self-help funds among various transportation projects. 
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Because expenditure plans may change when counties vote to renew a self-help tax, 

𝑡𝑎𝑥𝑅𝑎𝑡𝑒𝑖𝑗 and %ℎ𝑖𝑔ℎ𝑤𝑎𝑦𝑖𝑗 may vary across years. In the years preceding the enactment of a self-

help tax measure and in the years following the discontinuation of a self-help tax measure, 

𝑡𝑎𝑥𝑅𝑎𝑡𝑒𝑖𝑗 and %ℎ𝑖𝑔ℎ𝑤𝑎𝑦𝑖𝑗 are set to 0. 

By using a cumulative measure of the share of the local sales tax base going to self-help 

highway projects, we are able to account for (1) lags between revenue intake and transportation 

expenditures, (2) differences in the rate at which counties accumulate self-help transportation 

funds, and (3) the modest amount of revenue for highway projects that a county can accumulate 

each year from a self-help tax compared with the high cost of certain highway projects. For 

example, in 2014, the majority of counties received less than $100 million in total self-help tax 

revenue (California Department of Transportation 2014), compared with an average construction 

cost of more than $100 million for 10 miles of urban highway. 

How do we justify treating the self-help county taxes as exogenous to our economic 

performance measures?14 The exogeneity of 𝑡𝑎𝑥𝑅𝑎𝑡𝑒𝑖𝑗 is self-evident because there is almost no 

variation in 𝑡𝑎𝑥𝑅𝑎𝑡𝑒𝑖𝑗 across either time or counties. More specifically, every county has a self-

help transportation tax of 0.5 percent, with the exception of Sonoma, which has a rate of 0.25 

percent and is not included in TTI’s sample of the most congested urban areas in the country.15 

Among those counties in our study that eventually passed a self-help tax measure, we argue 

that both the year in which a transportation tax was enacted and the share of self-help tax revenue 

                                                 
14 We are not aware of a formal econometric test of our instrument’s validity. Kitagawa (2015) has proposed a test of 

an instrument’s validity when both the variable of interest and the instrument are discrete. However, we cannot use 

that method here because congestion and the cumulative share of county sales taxes spent on self-help highway 

projects are continuous variables. 
15 Voting records for Sonoma show that earlier self-help county ballots—which proposed a variety of different tax 

rates—did not result in dramatically different voting outcomes. This suggests that Sonoma’s 0.25 percent tax rate is 

not due to an extreme anti-tax environment. 
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dedicated to highway projects are exogenous to economic trends and conditions in the county. We 

offer several pieces of macro- and micro empirical and institutional evidence to support this claim. 

First, our sample of California urban areas includes only those that are in TTI’s sample of 

the most congested urban areas in the United States from 1982 to 2011; thus, those areas 

experienced congestion throughout the period covered by our sample, and they were not subjected 

to an economic “shock” that caused their residents to suddenly become concerned about 

congestion and to enthusiastically support additional taxes to reduce it. 

Second, it is possible that either the timing of a self-help tax or the share dedicated to 

highway projects is driven by earlier economic or congestion trends. For example, if a county 

observed that congestion levels were rising rapidly, that county might have been more likely to 

pass a self-help tax or to dedicate a larger share of self-help tax revenue to highway projects. In 

other words, in our sample, policymakers may have been responding to historic trends in 

congestion when making self-help tax decisions. Although our model contains dummies for year 

and urban area, it does not control for time-varying trends within an urban area, including the 

hypothetical correlation between self-help taxes and within-county congestion trends. 

To test whether such a correlation exists, we computed the congestion growth rate for the 

year before the passage of an urban area’s first self-help tax.16 Because there are only 10 California 

urban areas in our final sample, we simply mapped this measure of pre–self-help tax annual 

congestion growth rates onto (1) the share of an urban area’s sales tax base going to highway 

projects (i.e., our self-help instrument) and (2) the year in which the urban area first passed a self-

help tax. As shown in figures 1a and 1b, neither the share of revenue going to self-help highway 

                                                 
16 Because we do not have pre-1982 congestion data, we define the first self-help tax as that which passed since 1982. 

For example, Alameda County passed a transportation sales tax in 1969, 1986, and 2000. For this analysis, we define 

Alameda’s first self-help measure as the one that passed in 1986. 
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projects nor the timing of the passage of a self-help tax appears to correlate with congestion trends 

preceding the enactment of a self-help measure. Similar findings were obtained when we 

considered annual GDP, instead of congestion, growth rates for the year before the passage of the 

first self-help tax.17 

Finally, because economic outcomes, congestion, and cumulative self-help county tax 

expenditures may have a common time trend at the local (county) level owing to, for example, 

natural events such as an earthquake that may affect only certain counties in California, we conduct 

a sensitivity analysis by estimating our growth models with random time trend effects. We find 

that controlling for those effects does not materially affect our parameter estimates. 

Micro-based arguments and evidence also support our exogeneity assumption and help us 

identify noneconomic factors that are likely to influence the timing and share of self-help tax 

expenditures on highways. First, many counties that eventually passed a self-help transportation 

tax failed to pass such a tax on their first try, regardless of the economic conditions at the time. 

Often, those early failures were quickly followed by success at the polls, suggesting that political 

mobilization, rather than the state of the economy, was the key determinant of voting outcomes. 

Moreover, some of the variation in self-help voting outcomes is clearly due to a California 

Supreme Court ruling in the mid-1990s that raised the voting threshold for self-help tax measures 

from 50 percent to 67 percent. Arguably, a county that passed a self-help measure with 55 percent 

of the vote in the 1980s showed the same public commitment to the tax as a county that failed to 

                                                 
17 We also find no correlation between the share of the tax base going to self-help highways and the level of congestion 

or the level of GDP that an urban area experienced during the year in which it passed its self-help tax measure. If 

underlying economic or congestion considerations motivated the allocation of self-help funds to highways, we might 

expect such a correlation to exist. 
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pass a self-help measure with 55 percent of the vote in the late 1990s; the only difference between 

the two outcomes is the higher voting threshold, which is clearly exogenous. 

Second, anecdotal evidence from Crabbe et al. (2005) suggests that California’s self-help 

tax expenditure plans were designed primarily with political and technical considerations in mind. 

For example, because ballot measures must specify the intended uses of the transportation sales 

tax revenue, expenditure plans are crafted to appeal to a variety of different interest groups. One 

might also raise concerns that the expenditure plans are not reflective of how the sales tax revenue 

is actually spent—that is, that the county transportation authorities responsible for managing new 

projects do not adhere strictly to the expenditure plan that was crafted to gain political support and 

instead alter the plan for their own purposes. However, it appears that most self-help measures 

provide little flexibility for technocrat discretion. Crabbe et al. note that most local transportation 

sales tax measures “earmark a large proportion of their revenue for specific projects, limiting the 

power of transportation authorities to reprioritize once the tax is approved.” 

Finally, the prioritization of projects that are to be funded by self-help taxes appears to be 

shaped by considerations that are orthogonal to performance measures of the economy. In 

particular, Crabbe et al. (2005) write that the most common project prioritization criteria are 

leveraging state and federal sources of funding, ensuring that sales tax revenue is distributed fairly 

across all geographic sub-regions in a county, and satisfying established growth management 

requirements for new development projects. Thus, in all such cases, bureaucratic and political 

constraints appear to be shaping the order in which transportation projects that are funded by 

county self-help revenue are implemented. Indeed, we show that the ability over time of self-help 

transportation tax revenue to reduce highway congestion has varied greatly across California 
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counties, in all likelihood because different counties face different constraints and have different 

goals when selecting highway projects. 

