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Abstract  Each year, traffic conditions continue to worsen around the world due to growing populations, denser 

concentrations in urban areas, and deteriorating road conditions. Traffic congestion contributes to negative outcomes on 

every scale of the economy -- global greenhouse gas emissions and atmospheric pollution, millions of dollars lost annually in 

commute times and vehicle repairs, and even stress-related health problems on the individuals affected. Of the ten major 

cities in USA that have the highest levels of congestion and impacted travel times, six are located in the western region of the 

country. This paper will analyze the contributing factors such as travel distance, urban and commuter populations, and public 

transportation utilization to correlate their effects on overall commute time, congestion percentages and costs, and the health 

impacts on the communities in those six cities. It is observed that these factors that contribute to congestion levels are 

interdependent, and therefore cannot be individually isolated for study. It is for this reason that a Data Envelopment Analysis 

approach was utilized to analyze the traffic system performances and their relative efficiency, in order to determine which 

cities perform better than others and for what reasons. However, it was discovered that all six cities perform the same, for 

good or bad, yielding a relative efficiency, E, of 1.0 each, implying that there is no distinguishing feature or pattern of any one 

city over another, as related to traffic performance. 
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1. Introduction 

There are several arguments surrounding congestion and 

its primary cause, as well as numerous proposals regarding 

the best solution. However, most arguments tend to either be 

politically motivated or myopic; focusing only on the 

problem that is the most relevant to their situation, and 

ignoring the relationships of the mutually dependent 

components across the system. For example, an argument for 

implementing tolls in highly congested areas (King et al. 

2007) was suggested as a way of deterring commuters and 

generating millions of dollars in yearly revenue, which 

would then be put back into road maintenance and other 

public works programs. However, the authors explicitly 

stated that their argument was founded “not in abstract 

fairness but political calculation” (King et al., 2007), as it 

ignored the impacts that toll stations would contribute to 

congestion levels and the increased cost effects 

community-wide. Another study by Mondschein et al. (2015) 

focused primarily on the effects of congestion on local 

businesses  and  industries, and  simply  discovered that  

 

* Corresponding author: 

amsingh00@gmail.com (Amarjit Singh) 

Published online at http://journal.sapub.org/ijtte 

Copyright © 2016 Scientific & Academic Publishing. All Rights Reserved 

congestion had no substantial impacts on economic activity 

in congested areas. While only analyzing the congestion 

percentages in LA county and its impacts on accessibility to 

economic services, the Mondschein et al. study was more 

comprehensive than King et al. in its review of the effects 

felt by the community, and argued that congestion only 

directly impacts the members of the community, rather than 

the overall economic system. In both of these cases, the 

conclusions drawn were very promising, yet limited to the 

fact that the number of parameters analyzed was quite 

minimal.  

As the American economy continues to thrive and grow, 

the people fueling it are finding desirable and affordable 

housing options harder to come by. Urban city centers are 

often where the majority of high paying jobs are located, but 

often do not have the residential infrastructure to support the 

influx of workers in these cities. This housing shortage 

contributes to inflated living costs, as cities like San 

Francisco have seen the median rent price of an apartment 

increase 50% in the past four years (Cima and Crockett, 

2015). It is because of this trend that families and potential 

homebuyers have to look farther and farther away from these 

cities in order to find affordable housing options. “Families 

with high levels of education and high levels of professional 

achievement, who think of themselves as homeowners, face 

a widening gap between what they earn and what housing 
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costs,” (Shenin, 2015). As more families look for housing 

farther away from their jobs, traffic congestion and commute 

times have seen a steady climb across the country for several 

years.  

A Data Envelopment Analysis (DEA) of transportation 

systems was done to analyze road system performance and 

safety risk evaluations (Fancello et al. 2012), by studying 

road networks surrounding eight Italian cities. The study 

considered a multitude of factors such as number of vehicles, 

public transportation options, accidents, and average travel 

time to analyze which cities were most efficient in providing 

safe options for access to their cities. However, the cities 

chosen for Fancello’s study were all of similar size in 

population and net area in order to allow for a direct 

comparison, which is only relevant to a small cross-section 

of the country. No other study involving DEA for measuring 

traffic performance was discovered in the literature. This 

paper will attempt to recognize multiple parameters within 

the traffic systems surrounding notoriously congested cities, 

all of which vary in size and population, in order to discover 

which city, if any, are relatively more efficient than others, 

and, if so, for what reason(s). 

1.1. Background 

Each year, several new rankings are released identifying 

the cities with the worst traffic congestion in America, based 

upon their own set of criterion. The ranking selected for this 

paper was the TomTom® 2015 Traffic Index, which ranks 

the worst cities in America based upon congestion 

percentages by cities that experience the highest levels of 

congestion. The cities selected for this study were those in 

that top ten that belong to the Western United States, as given 

in Table 1. 