It would be desirable to identify specific political variables that are unrelated to economic 

conditions yet correlate with our instrument, but we are not aware of detailed case studies that 

describe the political considerations that California counties have taken into account and the 

specific strategies those counties have followed to select transportation projects and to gain voter 

approval for proposed self-help transportation tax measures. However, consistent with Crabbe et 

al. (2005), Sacramento County (see Bizjak 2016) recently unveiled a list of proposed transportation 

projects, including (1) all travel modes, even walking and cycling, and types of infrastructure; (2) 

every city in the county, as well as unincorporated areas; and (3) an indication that the projects 

would be funded in part with a new self-help county tax. In addition, the list of projects places a 

priority on those that would improve the county’s chances of receiving matching state and federal 

funds. City and county leaders have indicated that polling in 2015 showed that reaching the 67 

percent approval threshold for a self-help tax could be tough to achieve and that further voter 

polling would determine whether local leaders would formally launch the process to put a self-

help tax measure on the ballot in the future.  

In sum, there is ample evidence to suggest that political considerations and bureaucratic 

constraints are the primary determinants of when self-help taxes are passed in California counties 

and how local tax revenue is spent. The fact that transportation authorities appear to have little 

discretion during implementation of expenditure plans further strengthens our claim that county 
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self-help transportation taxes bear little relationship to the economic performance measures listed 

earlier and are therefore a valid instrument for highway congestion in our empirical analysis.18 

 

4. Constructing a Consistent Unit of Analysis and the Final Sample 

The TTI data on average annual hours of delay per auto commuter are measured at the 

urban-area level. Data on urban-area economic characteristics, however, are sparse; thus, Hymel 

(2009) and Sweet (2014), for example, rely on data for metropolitan statistical areas (MSAs) to 

construct dependent variables that proxy for urban-area-level economic conditions. It is not 

feasible for us to use MSA-level data here because the allocation of self-help tax funds is decided 

at the county level, not the MSA level. This means that a county must be the unit of analysis for 

our instrumental variable—the cumulative share of sales revenue dedicated to self-help highway 

projects. In addition, we must rely on county-level data to construct commodity flows and GDP.19 

We therefore use county-level data to measure our dependent and instrumental variables 

but then transform those county-level measures into urban-area measures to align them with our 

congestion variable. Specifically, we apply the following transformation: 

  𝑋𝑗 = ∑ 𝑋𝑖 ∗ 𝑃𝑖𝑗 ,
𝑁𝑗

𝑖=1
  (4) 

where 𝑋𝑗 is the measure of variable X for urban area 𝑗; 𝑋𝑖 is the measure of variable X for county 

𝑖; 𝑃𝑖𝑗 is the share of urban area 𝑗’s population that lived in county 𝑖 in 2010, as indicated by the 

                                                 
18 It could be argued that expenditures on highway maintenance and construction in an urban area follow a similar 

pattern as self-help highway tax expenditures and would therefore be a valid instrument for congestion. But those 

expenditures are affected to some extent by local economic activity that determines the amount of truck traffic. As 

discussed by Small, Winston, and Evans (1989), trucks are the primary cause of pavement damage, which requires 

ongoing maintenance and possibly new construction. 
19 Furthermore, the Bureau of Economic Analysis provides MSA-level GDP data for the years 2001–2013, which 

would force us to drop all the years in our sample from the early 1980s to 2000. 
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US Census; and 𝑁𝑗 is the number of counties that overlap with urban area 𝑗.20 Thus, in all models 

using annual growth rates for GDP, employment, and wages, the unit of analysis is the urban area. 

Using the Bureau of Economic Analysis MSA-level data on employment and earnings for 

the 1982–2011 time period, we perform robustness checks on whether the results of our jobs and 

earnings growth models hold when we construct the dependent variable using MSA-level, as 

opposed to county-level, growth rates. As noted later, we find that our results are robust to this 

alternative specification, suggesting that our estimates of the effect of highway congestion on 

employment and earnings are not driven by our reliance on county-level data. 

We include freight flows across only California counties because our instrument for 

congestion is valid only for California counties that had already voted for a self-help county tax 

during the period studied. The implication of this restriction is that we understate the effect of 

congestion on freight flows because we do not include its effect on flows between California 

counties and US urban areas outside California or between California counties and foreign urban 

areas.21 

The computation we perform to measure flows across urban areas is 

 𝐹𝑙𝑜𝑤𝑖𝑗
𝑈𝐴 = ∑ ∑ 𝐹𝑙𝑜𝑤𝑜𝑑

𝐶 ∗ 𝑝𝑜𝑝𝑜
𝑖 ∗ 𝑝𝑜𝑝𝑑

𝑗
𝑑𝑜 ,  (5) 

where 𝐹𝑙𝑜𝑤𝑖𝑗
𝑈𝐴 is the commodity flow from urban area i to urban area j; 𝐹𝑙𝑜𝑤𝑜𝑑

𝐶  is the commodity 

flow from county o to county d; 𝑝𝑜𝑝𝑜
𝑖  is the percentage of county o’s urban-area population that 

falls into urban area i; and 𝑝𝑜𝑝𝑑
𝑗
 is the percentage of county d’s urban-area population that falls 

                                                 
20 Note that, for each urban area 𝑗, ∑ 𝑃𝑖𝑗 = 1

𝑁𝑗

𝑖=1
. 

21 According to the California Freight Mobility Plan, the state’s intrastate freight flows in 2012 accounted for roughly 

77 percent, based on tonnage, of all freight flows transported by truck in California, including freight to and from 

other states and to and from other countries (Brown, Kelly, and Dougherty 2014). 
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into urban area j. This computation assumes (1) that freight flows come and go only to and from 

urban areas in a county; (2) that the share of a county’s freight flows that come from and go to a 

particular urban area is proportional to the share of that county’s population that lives in the urban 

area; and (3) that the volume of freight flows entering (or leaving) an urban area is independent of 

the urban area of origin (or destination). 

To illustrate the intuition behind this computation, consider the flow from the Fresno urban 

area (𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 ) to the Riverside urban area (𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴 ). 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴  is contained in two 

counties: Fresno County and Madera County. 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴  is contained in two counties: 

Riverside County and San Bernardino County. Suppose that 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 contains 100 percent of 

Fresno County’s urban area population and 10 percent of Madera County’s urban area population. 

Further suppose that 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴 contains 100 percent of Riverside County’s urban population 

but only 10 percent of San Bernardino County’s urban population. 

If we (plausibly) suppose that commodity flows across counties are limited to the urban 

areas of those counties, then 100 percent of Fresno County’s freight flows and 10 percent of 

Madera County’s freight flows are generated by 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴, whereas 100 percent of Riverside 

County’s freight flows and 10 percent of San Bernardino County’s freight flows are generated 

by 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴. Consequently, the probability that 1 ton of freight flow moving from Fresno 

County to Riverside County originated from the portion of 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 that lies in Fresno County 

and arrived at the portion of 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴 that lies in Riverside County is equal to 100 percent × 

100 percent = 1. Similarly, the probability that 1 ton of freight flow moving from Fresno County 

to San Bernardino County originated from the portion of 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 that lies in Fresno County and 

arrived at the portion of 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴 that lies in San Bernardino County is equal to 100 percent 

× 10 percent = 0.1. Furthermore, the probability that 1 ton of freight flow moving from Madera 
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County to San Bernardino County originated from the portion of 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 that lies in Madera 

County and arrived at the portion of 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴 that lies in San Bernardino County is equal to 

10 percent × 10 percent = 0.01—and so forth. The total flows from 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 to 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴 

can then be computed by summing the county-level flows that originated in 𝐹𝑟𝑒𝑠𝑛𝑜𝑈𝐴 and arrived 

in 𝑅𝑖𝑣𝑒𝑟𝑠𝑖𝑑𝑒𝑈𝐴. 