Table 1.  U.S. Cities in Top Ten for Worst Congestion Levels 

Rank Western Region Other 

1 Los Angeles (CA)  

2 San Francisco (CA)  

3 Honolulu (HI)  

4  New York (NY) 

5 Seattle (WA)  

6 San Jose (CA)  

7  Miami (FL) 

8  Chicago (IL) 

9  Washington DC 

10 Portland (OR)  

TomTom® is a GPS manufacturing company, whose aim 

is to “provide the general public, industry, and policy makers 

with unique and unbiased information about congestion 

levels in urban areas,” (TomTom, 2015). The congestion 

percentages were calculated based upon the difference 

between travel times during peak periods versus free flow 

periods, determined by the GPS measurements gathered 

from their systems and databases. This method of calculating 

congestion is representative of congestion levels felt and the 

severity of the congestion, and so serves an appropriate basis 

for finding cities with the highest congestion.  

While this ranking considered time and distance into its 

calculations, it did not mention the various factors in 

transportation that contribute to congestion, or its lasting 

impacts on those communities. This paper will expand upon 

this ranking by considering the traffic systems’ various 

characteristics in order to formulate an analysis of their 

relative efficiencies and deficiencies, to find which systems 

are operating relatively efficiently or inefficiently within 

their given situations.  

1.2. Objective 

The aim of this paper was to study the relative 

performance efficiencies of the counties surrounding heavily 

congested cities within the Western United States, and to 

identify the parameters contributing to their performance. 

This was done to establish an understanding of their relative 

transportation systems, in order to measure if they are 

operating inefficiently given their current conditions, or if 

there is a particular parameter operating so poorly that it is 

compromising the rest of the system. There is no extension 

given herein for policy prescriptions or suggested remedies. 

The study is purely comparative because that is an 

interesting question in and of itself that the public at large is 

often interested in. 

High traffic performance is defined as a system that has 

low congestion, fewer traffic bottlenecks, fewer accidents 

and fatalities, faster commuting times, lower commuter 

stress, and lower lost labor productivity hours. The 

efficiency of this performance is measured against input 

values such as travel distance, available lane miles, road 

repair maintenance budgets, public transit ridership, number 

of commuters using personal vehicles, and population 

density, as these are what we build into the traffic system to 

input as the design characteristics that eventually result in the 

differing performance levels. The analysis is anchored in 

conventional traffic congestion and capacity concepts. As 

such, paradoxes of capacity addition are not considered in 

this research. 

1.3. Scope 

The project scope was limited to the top six cities in the 

Western United States having the worst congestion levels. 

This was done to allow an in-depth analysis of the systems 

and their various characteristics within the time available to 

the researchers, while answering an interesting question 

pertaining to the Western United States. The input and output 

variables compiled for this report were based upon county 

statistics rather than the individual cities called out on the 

traffic index. This was based on the assumption that the 

members of the surrounding county were the ones 

commuting into the city centers, rather than the city residents 

who would not need to commute, and therefore contribute to 

overall congestion. This report also considered both surface 
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roads and highways within the county when calculating lane 

miles, congestion percentages, and associated costs. It was 

observed that current transportation data was more readily 

available at the county level, rather than at the individual city 

levels, which is why data and congestion analysis was 

performed at the county level. In all cases, the most current 

data available was included in this study. (The year of 

current date varied from 2009 to 2015. Not all data is 

collected yearly). 

2. Methodology 

The Data Envelopment Analysis (DEA) approach was 

adopted, through the use of the common linear programming 

software, Lindo 1 . The DEA is a common mathematical 

technique in operations research to interrelate complex 

inputs and outputs. As such, the DEA is a very powerful tool 

to compare the performance of similar systems. DEA has 

been used extensively in numerous industries for scientific 

comparison analysis (Winston, 1991). The DEA analyzes the 

input-output performance of complex and simple systems 

while leaving the interrelationships between the inputs and 

outputs intact. This approach allows for an analysis of a 

complex system (in this case, the traffic system) without 

having to isolate the various parameters.  

A common engineering method of analyzing efficiency is 

in understanding the ratio of outputs to inputs, where groups 

that produce high levels of desired outputs without requiring 

high levels of inputs are considered to be very efficient. 

Similarly, groups that require high levels of input resources 

while only producing minimal desired outputs are 

considered to be inefficient, as they are under-utilizing the 

resources available.  

By comparing all parameters in the same linear program, it 

allows deficiencies to be discovered while still considering 

their relationships and impacts on each other and their 

systems. This is done by creating a hypothetical composite 

county, which is a weighted average of the combination of 

all units in the reference group (in this case, the six congested 

counties). The inputs and outputs for the composite county 

are determined by the weighted averages of the inputs and 

outputs of all counties, along with the varying weights 

associated to them based upon their overall impact on the 

system (Winston, 1991). This composite county serves as the 

base group, against which all individual counties will be 

compared. If the efficiency levels of the counties are found to 

be less than those of the composite county, those counties are 

considered to have deficiencies. If the efficiency values of 

counties are equal to those of the composite group, those 

counties cannot be considered more inefficient than their 

composite group. The success of the linear program model is 

dependent upon the relationships of the inputs and outputs, 

and that all variables contribute towards the same overall 
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outcome. For instance, some input values directly contribute 

to higher levels of congestion, while some serve as active 

remedies. It is for this reason that the reciprocal of some 

input and output values are required for the sake of 

consistency in the linear programming model, and are 

described further in their respective sections.    

3. Inputs 

The selection of inputs is a critical, yet difficult process. 

There are an infinite number of causal factors to any given 

scenario, if not limited to an appropriate and reasonable 

scope. To select the appropriate inputs, it must first be 

determined what data is available, and then how to apply 

specific parameters to the data that would be productive and 

useful to this research.  

The following input variables were identified as the 

primary causal factors for congestion, as they directly affect 

the outcomes and resulting impacts on their communities. 

Eight particular variables were chosen for analysis, as they 

were considered the most prominent factors in congestion 

calculations. These inputs and their values are qualified and 

explained in further detail in the following sections.  

3.1. Population Density within County 

Population density is a crucial factor that must be 

considered when analyzing any one particular concentration 

or city/county. Density control plays an important role in 

community development and zoning, as it helps determine 

the appropriate allocation of available resources amongst a 

given population, so that these communities are sustainable 

and live within their means. Considering the scope of this 

paper was to analyze the relative efficiencies of the county 

traffic systems, the density of each county was identified as a 

necessary factor for this study. 

Population density quantifies the number of residents per 

square mile within the county limits, and was based upon the 

information compiled in “Urbanized Areas” (2014) by the 

U.S Department of Transportation. The density values were 

obtained by dividing the county populations by the square 

mileage of each county that the city in question resides in 

(Table 2). This is an effective and practical method for 

finding this parameter and using it in the DEA 2 . It is 

presumed that the counties with higher densities would 

experience higher congestion levels, as the transportation 

resources available within the county limits would be more 

impacted due to higher levels of occupancy and daily use. 

The reciprocal of this value was used to the DEA model 

because higher densities contribute to higher levels of 

congestion. In order to obtain high efficiency, low levels of 

congestion are required, and thus need to be measured 

against reciprocated densities.  

 

                                                             
2
 In addition, weighted density measurements are not available for all the cities 
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Table 2.  County Density Calculations 

City 

(County) 

County 

Population 

(number of 

residents) 

Net County Area 

(sq. miles) 

County Density 

(residents / mi2) 

Honolulu 

(Honolulu) 
718,182 139 5,167 

Los Angeles 

(Los Angeles) 
11,789,487 1,971 5,981 

Portland 

(Multnomah) 
1,583,138 591 2,679 

San Francisco 

(SF-Oakland) 
2,995,769 1,054 2,842 

San Jose 

(Santa Clara) 
1,538,312 353 4,358 

Seattle 

(King's) 
2,674,236 1,199 2,262 

3.2. Available Highway Lane Miles within County 

The highway lane miles were considered for this report as 

it differs from the actual travel distance, because it quantifies 

the number of available lanes per highway within the given 

county. For example, twenty miles of a five-lane highway 

would actually contribute one hundred available lane miles, 

rather than the actual length of twenty miles, which would 

allow for a higher number of commuters at a given time, and 

arguably decrease congestion levels.  

The number of highway lane miles is tracked in 

“Urbanized Areas” (2014) by the U.S. Department of 

Transportation, and is defined by the amount of available 

highway miles within the county limits. It was assumed that 

as the number of available lane miles increased, those 

counties would experience less overall congestion, as there 

would be more infrastructure to support their commuter 

populations. This conventional view of traffic supply and 

demand has been adopted in this article for good reason 

because it is able to simulate a vital behavior in traffic 

performance. Consequently, the researchers find there to be 

no pressing need to consider arguments of more involved 

factors in this comparative study, such as induced demand3. 

This is because the behavior of drivers in all cities is the 

same across the Western United States. So, the relative 

difference in traffic increase between one city and another is 

expected to remain the same irrespective of whether induced 

demand or conventional demand principles are applied. The 

actual values of available highway lane miles within each 

county are given in Table 3.  

3.3. Annual Federal Road Repair Budget per Lane Mile 

When considering congestion, it is not enough to consider 

only the quantitative data of how many lane miles are 

available; would you be more willing to travel on several 

damaged roads littered with potholes or one brand new one? 

It is for this reason that the conditions of the available lane 

miles must also be considered, as poor road conditions 
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 As argued in Cervero (2003) and Naess et al. (2012). 

potentially contribute to higher numbers of accidents, traffic 

bottlenecks, and ultimately, increased levels of congestion.   