We provide a robustness check by also computing urban-area flows by taking a simple 

average of county-level flows. That is, 

 𝐴𝑙𝑡𝐹𝑙𝑜𝑤𝑖𝑗
𝑈𝐴 = ∑ ∑

1

𝑚𝑖𝑗
𝐹𝑙𝑜𝑤𝑜𝑑

𝐶 ,𝑑𝑜   (6) 

where mij is the number of county OD pairs that make up an urban-area OD pair. We find that 

AltFlow and Flow produced nearly identical results. We therefore present only the results for 

models that use Flow as the dependent variable—that is, that weight flows according to urban-area 

population size. 

Given an urban area as our basic unit of observation, we define our estimation sample to 

consist of all urban areas that (1) have measurable annual congestion reported in the TTI database 

and (2) overlap with counties that passed a countywide transportation sales tax by 2011. We further 

limit our sample to (3) the years in which at least one of an urban area’s counties voted on (or had 

previously voted on) a countywide transportation sales tax.22 We use restrictions (2) and (3) to 

make our sample of counties more homogenous, specifically with respect to a county’s political 

interest in pursuing and enacting a self-help tax. In particular, restriction (3) ensures that we 

consider only the years in which an urban area has a serious interest in passing a self-help tax. 

                                                 
22 Put differently, we drop all years in which none of an urban area’s counties had voted on (or previously voted on) 

a countywide transportation sales tax. By limiting our sample to the years in which counties had already demonstrated 

an interest in self-help county taxes, we hold more unobservables constant (i.e., any correlations between the economy 

and the political interest in a county self-help tax). 
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Similarly, restriction (2) ensures that the urban areas in our sample all possess the political will 

necessary to (eventually) implement a self-help tax. As a result, variation in our self-help tax 

measure reflects only two factors: (1) the timing between the first self-help vote and the first 

successful self-help vote and (2) the allocation of self-help funds to highway projects. As we 

argued earlier, both factors are driven primarily by political considerations. 

Because TTI provides panel data on 12 urban areas in California for the 1982–2011 time 

period, our sample initially consisted of 360 urban-area-years. Given the noted restrictions and one 

additional adjustment, our analysis proceeds with an unbalanced panel dataset consisting of 256 

observations.23 

The sample to estimate the effect of congestion on commodity flows consists of 100 

observations because we have 10 urban areas in the sample and we have estimates of commodity 

flows for each possible origin-destination pair (e.g., there is a commodity flow to and from the 

Fresno urban area; there is also a commodity flow from Fresno to Riverside and from Riverside to 

Fresno). 

The first panel of table 2 presents summary statistics for the variables we use in the GDP, 

employment, and labor earnings models. The second panel presents summary statistics for the 

relevant variables in the commodity flow model. The first panel shows that the California urban 

areas grew at a healthy rate during the sample period, although those areas also experienced 

contractionary periods. The second panel shows the effects of the Great Recession, as the urban-

                                                 
23 The sample size was reduced from 360 urban-area-years to 348 urban-area-years because the dependent variable in 

our models is an annual growth rate and because we do not observe 2011 annual growth rates. Moreover, two of the 

California urban areas in the TTI dataset do not overlap with a county that has passed a local transportation tax, which 

further reduced our sample size to 290 urban-area-years. Finally, because the year in which a local transportation tax 

measure was first voted on varied across counties, different urban areas contributed different numbers of years to our 

estimation sample, resulting in an unbalanced panel dataset of 256 observations. 
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area commodity flow growth rate declined, on average, during 2007–2010. In both models, the 

cumulative percentage of the sales tax base allocated to self-help highway projects for the urban 

areas in our sample, which is affected by when an urban area first voted on a self-help tax, is 

small—less than 9 percent. 

 

5. Estimation Results 

In table 3, we present first-stage estimation results that use our cumulative self-help 

instrument, total urban-area population, and urban-area and year fixed effects to predict the logged 

annual hours of delay per commuter. In alternative specifications described below, we include 

interactions between urban-area and time dummies to capture long-term, location-specific 

structural changes in the economy, such as shifts in an urban area’s demographics or increases in 

the share of its urban population. 

As noted, highway projects are often expensive, and it can take considerable time for a 

county’s self-help tax to raise the funds necessary to complete a project. Importantly, certain 

activities that are funded during the initial period of a project will not reduce congestion—and 

some may increase it. The most important activities include engineering analyses that California 

may require before actual roadwork begins to satisfy environmental and safety regulations and the 

formation of work zones. A work zone is an area of a highway where construction, maintenance, 

or utility work activities occur, and it is typically marked by signs (especially ones that indicate 

reduced speed limits), traffic-channeling devices, barriers, and work vehicles. The Federal 

Highway Administration estimates that work zones accounted for nearly 900 million person-hours 

of delay in 2014.24 

                                                 
24 See Work Zone Management Program (2016). 
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We specify a linear term and a squared term for the cumulative self-help measure to capture 

the effect of highway spending on annual delay as it evolves. The estimates of both coefficients 

are statistically significant. The positive coefficient for the linear term suggests that additional self-

help tax revenue is associated with greater delay in the short run, as would be expected when work 

zones are formed at the beginning of a project. The negative coefficient for the squared term 

suggests that additional self-help tax revenue is associated with less delay in the long run as 

projects are completed, thereby increasing road capacity and improving road quality to facilitate 

higher speeds.25 

It is useful to provide more perspective on those results. Using the estimated coefficients, 

we find that congestion levels begin to fall once the cumulative share of the local sales tax base 

that is spent on self-help-tax highway projects is roughly 7 percent.26 The time it takes a county to 

reach that cumulative share depends on the share of the tax base that a county dedicates to self-

help tax highway projects each year. For example, if a county (1) has an annual self-help tax of 

0.5 percent and (2) dedicates 100 percent of that tax to highway projects, holding all else constant, 

congestion levels for the county would start decreasing 14 years after passing the self-help tax 

[6.99% / (0.50% × 1.00)]. Put differently, for the first 14 years, all other things being equal, more 

self-help highway expenditures cause more congestion; after 14 years, more expenditures reduce 

congestion levels. As noted, depending on the project, some expenditures may be used to pay for 

                                                 
25 It is possible that a self-help tax in a given county may have spillover effects that improve traffic flows between two 

counties that did not pass self-help taxes because traffic between those counties goes through the county that passed 

a self-help tax. However, we are unable to measure that effect with our data. 
26 We obtain this result by calculating when highway congestion peaks—that is, by setting the derivative of our first-

stage regression with respect to the cumulative percentage of self-help taxes spent on highways at zero and then 

solving for the cumulative percentage of self-help taxes spent on highways. We find that congestion peaked when the 

cumulative percentage of self-help taxes spent on highways reached 6.99 percent, after which congestion fell. 
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engineering analyses, which may take several years, or for maintenance and construction in work 

zones, which cause congestion delays. 

For the average county in our sample, the share of the annual self-help tax dedicated to 

self-help highway projects is much less than 100 percent—roughly 34 percent;27 thus, because the 

rate of revenue accumulation is so slow, it takes roughly 40 years before congestion levels decline. 