The Federal Government is charged with the repair and 

maintenance of federal roads, which are classified as 

interstate highways, and administers money to the states in 

one annual lump sum each year. The distribution of federal 

money to each state and county is based upon a specific 

formula that was not available for this research, so this value 

was manually calculated based on a logical approximation, 

used in a similar case study performed at the University of 

Wisconsin (Adams, 2011).  

This value was found by first obtaining the most current 

annual federal budget, and the percentage allocated to 

highway repair and the number of available highway lane 

miles within that respective state. By appropriating the 

dollars spent for highway lane miles statewide 

proportionally to the number of highway lane miles within 

the county, an estimated value of federal money allocated to 

highway repairs per lane mile was discovered. Higher annual 

budget amounts were assumed to result in better road 

conditions, as the money would be spent towards improving 

poor or dangerous road conditions, resulting in less 

congestion and delay time.  

Though road use also impacts the quality of roads, it is 

seen that governments will spend money on repair of roads in 

proportion to the damage caused by use. Hence, tracking the 

budget dollars on road repairs is a valid measure of road 

quality. 

3.4. Available County Road Lane Miles 

While highways are often cited as the primary locations of 

congestion, it would have been illogical to assume that 

congestion is isolated to exist only in those locations or that 

surface road congestion and highway congestion are 

unrelated. For this reason, the available lane miles of all 

county freeways, arterial roads, and surface streets were also 

considered, as several commuters seek alternative routes to 

and from work on these roads every day. In some cases, 

commuters seek to travel by only utilizing surface streets. 

However, often times these roads were not designed to 

accommodate the increased levels of traffic, especially 

during peak hours. It is for this reason that the number of 

available lane miles of all roads - excluding the previously 

quantified federal highway lane miles - was calculated in 

order to identify their capacities to support their county 

population densities.  

The number of available roadway miles within each 

county was manually calculated, based upon data gathered 

by the U.S. Department of Transportation Federal Highway 

Administration in “Urbanized Areas, Selected 

Characteristics” (2014). For each of the six cities under 

review, the total city and county lane miles were calculated 

by subtracting the total highway lane miles (found earlier) 

from the overall total number of roadway lane miles. Refer 

Table 4.  
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The premise behind this value was that cities with higher 

numbers of lane miles would report lower levels of 

congestion, as it would have adequate infrastructure to 

support its commuter population. It is intuitively perceived 

that the overall performance of the traffic system is 

positively impacted with larger lane miles. 

3.5. Annual County Road Repair Budget per Lane Mile 

In order to analyze the available county road lane miles, 

the conditions of these roads must also be considered, as 

their conditions ultimately determine their performance. The 

maintenance and repair of all city and county roads is tasked 

to the state and county governments. The amount of money 

allocated per lane mile for county roads was found by first 

identifying the county road repair budgets, and dividing 

them by the number of surface road lane miles available 

within that county (Table 5). The premise behind this value 

is that counties with higher road maintenance budgets per 

lane mile would have better road conditions, and therefore 

experience lower levels of congestion and accidents, 

resulting with better traffic performance. 

3.6. County Public Transportation Ridership per Year 

The percentage of commuters who utilize public 

transportation must also be considered, as this number 

reduces the number of vehicles on the road, and therefore 

theoretically reduces overall congestion, which theoretically 

serves to reduce accidents.  

 

Table 3.  Federal Budget Appropriation Calculations by County 

City 

(County, State) 

(1) 

Annual Federal 

Road Repair 

Budget for 

State 

(2) 

Total Highway 

Lane Miles 

Within State 

 

(3) 

Amount of Federal Money 

Spent for Repairs and 

Maintenance per Lane Mile 

(Col 1 / Col 2) 

(4) 

Total Available 

Highway Lane 

Miles Within 

County 

(5) 

Amount of Federal Money 

Appropriated to County By 

Lane Mile * 

(Col 3 x Col 4) 

Honolulu 

(Honolulu, HI) 
$55,692 948 $58.75 432 $25,379 

Los Angeles 

(Los Angeles, CA) 
$2,004,736 15,014 $133.52 5,246 $700,469 

Portland 

(Multnomah, OR) 
$305,717 7,661 $39.91 795 $31,735 

San Francisco 

(SF-Oakland, CA) 
$2,004,736 15,014 $133.52 1,475 $196,949 

San Jose 

(Santa Clara, CA) 
$2,004,736 15,014 $133.52 1,338 $178,656 

Seattle 

(King’s, WA) 
$749,483 7,054 $106.25 1,730 $183,811 

*data not used in calculations, shown purely for information 

Table 4.  City and County Lane Mile Calculation 

City 

(County) 

Total Roadway Miles  

Within County 

Total Highway 

Lane Miles Per County 

Total City and County 

Surface Road Lane Miles 

Honolulu 

(Honolulu) 
3,949 432 3,517 

Los Angeles 

(Los Angeles) 
25,207 5,246 19,961 

Portland 

(Multnomah) 
7,202 795 6,407 

San Francisco 

(SF-Oakland) 
7,688 1,475 6,213 

San Jose 

(Santa Clara) 
3,869 1,338 2,531 

Seattle 

(King's) 
11,719 1,730 9,989 
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Table 5.  County Budget Appropriation per Lane Mile of County Road 

City 

(County) 

City & County 

Budgets for Road Repair 

Total City and County 

Surface 

Road Lane Miles 

$ Allocated per Lane Mile of 

Surface Road Within County 

Honolulu 

(Honolulu) 
$34,463,471 1 3,549 2 $9,711 

Los Angeles 

(Los Angeles) 
267,198,000 3 19,961 $13,386 

Portland 

(Multnomah) 
$93,382,025 6,407 4 $14,575 4 

San Francisco 

(SF) 
$111,678,675 5 6,213 $17,975 

San Jose 

(Santa Clara) 
$31,827,325 2,531 $12,575 5 

Seattle 

(Kings) 
$19,826,002 9,989 $4,876.67 

1. Martin, Ernest. “A Bill for an Ordinance”. City Council. City and County of Honolulu. (2015). Ordinance No. 15-25.  

2. “Pavement Condition Report.” (2012). City and County of Honolulu. Department of Facility Maintenance.  

3. Molina, Gloria, Ridley-Thomas, Mark, Yaroslavsky, Zev, Knabe, Don, and Antonovich, Michael, D. (2015). “County of Los Angeles 

2013-14 Final Budget.” [Schedule 6, Page 42]. 

4. “Performance Measures, fy 2010 Adopted Budget.” Multnomah County Budget. (2010). <https://multco.us/file/25850/download>. Accessed 

Dec. 11, 2015.  

5. Tan, Sui. (2013). “2012 Regional Pavement Condition and KPI Update.” Metropolitan Transportation Commission. [Memorandum]. 

Oakland, CA: Department of Transportation.  

The annual ridership statistics were reported in the 

“National Transportation Statistics” (2015) produced by the 

Department of Transportation, and quantify the average 

number of commuters within each county that get to work by 

riding public transportation each year - bus, train, subway, 

etc. The Department of Transportation includes taking taxis 

as public transportation, which averaged around 1% of the 

total population for each county in question. Considering this 

value is consistently small for all counties, it was ignored on 

the assumption that it would have no significant impact on 

the efficiency measures, since the left and right sides of the 

DEA equation would be equally less by 1%, making for 

essentially the same equation. But, the premise behind the 

variable of public transit ridership is that as it increases the 

congestion levels decrease. Thus, the traffic performance 

will be better if public transit ridership increases. 

3.7. Commuters Traveling in Personal Vehicles in County 

This number is an approximation of the population 

commuting in their personal vehicles every day, ultimately 

those affected the most by high levels of congestion and 

elongated commute times. This value was chosen, rather 

than the number of registered vehicles within the county, as 

it was recognized that not every vehicle is driven on a daily 

basis, and would not serve as an accurate representation of 

commuters.  

The number of people who commute were calculated by 

the Texas Transportation Institute (“Mobility Data”, 2015a, 

2015b, 2015c, 2015d, 2015e, 2015f), which produces a 

Mobility Scorecard for hundreds of urban areas across the 

county each year. By subtracting the number of commuters 

who report to riding public transportation, it provides an 

estimate of the number of commuters who travel to work by 

car, as seen in Table 6. The assumption made for county 

populations was made for the number of commuters within 

the county; cities with larger commuter populations are 

likely to experience higher levels of congestion, which 

means decreased traffic performance. It is for this reason that 

the reciprocal value was included in the report, again for the 

consistency amongst variables. The number of commuters 

by public transportation may include “occasional” users of 

public transportation systems – such as those who use public 

transport systems once a week or once a month. However, 

such data cannot be extracted from the Mobility Data to get 

the real daily number of private vehicle users in the county. 

Further, because this information is likely to have the same 

approximate pattern across the major cities, the effect will 

neutralize in the DEA. 