In other words, only some counties in our sample accumulated self-help highway tax revenue fast 

enough to cause congestion levels to fall in less than a few decades. 

But this characterization of our findings should be strongly qualified because self-help tax 

revenue is likely to be only one source of funding for an expensive and time-consuming highway 

project that also receives state and federal funds. Indeed, as noted, the most common prioritization 

criterion for projects funded by county self-help taxes is the ability to leverage state and federal 

funding sources. Thus, we isolate the contribution of self-help tax revenue to reducing congestion 

and imply that governent expenditures on highways do not reduce congestion until decades after 

spending begins, which is inconsistent with research that finds that such spending in metropolitan 

areas nationwide contemporaneously reduces congestion (Winston and Langer 2006; Duranton 

and Turner 2011; Leduc and Wilson 2013). 

Thus, an alternative—and possibly more accurate—explanation for our inverse-U 

relationship between congestion and self-help expenditures is that the amount of self-help highway 

spending is what matters for congestion, not the length of time since a self-help tax measure was 

passed. For example, suppose that a county spends only very small amounts of its self-help tax 

revenue on very small highway improvement projects, such as repainting highway lines. Those 

                                                 
27 Note, again, that this 34 percent corresponds to the average share of the self-help funds going to highway projects. 

A much smaller share of the local sales tax base goes to self-help highway projects, as shown in table 2. 
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marginal highway projects would probably increase congestion when they were being 

implemented because lanes would need to be shut down. However, we would not expect small 

projects on their own to have sizable long-run congestion-reducing effects. Thus, if a county spent 

money on small projects for decades, we might expect cumulative revenue spending to be 

positively associated with highway congestion. In other words, small highway projects have all 

the negative side effects of increasing congestion in the short run and few positive side effects of 

reducing congestion in the long run. At the same time, such projects could be pursued because 

they also have safety, environmental, and other benefits. 

In contrast, major and expensive highway projects (such as reconstructing or adding 

highway lanes) raise congestion levels in the short run but ultimately reduce congestion in the long 

run. But those projects are extremely expensive, and they are likely to be funded only if county 

self-help tax revenue is combined with funding from the state and federal governments. For 

example, the previously noted Sacramento County list of proposed projects includes a $700 million 

plan to widen the freeway from midtown to its junction with another freeway, but the project could 

proceed only if self-help tax revenue were supplemented with state and federal funds. Thus, 

according to this interpretation of our findings, when counties spend their self-help tax revenue on 

big projects that also receive state and federal funding, they experience more immediate reductions 

in congestion. When counties spend money on lots of small projects, they do not achieve 

immediate reductions in congestion; in fact, they may increase congestion levels for extended 

periods. 

Because we do not have data on each county’s self-help tax revenue expenditures for 

specific transportation projects, it is difficult to conclude whether our findings reflect the effect of 

the passage of time or whether they result from the types of projects the counties chose to fund 
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over time. Although we explored alternative specifications that might capture those considerations 

more fully than the preceding model did, none of them led to improvements in explaining how 

county self-help taxes affect congestion.28 In any case, our first-stage estimation results indicate 

that our instrument is strongly correlated with congestion (adjusted R2 = 0.93) and that its 

economic effects are plausible. 

Congestion’s Effects on Economic Performance Measures 

We use the first-stage estimates to instrument annual delay and estimate its causal effect 

on the economic performance measures. We specify log-linear functional forms for each 

specification to present elasticities, and we control for both urban-area and year fixed effects, as 

well as for a time-varying measure of urban-area population size. Although there is some concern 

that populations may migrate in response to urban-area factors that affect both economic 

performance and congestion levels, we suspect that such correlations are small, especially net of 

the urban-area and year fixed effects. This hypothesis is supported by the fact that we do not find 

that the estimated congestion effects change noticeably when we exclude population size from the 

model. 

Table 4 presents ordinary least squares (OLS) and two-stage least squares (2SLS) estimates 

and shows the importance of controlling for the endogeneity of congestion. The OLS estimates of 

the effect of annual delays on the annual growth in jobs, GDP, and wages are generally much 

smaller and less statistically reliable than the corresponding 2SLS estimates. The 2SLS estimates 

                                                 
28 For example, we explored alternative specifications on the basis of discrete changes and lags in county self-help tax 

expenditures. Generally, those alternative measures of self-help tax revenue spending were not significantly correlated 

with congestion levels. However, when we (1) simply counted the number of years since an urban area began 

dedicating self-help tax funds toward highway projects and (2) used that variable and its square as instruments in the 

regression, we found an inverse-U-shaped relationship between congestion and the years since an urban area began 

spending self-help tax revenue on highways. Under this specification, we also obtained roughly the same 2SLS results, 

discussed below, that we obtained with the cumulative revenue measures. 
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indicate that a 10 percent reduction in congestion in a California urban area has a measurable effect 

on the performance measures, as both job and GDP growth increase by roughly 0.25 percent and 

wage growth increases by approximately 0.18 percent. 29  The responses are consistent with 

previous estimates of the effect of congestion on employment (Hymel 2009) and earnings (Light 

2007). We situate our estimates in a broader quantitative perspective in the next section.   

For sensitivity analysis, we expand our controls in both stages to include interaction terms 

between urban areas and decades (1980–1989, 1990–1999, 2000–2009, 2010–2012) to control for 

any longer-term structural shifts that might have occurred in specific urban areas, such as changes 

in population demographics. Not surprisingly, we find that the addition of those interaction terms 

reduces the precision of our estimates of the congestion effects because they add some 30 

parameters to the specification, although they still have some statistical significance; however, the 

magnitudes of the estimated congestion effects also tend to increase.  We also conduct two other 

time-related sensitivity tests and find that the estimated congestion effects are robust.30 Finally, we 

test the sensitivity of our job and wage growth models, which are based on county-level data that 

were transformed to urban-area data, with models based on MSA-level data that were transformed 

                                                 
29 Any changes in public policies that may affect the performance measures, such as an increase in the minimum wage, 

are captured by the year fixed effects. 
30  First, the start dates for self-help taxes seem to be in either the 1984–1990 or the 2004–2008 time frame, both of 

which include strong periods of growth. Thus, we replace the year dummies with a single time dummy where 1 

indicates a year in the (1984–1990, 2004–2008) time frame and 0 otherwise; we interact this time dummy with the 

urban-area dummies. Thus, our model controls for urban-area-specific average growth rates across the years (1984–

1990, 2004–2008). Under this new specification, the congestion effects become stronger, if anything, and retain their 

statistical significance. Second, we include interactions between the urban-area dummies and an indicator for the 

(2007, 2008) time period to capture urban-area-specific effects of the Great Recession. We also include individual-

year dummies for 2007 and 2008. The congestion effects generally remain economically and statistically significant 

for this specification. However, it is likely that different urban areas may have been affected at different times and for 

different time periods by the Great Recession, but we have no systematic way of specifying time dummies and 

interacting them with the urban-area dummies to capture that possibility. 
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to urban-area data. We find only slightly smaller changes in the magnitude and statistical reliability 

of our estimated congestion effects on job and wage growth.31 

Congestion’s Effect on Commodity Freight Flows 

As noted, we construct a measure of the three-year urban area growth rate of freight traffic 

transported by truck across California counties. Because commodity traffic could be affected by 

congestion at the urban area of both its origin and destination, we instrument origin and destination 

congestion with each urban area’s cumulative self-help highway tax revenue. 

As shown in table 5, instrumenting congestion again increases the magnitude and statistical 

reliability of the congestion effect, as the 2SLS estimate of the effect of congestion at the origin 

on commodity flow growth rates is statistically significant and is more than three times greater 

than the OLS estimate of the effect. We also find that the effect of congestion at the urban area of 

origin is roughly three times greater than the effect of congestion at the destination, which is not 

statistically significant, possibly because shippers may be able to avoid the logistics costs of certain 

congested destinations by shipping to less congested destinations instead of shipping less freight. 

 To transform the congestion elasticities for three-year growth rates into annualized 

elasticities, we simply divide the estimated originating urban area’s congestion coefficient by 3 to 

obtain −0.106, which is the largest congestion effect we find for an economic performance 

measure. This is perhaps because transportation, in terms of both time and out-of-pocket costs, is 

such an important component of trade costs (Anderson and van Wincoop 2004) and because 

increases in transportation costs that are reflected in higher prices may cause receivers to obtain 

freight from alternative points of origin. 

                                                 
31 The full set of parameter estimates for the models used for sensitivity analysis is available on request from the 

authors. 
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For a sensitivity analysis of the commodity-flow growth model, we include the distance 

between origin and destination urban areas, and characteristics of the origin and destination urban 

areas in 2007, such as (1) the number of four-year colleges, (2) percentages of the populations that 

were African American, and (3) percentages of the populations that were of working age (20–64). 

Our results are largely robust to the inclusion of these controls.32 

Further Comments on Identification 

We find that the magnitude of OLS estimates of the effect of highway congestion on the 

economic performance measures is consistently smaller than the magnitude of the 2SLS estimates 

of that effect. Does the relative magnitude of the OLS and 2SLS estimates suggest that our 

instrument is controlling for the relevant unobserved variables that could cause biased and 

inconsistent estimates? Consider the OLS estimate of the effect of highway congestion on GDP 

growth. Congestion is pro-cyclical because it generally increases with more economic activity. 

Thus, unobserved variables that increase GDP growth are also likely to increase highway 

congestion, and this positive correlation would create a bias that reduces the negative effect of 

congestion on GDP growth. We argue that our instrumental variable purges the bias in the OLS 

coefficient and that this results empirically in a larger negative coefficient, as shown in table 4. 

Of course, there may be unobserved variables that have a negative effect on GDP.  But are 

any of those variables also likely to have a positive effect on highway congestion, which would 

result in a negative correlation and an upward bias in the OLS estimates? If so, it is useful to 

consider whether our model controls for those unobservables, which could lead to biased estimates. 

The most likely examples of those variables are natural events such as the October 1989 Loma 

                                                 
32 The full set of parameter estimates for the models is available on request from the authors. 
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Prieta earthquake, which caused a major section of the Oakland Bay Bridge to collapse, disrupting 

economic activity throughout the Bay Area and increasing congestion delays.33 However, natural 

events can be captured as random time-trend effects; thus, as a robustness check, we re-estimate 

our GDP, job, and wage growth models using a specification that controls for those effects. 

Our current model can be summarized as 

 ,  (7) 

where is the growth rate of an economic performance measure in  urban area i in year ; β is 

the causal effect of congestion level C on the growth rate; Xβ is an array of controls and 

coefficients; is the year dummy; is the urban-area dummy; and ε is the random error term. 

This model assumes that unobserved differences across urban areas are controlled for by urban-

area fixed effects. If we expect that highway congestion and a performance growth rate variable 

in an urban area are affected by unobserved factors over time, then the year dummies will capture 

only the time trend that is common across all urban areas. 

To control for individual urban-area time trends (i.e., random time trend effects), we can 

specify 

 ,  (8) 

where  captures the common time trend across the urban areas and , with θi 

random, allows each urban area to have its own time trend. To estimate the model, we use first-

order differencing and demeaning to eliminate the urban-area time trends and dummies so that the 

                                                 
33 Our results are robust to interacting a time dummy for the years 1989 and 1990 with our urban-area indicators. 
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remaining parameters can be consistently estimated by 2SLS, using the self-help highway taxes as 

our instrumental variable.34 

We find that the estimated coefficients of the effects of congestion in those models are 

broadly consistent with, albeit somewhat larger than, the baseline coefficients presented in table 

4.35 But their precision is less than that of the baseline estimates because first-order differencing 

and demeaning reduced the variation in the data, so we will use the baseline coefficients for further 

analysis. 

 

6. Ameliorating Highway Congestion 

Our finding that congestion has negative and statistically significant effects on the GDP, 

employment, wage, and commodity flow growth rates of California’s urban areas indicates that 

congestion’s adverse effects go beyond the urban transportation sector. We show the economic 

implications of this finding by using our estimated models to quantify significant benefits to the 

nation from ameliorating congestion, which could plausibly occur with the widespread adoption 

of autonomous (driverless) vehicles. 

                                                 
34 Formally, the two steps we take to estimate the model are: 

Step 1: First-order differencing. Let  denote the first-order difference operator, and we have  

      

Step 2: Demeaning. The remaining individual effects can be further removed by demeaning  

    where 

and  denotes the number of years in the panel data; , , and are defined 

in the same way. Thus, the equation is free of individual time trends and individual effects so that the remaining 

parameters can be consistently estimated by 2SLS using the self-help tax as the instrumental variable. 
35 Using the random time-trend effects specification, the estimated coefficient (robust standard error) of the effect of 

highway congestion on GDP, job, and wage growth was −0.047 (0.025), −0.020 (0.014), and −0.044 (0.027), 

respectively.  
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Policymakers have been pursuing a piecemeal combination of policies that seek to increase 

transportation funding and highway spending instead of trying to develop an efficient strategy to 

reduce highway congestion (Winston 2013). Some policies may have modest effects on reducing 

delays, but none offer the potential to change the flow of traffic in ways that would substantially 

reduce congestion.36 That desired effect could be achieved by (1) efficient congestion pricing, (2) 

technological advancements that make widespread use of autonomous vehicles a reality in the 

coming years, and (3) a combination of (1) and (2). 

Other assessments of congestion pricing focus on the benefits to motorists in travel time 

savings and to the government in an improved highway budget balance that result from tolls that 

could reduce delays by as much as 25 percent (Burris 2003, Calfee and Winston 1998). But does 

it follow that such reductions in delays would also increase the growth rates of employment and 

other economic performance measures? In the standard model (Walters 1961), congestion pricing 

increases the cost of commuting to work during rush hour; thus, it reduces employment unless the 

toll revenues are spent to reduce labor-inhibiting taxes (Parry and Bento 2001, Van Dender 2003). 

A general equilibrium model with motorists who have heterogeneous values of time and 

reliability would consider the labor supply decisions of workers and the hiring decisions of firms. 

By reducing travel time and improving reliability, congestion pricing could enable workers to 

expand their area of job search, improve matching, and strengthen job retention. Employment 

could therefore increase because the improved travel conditions would likely benefit people who 

place a high value on travel time and commuting reliability. Firms may find that they can reduce 

                                                 
36 Winston and Langer (2006) find that government highway spending, which includes money from the Federal 

Highway Administration’s Highway Trust Fund that is allocated to states based on formulas that account for the size 

of a state’s road system but not for the level of congestion in a state’s metropolitan areas, has a small effect on reducing 

the cost of delays to motorists, shippers, and truckers. 
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their inventories because congestion pricing reduces delays and unreliability, which would lower 

costs and enable companies to produce more output and hire more people. However, we are not 

aware of any evidence that confirms that congestion pricing would have such favorable effects. 