3.8. Average Daily Travel Distance per Commuter 

While there are several complex characteristics that affect 

the congestion and overall commute times for certain riders, 

average travel distance directly impacts the commute time 

experienced on a daily basis. For instance, the commuter 

who is traveling fifty miles to work should logically expect 

to spend more time traveling than the commuter who is 

traveling only twenty miles of commuting in scenarios of 

comparable resources and conditions. Considering this, 

longer commute times for riders translates to more 

commuters and vehicles on the road for longer periods of 

time, translating to higher and longer periods of potential 

congestion.  
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Table 6.  Number of Commuters Traveling by Car 

City 

(County) 

Number of Reported  

Commuters in County 

(per year) 

County Public  

Transit Ridership 

(per year) 

Number of Commuters 

Traveling By Car 

Honolulu 

(Honolulu) 
379,000 217,300 161,700 

Los Angeles 

(Los Angeles) 
5,881,000 1,079,100 4,801,900 

Portland 

(Multnomah) 
850,000 200,400 649,600 

San Francisco 

(SF-Oakland) 
1,264,000 447,200 816,800 

San Jose 

(Santa Clara) 
1,013,000 105,700 907,300 

Seattle 

(King's) 
1,501,000 386,100 1,114,900 

Table 7.  Compilation of All Input Values Used in DEA Model 

City 

(County) 

County Population  

Density, pax/sq. mile 

Highway 

Lane  

Miles 

Available  

in County 

Annual 

Cost  

per 

Highway  

Lane Mile 

County 

Road  

Lane Miles  

Available 

in County 

Annual Cost  

per County  

Road Lane 

Mile 

Public 

Transit  

Ridership, 

pax 

Number of Commuters  

on Road in County, pax. 

Average Daily 

Travel  

Distance miles per 

person 

 
Value Reciprocal 

     
Value Reciprocal Value Reciprocal 

Honolulu 

(Honolulu) 
5,167 1.94 432 $58.75 3,517 $6,153.37 217,300 161,700 61.8 20.08 4.5 

Los Angeles 

(Los Angeles) 
5,981 1.67 5,246 $133.52 19,961 $13,386.00 1,079,100 4,801,900 2.08 68 1.5 

Portland 

(Multnomah) 
2,679 3.73 795 $39.91 6,407 $14,575.00 200,400 649,600 15.4 31.5 3.2 

San Francisco 

(SF-Oakland) 
2,842 3.52 1,475 $133.52 6,213 $17,975.00 447,200 816,800 12.2 31.85 3.1 

San Jose 

(Santa Clara) 
4,358 2.29 1,338 $133.52 2,531 $13,575.00 105,700 907,300 11 31.85 3.1 

Seattle 

(King's) 
2,262 4.42 1,730 $106.25 9,989 $4,876.67 386,100 1,114,900 8.97 37.03 2.7 

 

The average commute distances were calculated by the 

Federal Highway Administration (“2009 NHTS Daily 

Person Trips per Person”, 2009), and represent the number of 

miles a person travels daily in their commutes (one-way) to 

work within that county. It must be noted that the distances 

serve as an overall average of the county, which includes 

some people who commute five miles to work and those who 

travel fifty miles. This average naturally did not include 

those who work from home or remotely. As travel distance 

increases, the overall performance suffers, as there are higher 

levels of congestion because of longer travel times. It is for 

this reason that the reciprocal of this value was taken for the 

DEA model. Values are presented in Table 7.  

3.9. Input Summary 

All of the input values are compiled in Table 7. Reciprocal 

values are taken for three parameters for the DEA analysis -- 

population density, number of commuters, and average daily 

travel distance. 

4. Outputs 

Outputs are considered the resulting values, which are the 

resulting observed performance and behavioral 

characteristics of a system. The performance of these values 

is very important when analyzing the efficiency of an overall 

system, as any system is designed in order to produce the 

desired set of outcomes on a consistent basis. If the output 

system deteriorates then something is to be said for what can 

or should be done with the inputs. The following parameters 

were selected as output parameters, as they were considered 

accurate representations of traffic systems. Further, they are 

frequently interrelated, feeding into each other, thus playing 

an integral role in overall system performance.  

4.1. Travel Time 

As a result of congestion delays, travel times to and from 

work are growing longer and longer over the decades for 

commuters in these six congested American cities. The 
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average travel times were based off the data provided in the 

most recent U.S. Census (“Quick Facts,” 2014), and reported 

the average time from home to work (including waiting for 

public transportation, picking up carpool members, etc.) in 

one direction by workers aged 16 years and older within that 

county.  

For this study, the one-way travel time value was doubled 

in order to reflect the average time spent traveling to and 

from work every day. The average travel time was obtained 

by dividing the total number of minutes reported by the total 

number of workers, but obviously did not consider those who 

work from home or remotely.  

The travel times reported by the Census were considered 

average travel times during free flow periods, and did not 

represent true travel times experienced during peak hours or 

the travel times of those commuting long distances. 

It is for this reason that delay time was factored into 

overall congestion cost, which will be explained in the 

following section. It was assumed that travel times and 

congestion percentages were mutually dependent variables; 

as one increases, so does the other, and vice versa. Longer 

times spent traveling mean there are more cars on the road 

for longer periods of time, which translates to increased 

potential for contributing to congestion levels. In reverse, as 

well, as congestion levels increase, it is likely that travel 

times will become longer. 