Thus, we have no empirical basis for considering the effect of congestion pricing on California’s, 

or the nation’s, economic performance, although we suggest that these potential effects merit 

further research. 

Autonomous vehicles represent a positive exogenous technological shock that 

transportation engineers conclude would significantly reduce congestion and delays by improving 

traffic flows and reducing accidents. For example, Fagnant and Kockelman (2014) provide 

empirical estimates that suggest highway congestion could potentially be reduced 50 percent with 

a 50 percent market penetration of autonomous vehicles, even accounting for the additional travel 

autonomous vehicles would induce (Downs 1962).37  Reductions in delays could have direct 

positive effects on the growth rates of economic performance measures. In fact, some of the effects 

might be larger than we can account for here. For example, Smart and Klein (2015) find that carless 

households can raise their incomes if they have access to a car but that the cost of a new or used 

car is generally higher than the income gain. However, driverless cars, which could be owned or 

hired at a lower cost than regular cars because their insurance costs would be much lower, among 

other factors, would be readily available to any traveler and therefore provide additional benefits 

by increasing employment and earnings for carless households. 

                                                 
37 Fagnant and Kockelman draw on several studies and highway engineering considerations to quantify the effects of 

autonomous vehicles on congestion, including smoothed traffic flow and bottleneck reductions, fewer crashes and 

incident delays, better routing choices, and further capacity enhancements. These authors acknowledge and account 

for the possibility that such improvements could be offset to some extent by additional travel induced by autonomous 

vehicles. The actual effect of autonomous vehicles on congestion could, of course, be greater or smaller than the effect 

we assume here; nonetheless, a 50 percent market penetration would significantly reduce congestion, and more 

importantly, congestion would continue to decline as autonomous vehicles’ penetration rate increased. 
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The extent to which driverless vehicles will induce more demand for road travel, especially 

during peak travel periods, will not be resolved until driverless vehicles have achieved significant 

adoption and travelers’ behavior has been observed. Our view is that concerns about induced 

demand may be overstated because (1) shared self-driving cars may significantly reduce the 

number of cars on the road as people opt to eliminate the costs of car ownership (Claudel and Ratti 

2015), and (2) travelers’ heterogeneous preferences may spread out the flow of traffic more than 

expected. For example, some commuters may adjust their schedules and leave earlier for work 

because they can have breakfast in their self-driving car, or they may leave later because they can 

accomplish certain work-related tasks while they are in their car. Van den Berg and Verhoef (2016) 

point out that driverless vehicles could induce more traffic because people too young or infirm to 

drive would be able to travel alone. But those non-work trips are not likely to occur during peak 

travel periods on major thoroughfares. 

We estimate the significant potential improvements in the US economy’s performance that 

are attributable to autonomous vehicles’ effect on congestion by developing counterfactual 

scenarios. Ignoring for simplicity the urban-area fixed effect and subscript, as well as the time 

trend and subscript, we model congestion’s effect on the growth rate of an economic performance 

measure as 

 ln(𝐺) = 𝛽 × ln(𝐶) + 𝑿𝜷 + 𝜀,  (9) 

where again 𝛽  is the causal effect of congestion level 𝐶  on growth rate G, 𝑿𝜷 is an array of 

controls and coefficients, and ε is the random error term. In each counterfactual, we reduce 

congestion by (100 ×  𝛼) percent owing to the adoption of autonomous vehicles, and we assume 

that all else remains constant. Our post-intervention growth rate is 

 ln(𝐺𝑝𝑜𝑠𝑡) = 𝛽 × ln(𝐶 ×  (1 − 𝛼)) + 𝑿𝜷 + 𝜀.  (10) 
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Subtracting equation (9) from equation (10) to obtain the difference in growth rates gives 

ln(𝐺𝑝𝑜𝑠𝑡) − ln(𝐺) = [𝛽 × ln(𝐶 × (1 − 𝛼)) + 𝑿𝜷 + 𝜀] − [𝛽 × ln(𝐶) + 𝑿𝜷 + 𝜀] 

ln(𝐺𝑝𝑜𝑠𝑡) − ln(𝐺) = 𝛽 × [ln(𝐶 ×  (1 − 𝛼)) − ln(𝐶)] 

ln(𝐺𝑝𝑜𝑠𝑡) − ln(𝐺) = 𝛽 × ln(1 − 𝛼). 

We can therefore express the post-intervention growth rate as 

 𝐺𝑝𝑜𝑠𝑡 = 𝐺 × 𝑒𝛽 ln(1−𝛼).  (11) 

Note that the post-intervention growth rate for a given performance measure is not a 

function of the congestion level. Instead, it can be predicted from the actual growth rate of the 

performance measure (G), our estimate of the effect of congestion 𝛽 and our assumption, based on 

Fagnant and Kockelman (2014), that congestion could potentially be reduced 50 percent (α = 0.50) 

with a 50 percent market penetration of autonomous vehicles. 

We first determine the effects of autonomous vehicles on employment, real GDP, and 

earnings growth for 2010. Actual 2010 and 2011 measures of economic performance are from the 

Bureau of Economic Analysis. 38  Counterfactual 2011 levels of economic performance are 

estimated by computing the appropriate Gpost using equation (11) and then multiplying Gpost by the 

actual 2010 level to derive a counterfactual 2011 level of economic performance. Actual 2011 

levels are then subtracted from counterfactual 2011 levels to estimate the number of, say, jobs 

added in 2010 resulting from the assumed reduction in congestion. 

                                                 
38 As noted, Moody’s Analytics uses data from the Bureau of Labor Statistics to determine wages. To obtain consistent 

estimates for our counterfactuals for California and the nation, we used Bureau of Economic Analysis estimates of 

earnings by workplace, a category composed of personal income wages and salaries, supplements to wages and 

salaries, and proprietors’ income. 
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Because we have commodity flow data only for the years 2007 and 2010, we determine 

the effects of autonomous vehicles on California urban-area commodity flows for the year 2007.39 

We simulate the effect of congestion at the urban area of origin only because the estimated 

coefficient for congestion at the destination urban area was not statistically significant. Finally, 

because we do not account for the effect of congestion on freight flows to urban areas outside 

California, we understate the benefits to California from additional commodity flows. 

Table 6 shows the potentially large benefits to California from motorists’ adopting 

autonomous vehicles, as a penetration rate of 50 percent in 2010 would have enabled California to 

create nearly 350,000 additional jobs, increase its real GDP by $35 billion, and raise workers’ 

earnings nearly $15 billion; in 2007, an additional $57 billion in commodities would have been 

shipped across its urban areas. Importantly, autonomous vehicles would raise few distributional 

concerns among travelers because all motorists could benefit from the new technology. However, 

as a disruptive technology, the adoption of autonomous vehicles could alter the structure of the 

economy because it increases output and employment by displacing some jobs and services, such 

as taxi drivers, public transit workers, and (to a large extent) automobile insurance companies and 

their employees, which contribute less social value in a much safer automated-driving 

environment. But most of those displaced workers would likely pursue employment in other 

sectors, and autonomous vehicles may create entirely new services and generate unanticipated 

                                                 
39 We converted thousands of tons of freight commodities into dollar amounts using the average price of a ton of goods 

trucked in California in 2007, according to the Freight Analysis Framework Data Tabulation Tool 

(http://faf.ornl.gov/fafweb/Extraction1.aspx). We then summed the total value of freight movements across origin-

destination pairs that started and ended in a California county and computed the total intra-California freight flow 

values for 2007 and 2010. Using these two data points, we calculated an annual growth rate in freight flow value 

between 2007 and 2010 and used that growth rate to impute an “actual” commodity flow value for 2008. We then 

performed the rest of the simulation using the procedure outlined above. 
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demands for labor; thus, it is difficult to predict employment losses, if any, that might be caused 

by autonomous vehicles.40 

 If it is true that “as California goes, so goes the nation,” the adoption of autonomous 

vehicles will take on the importance of a significant macroeconomic stimulus for the nation. We 

apply the same methodology as before to predict the effects of a nationwide 50 percent autonomous 

vehicle penetration rate on US employment, real GDP, and labor earnings growth rates. 41 

However, because California experiences relatively high levels of highway congestion compared 

with other states, it is possible that our estimated effects of congestion on economic activity are 

inappropriately large for the country as a whole. We therefore also provide countrywide estimates 

in which we assume that the effects of reducing congestion are 20 percent lower for the United 

States as a whole than for California. 