4.2. Annual Congestion Cost per County 

While the primary losses due to congestion are often 

measured in time, the financial equivalent must also be 

considered in order to fully comprehend the impacts of 

congestion felt on a community-wide scale. In conjunction 

with the classic phrase, “time is money”, this variable 

attempts to identify the value of lost labor productivity while 

sitting in traffic to and from work each day. The values for 

this variable were originally calculated by Texas 

Transportation Institute (TTI) (“Mobility Data”, 2015a-f). 

Annual congestion costs were calculated by considering 

excess fuel consumed in traffic while also assigning an 

hourly value for time lost. The hourly wages were $17.67 per 

car driver and $94.04 per hour per truck and commercial 

truck driver; fuel prices were based upon the state average 

cost per gallon. While TTI’s exact calculations were not 

available for verification, the values and costs they used for 

calculating annual congestion cost are listed in Table 8.  

Though other theories and formulas for measuring 

congestion exist, this study uses the traditional measure 

adopted by TTI. The TTI method works well in practice and 

is used by numerous traffic agencies to institute public policy 

and make investment decisions. 

4.3. Congestion Percentage 

This variable quantifies the drastic changes in congestion 

levels seen during peak commute times, in order to analyze 

the efficiency of the system’s capability to accommodate 

their massive commuter populations. The congestion 

percentages were calculated per city and surrounding county 

by TomTom for their annual traffic index, and were 

calculated based upon the increased travel time and number 

of cars on the road during peak hours compared to times of 

free flow travel (“TomTom Traffic Index”, 2015).  

The higher percentage values correlate to cities that 

experience greater levels of congestion. Surface roads and 

highways can handle only a certain number of cars. The 

higher the congestion percentage is, the more likely a 

roadway will reach its capacity. Too many cars in the system 

will lower the roadway’s level of service, which is a measure 

of the quality of traffic.  

Table 8.  Feed for Congestion Cost (Texas Transportation Institute 
“Mobility Data,” 2015) 

City 

(County) 

Annual Delay  

(hours) 

Average 

Cost 

of Fuel per 

gallon 

Annual Total  

Gallons of 

Excess 

Fuel 

Consumed 

Annual 

Congestion  

Cost 

Honolulu 

(Honolulu) 
27,672,000 $4.21 14,116,000 $ 616 M 

Los Angeles 

(Los Angeles) 
622,509,000 $3.63 195,491,000 $ 13,318 M 

Portland 

(Multnomah) 
72,341,000 $3.51 39,611,000 $ 1,763 M 

San Francisco 

(SF-Oakland) 
146,013,000 $3.63 62,320,000 $ 3,143 M 

San Jose 

(Santa Clara) 
104,559,000 $3.63 43,972,000 $ 2,230 M 

Seattle 

(King's) 
139,842,000 $3.54 62,136,000 $ 3,294 M 

4.4. Commuter Stress Index 

Commuting causes stress due to the unpredictability of the 

travel times and conditions during congested periods, and 

has both short-term and long-term effects. People often show 

signs of frustration, boredom, and depression if forced to sit 

in a car alone for long periods of time. Longer expected 

commute times also result in commuters leaving their homes 

earlier and arriving home later, sacrificing time for sleep, 

health, and personal relationships in order to make it to and 

from work on time. Aside from the mental effects of 

congestion, the human body experiences serious health 

effects from higher stress levels and longer periods of sitting. 

This variable denotes the differences in stress levels 

experienced by commuters during peak hours versus those in 

free flow periods. The higher index values indicate that 

commuters experience a greater level of stress during peak 

times due to congestion (“Annual Urban Mobility 

Scorecard”, 2015). It was observed that there is a direct 

correlation between commuter stress and congestion 

percentages. Table 9 carries the data for the commuter stress 

index. 

4.5. Annual Traffic Accidents Resulting in Fatalities  

Higher levels of congestion translate to larger volumes of 
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cars on the roads and distracted, aggressive, aggravated 

drivers. These increase the possibility of accidents, some so 

severe that they result in fatalities. The National Highway 

Traffic Safety Administration provides the total amount of 

traffic fatalities in each county resulting from car crashes, 

including those that result from speeding, rollovers, and 

roadway departures to intersection related crashes (“State 

Traffic Safety Information”, 2014). Though this data doesn’t 

reveal the number of accidents, the amount of fatalities 

provides a statistic that can be used to measure safety 

performance. The more traffic fatalities a county has, the 

worse its traffic performance is, including, perhaps, at the 

overall level, as well.  

It is understood that traffic fatalities may result from 

human error, but transportation systems still can protect 

drivers from incidents by having wider lanes, shoulders, 

more lane miles, and the capacity to move people through 

their systems quickly enough to decrease the possibility of 

these incidents. While the traffic systems are primarily 

designed for efficiency, the safety of those traveling on these 

road networks must be a large priority. Thus, traffic fatalities 

are an important parameter that must be considered when 

analyzing system performance. Table 9 carries those 

statistics.  