Extrapolating our California congestion effects to the United States, we find that the 

benefits to the nation are roughly nine times greater than the benefits to California; thus, as shown 

in the first column of table 7, autonomous vehicles could generate 3 million additional jobs, raise 

the nation’s annual growth rate by 1.8 percentage points from a 2010 baseline GDP of about 

$14.6 trillion, and raise annual labor earnings by more than $100 billion. The absence of data on 

interstate commodity freight flows prevents us from estimating the nationwide trade flow increases 

caused by a significant reduction in congestion, but they are certain to be large.42 

                                                 
40 For example, although autonomous vehicles will result in fewer jobs in the driver’s seat, additional jobs will develop 

in maintaining, repairing, and cleaning the vehicles, handling customer service, keeping maps updated, and so on. For 

perspective, it is useful to recall that ATMs were expected to put most bank tellers out of work. But in fact, ATMs 

contributed to more bank branches opening during the 1990s, and teller employment has actually increased during the 

past 40 years (Bessen 2015).  
41 We cannot include estimates of the effects of autonomous vehicles on the growth rate of US commodity flows 

because of the absence of data on commodity flows across US urban areas. Note that actual growth rates and levels 

are also from the Bureau of Economic Analysis.  
42 Recall that commodity freight flows, out of all the measures of performance, had the largest elasticity with respect 

to highway congestion. 
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 A disruptive technology that generates such a large stimulus would undoubtedly activate 

various macroeconomic responses, including by the Federal Reserve; thus, the positive effects 

might be transformed in various ways. For example, the workforce would gain from more wage 

growth and less job growth if, in fact, the workforce were already fully employed and immigration 

were further restricted. 

If we assume that highway congestion reductions from autonomous vehicles in the United 

States would have 80 percent of the economic boost that they would have in California, the benefits 

of autonomous vehicles would still be strikingly large, as shown in the second column of table 7.43 

Moreover, if we account for the effect of autonomous vehicles on improving the reliability of 

travel, the estimated macroeconomic stimulus would be even larger because another cost of 

distance would be reduced. In summary, even if our methodology and conservative 80 percent 

assumption lead us to inflate the magnitude of the national stimulus, our omissions of other 

important potential benefits of autonomous vehicles undoubtedly lead us to understate it on the 

whole.44 

Policymakers could increase the efficiency of the nation’s highway system by combining 

congestion pricing with the adoption of autonomous vehicles, and there is some congressional 

                                                 
43 Other countries’ economies also have the potential to benefit significantly from the adoption of autonomous 

vehicles. Gill et al. (2015) provide an overview of the benefits of autonomous vehicles for the Canadian economy. 
44 Autonomous trucks would also benefit the national economy by improving the speed, reliability, and safety of 

transporting freight by truck and by addressing the shortage of truck drivers. Otto, Peloton, Volvo, and Daimler are 

among the companies developing and testing autonomous trucks. The adoption of autonomous trucks and automobiles 

would also reduce the amount of required parking space because the vehicles could be stored in remote parking 

garages. In addition, traffic would not be impeded by drivers cruising for parking places. The urban space that would 

become available could boost agglomeration economies. Autonomous vehicles are likely to lead to less stressful 

commutes, which would have significant benefits to health and productivity (https://www.rsph.org.uk/our-

work/policy/championing-the-publics-health/health-in-a-hurry.html) and to many fewer traffic stops and potential 

confrontations with police.  Finally, autonomous buses represent a potential improvement in public transit service and 

cost efficiency, which could also reduce the billions of dollars in taxpayer funded subsidies.  

https://www.rsph.org.uk/our-work/policy/championing-the-publics-health/health-in-a-hurry.html
https://www.rsph.org.uk/our-work/policy/championing-the-publics-health/health-in-a-hurry.html
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support for this action.45 Although it is not clear how congestion pricing would affect the growth 

rates of the performance measures, it would offset any increase in highway congestion caused by 

increased demand for autonomous vehicles. Moreover, efficient road pricing would be more 

politically palatable in the new driving environment because a notable percentage of people would 

not own cars and would simply hire an autonomous vehicle when they needed transportation. 

Hence, congestion tolls may be perceived as similar to paying a toll when using a taxi and would 

be more likely to be accepted. 

It may seem implausible that such improvements in highway travel—significant as they 

are—could also have such large macroeconomic effects. However, the importance of 

improvements in mobility to the development of the US economy has long been recognized. For 

example, Krugman (2009) explains how this country’s railroads, by reducing transportation costs 

and the costs of distance, facilitated large-scale production (economies of scale) and transformed 

the US economy into a differentiated farm belt and manufacturing belt. To be sure, today’s 

transportation system is much more advanced than the system that was in place when railroad 

service became available in the 1800s; but highways affect a considerable amount of the nation’s 

inputs (labor and capital) and outputs because they account for roughly 90 percent of urban 

commuter travel, 70 percent of intercity passenger travel, and roughly 30 percent of intercity 

freight traffic (Winston 2013). 

 

 

                                                 
45 For example, Representative Earl Blumenauer (2016), of Oregon’s Third Congressional District, argues that the 

data collection, reporting, and debiting that would be standard in autonomous vehicles could provide a payment 

platform that could be used to charge for driving during peak travel times. 
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7. Final Comments 

Recent research has begun to explore how automobile commuting, especially in congested 

conditions, can damage adults’ and infants’ physical and emotional health and well-being (Fottrell 

2015; Knittel, Miller, and Sanders 2016). Here, we take a broader perspective and explore how 

congested highways affected the health of the California economy. As a potential cure for sluggish 

economic growth and as an example of a life-altering innovation that conflicts with Gordon’s 

(2016) pessimistic view of the lack of innovations in the future that may improve living standards, 

we suggest that the technological advance of autonomous vehicles could significantly improve the 

nation’s GDP growth, employment, and labor earnings, especially because autonomous vehicles 

would both increase consumption and save lives (Jones 2016). 

We acknowledge that autonomous vehicles may reduce congestion less than we have 

indicated here because the decreased time and operating costs of automobile travel may induce 

people to take additional trips unless they face peak-period user charges. If so, the overall benefits 

we estimate would not decline; instead, some would be reflected in the value of the additional trips 

rather than in the benefits from less congestion.  

In any case, microeconomic actions have rarely had such potentially important 

macroeconomic effects. Moreover, unlike macroeconomic policies, the timing of those actions is 

straightforward—sooner rather than later.  Federal policymakers should facilitate this timing by 

applying current vehicle regulations that allow manufacturers to self-certify compliance with basic 

guidelines instead of allowing state and local officials to micromanage the public’s adoption and 

use of autonomous vehicles because such actions may stifle innovation.       
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Table 1. Counties in analysis sample that passed a local transportation sales tax 

  
Years in which county voted on 

transportation sales tax 

Years in which county passed 

or renewed transportation 

sales tax 

Transportation 

sales tax rate 

Share of transportation sales 

tax dedicated to highways 

Alameda County 1969, 1986, 1998, 2000 1969, 1986, 2000 0.5% 0%, 43%, 17% 

Contra Costa County 1969, 1986, 1988, 2004 1969, 1988, 2004 0.5% 0%, 37%, 19% 

Fresno County 1986, 2002, 2006 1986, 2006 0.5% 74%, 29% 

Los Angeles County 1980, 1990, 2008 1980, 1990, 2008 0.5% 0%, 0%, 20% 

Madera County 1990, 2002, 2006 1990, 2006 0.5% 0%, 51% 

Marin County 1969, 1990, 1998, 2004, 2006 1969, 2004 0.5% 0%, 8%  

Orange County 1984, 1989, 1990, 2006 1990, 2006 0.5% 43%, 43% 

Riverside County 1988, 2002 1988, 2002 0.5% 51%, 43% 

Sacramento County 1988, 1988, 2004 1988, 2004 0.5% 63%, 12% 

San Bernardino County 1987, 1989, 2004 1989, 2004 0.5% 53%, 37% 

San Diego County 1987, 2004 1987, 2004 0.5% 33%, 33% 

San Francisco County 1969, 1989, 2003 1969, 1989, 2003 0.5% 0%, 0%, 0% 

San Joaquin County 1990, 2006 1990, 2006 0.5% 25%, 20% 

San Mateo County 1969, 1974, 1988, 2004 1969, 1974, 1988, 2004 0.5% 0%, 0%, 29%, 28% 

Santa Clara County 1976, 1984, 1992, 1996, 2000, 2008 1976, 1984, 1996, 2000, 2008 0.5% 0%, 100%, 31%, 31%, 0%  

Santa Cruz County 1978, 2004 1978 0.5% 0% 
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Table 2. Summary Statistics 

 GDP, Employment, and Labor Earnings Models Average Minimum Maximum 

Annual Growth Ratesa      
Urban Area GDP 5.6% -9.3% 18.0% 

Urban Area Employment 1.3% -9.8% 6.8% 

Urban Area Labor Earnings 5.3% -14.7% 30.9% 

Annual Hours of Delay per Auto Commuterb 34 2 89 

Annual Percent of Sales Tax Base Allocated to Self-Help Highway Projectsc 0.2% 0.0% 0.5% 

Cumulative Percent of Sales Tax Base Allocated to Self-Help Highway Projectsc 2.3% 0.0% 8.4% 

Urban Area Population (in 1000s)b 2,628 175 13,124 

 

 

 Commodity Flow Model Average Minimum Maximum 

3-year Inter-urban-area Commodity Flow Growth Rate (2007-2010)d -36% -61% 73% 

Annual Hours of Delay per Auto Commuter in 2007b 41.40 14.00 86.00 

Cumulative Percent of Sales Tax Base Allocated to Self-Help Highway Projects in 2007c 3.9% 0.0% 7.9% 

Urban Area Population in 2007 (in 1000s)b 2729 390 12800 
a Brookings Moody’s Analytics 
b Texas Transportation Institute 
c California County’s websites and Crabbe et al. (2005) 
d California Statewide Freight Forecasting Model 
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Table 3. Model of logged annual hours of delay per auto-commuter 

  

Coefficient 

(Robust Std. Error) 
  

Cumulative Self Help Measure 0.2573**  

 (0.0866867)  

Cumulative Self Help Measure Squared -0.0184**  

 (0.0078385)  

Total Population 0.0001*  

 (0.00007)  

Urban Area Fixed Effects Yes  

Year Fixed Effects Yes   

Estimation Sample 
Years since first self-help vote, 

positive congestion 
  

Sample Size 256   

Adjusted R-square 0.93   

* p<0.1; ** p<0.05; *** p<0.01   
Note: Robust standard errors account for clustering at the urban area level of an 

unbalanced panel.   
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Table 4. Effects of congestion on the economy 

  

Logged Job Growth Logged GDP Growth Logged Wage Growth 

  OLS   2SLS   OLS   2SLS   OLS   2SLS   

Logged Annual Delay 
-0.0108**  -0.0245**  -0.0076  -0.0258**  -0.0101  -0.0178*  

(Robust Std. Error) (0.0046)  (0.0098)   (0.0079)   (0.0100)   (0.0089)   (0.0107)   

Sample Size 256   256   256  256   256  256  
R-square 0.73  0.72   0.73  0.72   0.63   0.63   

* p<0.1; ** p<0.05; *** p<0.01                       
 

Note: Robust standard errors account for clustering at the urban area level of an unbalanced panel. All regressions include a full set of 

urban area and year dummies, as well as a control for urban-area population size. 

 

 

 

Table 5. Effects of congestion on logged 3-year inter-urban-area commodity flow growth rates 

  OLS   2SLS   

Logged Annual Delay at Origin Urban Area  -0.0991*   -0.3184**  
(Robust Std. Error) (0.0389)  (0.1092)  
Logged Annual Delay at Destination Urban Area -0.0053  -0.1179  
(Robust Std. Error) (0.0332)  (0.0732)   

Sample Size 100   100  
* p<0.05; ** p<0.01 

Note: Robust standard errors were calculated using the Huber-White sandwich estimators. All 

regressions control for population size of the origin and destination urban areas. 
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Table 6. Counterfactual estimates for California 

 Driverless cars reduces congestion by 50% 

Jobs   

%increase in annual growth rate due to reduced congestion 1.7% 

Actual employment level in 2010 (# of jobs) 19,806,213 

Actual employment level in 2011 (# of jobs) 20,175,357 

Counterfactual employment level in 2011 (# of jobs) 20,520,903 

Jobs added in 2011 due to reduced congestion 345,546 

Real GDP   

%increase in annual growth rate due to reduced congestion 1.8% 

Actual GDP level in 2010 (millions $) 1,936,801 

Actual GDP level in 2011 (millions $) 1,960,153 

Counterfactual GDP level in 2011 (millions $) 1,995,522 

Real GDP added in 2011 due to reduced congestion (millions $) 35,369 

Real Labor Earnings   

%increase in annual growth rate due to reduced congestion 1.2% 

Actual total wages in 2010 thousands $) 1,131,005,175 

Actual total wages in 2011 (thousands $) 1,165,682,489 

Counterfactual total wages in 2011 (thousands $) 1,180,153,793 

Wages added in 2011 due to reduced congestion (millions $) 14,471 

Intra-California Commodity Flows   

%increase in annual growth rate due to reduced congestion 7.6% 

Actual value of commodity freight flows in 2007 (millions $) 866,837 

Actual value of commodity freight flows in 2008 (millions $) 748,346 

Counterfactual value of commodity freight flows in 2008 (millions $) 805,400 

Freight value added in 2008 due to reduced congestion (millions $) 57,054 
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Table 7. Counterfactual estimates for the United States 

  
Assuming California 

Congestion Effects 

Assuming 80% of California 

Congestion Effects 

Jobs added in 2011 due to reduced congestion 3,019,284 2,411,318 

Real GDP added in 2011 due to reduced congestion 
(millions $) 

267,848 213,894 

Labor earnings added in 2011 due to reduced congestion  
(millions $) 

112,364 89,780 

 