4.6. Output Reciprocal Values 

All of the selected output variables previously mentioned 

are considered to be negative results from poor traffic system 

performance. DEA models are used to determine overall 

efficiency, and measure the relationship between inputs 

utilized and the production of desired outputs. In the case of 

this analysis, none of the output values are desired, and 

therefore need to be minimized. It is for this reason that the 

reciprocal for each output value was used for the DEA model, 

and can be seen in Table 9. 

4.7. Other Parameters not Included for this Research  

While this study formulated a comprehensive analysis 

considering a multitude of causal factors and results of 

congestion, it was recognized that not every variable could 

be included. This is due to the fact that data for some 

parameters was either unavailable or difficult to quantify, or 

if included, would not likely make a comparative difference. 

However, it is believed that their relationships and impacts 

need to be mentioned for the sake of a complete 

understanding.  

4.7.1. Weather 

Weather plays a large part in roadway conditions and 

traffic congestion. However, this data and its relative effects 

were difficult to quantify, especially in relation to specific 

cities. For example, the effects of snow and heavy rains of 

the roadway conditions in the Pacific Northwest were 

difficult to compare to the impacts of heat waves in 

California or the rains in Honolulu. It was also difficult to 

calculate the scale of impact, as the California Highway 

Patrol reports a 203% increase in the number of accidents 

and delays on rare occasions of rain (Smith, 2015), while 

Seattle experiences an average of 156 days of rain per year 

(Sistek, 2015), and Honolulu 154 days. In addition to simply 

slowing down traffic, rain and snow deteriorate asphalt 

pavements. It was due to the understanding that each area has 

their own set of perennial challenges unique to their weather 

systems that the impacts caused by weather are equal across 

the cities, besides being too difficult to quantify, and were 

therefore excluded from this study.   

Table 9.  Compilation of All Output Values Used in DEA Model 

City 

(County) 

Daily Roundtrip Travel 

Time (minutes) 

Annual Congestion 

Percentage by County 

Annual Cost of 

Congestion ($ Millions) 
Commuter Stress Index 

Annual Traffic Fatalities 

by County 

 
Value Reciprocal Value Reciprocal Value Reciprocal Value Reciprocal Value Reciprocal 

Honolulu 

(Honolulu) 
31 3.2 32% 3.1 616 M 162 1.53 6.5 53 18.9 

Los Angeles 

(Los Angeles) 
48 2.1 39% 2.6 $13, 318 M 7.5 1.62 6.2 633 1.6 

Portland 

(Multnomah) 
37 2.7 26% 3.8 $1, 763 M 56.7 1.40 7.1 28 35.7 

San Francisco 

(SF-Oakland) 
47 2.1 34% 2.9 $3, 143 M 31.8 1.57 6.4 33 30.3 

San Jose 

(Santa Clara) 
36 2.8 20% 3.3 $2, 230 M 44.8 1.50 6.7 106 9.4 

Seattle 

(King's) 
44 2.2 31% 3.2 $3, 294 M 30.4 1.46 6.8 83 12 
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4.7.2. Daily Trips Per Person 

All data taken at the county level - commute time, average 

distance, number of vehicular commuters, associated 

congestion costs - was assumed to be an analysis of those 

commuters who only make one trip to and from work each 

day. This assumption excludes those members of the 

population who make multiple trips per day, if in the case 

that they work multiple jobs or need to make multiple trips 

(to drop off/pick up family members, errands, etc.). While 

multiple trips in congested areas could contribute to higher 

commute times and costs per commuter, these values would 

have been quite impossible to discern and compute from the 

given averages, and therefore was not considered in the 

parameters of this study. 

4.7.3. Construction Projects and Associated Delays 

Most of these city centers are constantly dealing with 

construction projects - both new and renovation - in order to 

maintain and expand to match their growing populations. It 

is assumed that construction projects contribute to overall 

congestion, by either causing lane closures or roadside 

distractions for drivers. This is considered a global constant, 

as each city experiences their own unique problems with 

their own construction projects and locations. These specific 

projects and their impacts are considered equal in all cities, 

besides being too difficult to quantify, and therefore were not 

included in this research. 

4.7.4. Special Events and Attractions 

All of the major cities selected for this study are centers of 

economic activity, have large population centers, and thus 

often have attractions, venues or events to generate a steady 

flow of revenue and income. Considering there are various 

types of attractions and events in each city on an almost daily 

basis, their effects were too difficult to quantify, and their 

impacts on congestion too difficult to discern from the 

regular congestion. It is for this reason that special attractions 

and events were not considered for this study. 

5. Input-Output Relationships 

As previously mentioned, several of the input and output 

parameters all share some relationship with one another, and 

their influences impact the performance of the overall system.  

The interactions are definitely very complicated. It was 

recognized that various input variables not only affect output 

variables, but that they also impact other input values. The 

same is true for output variables.   

For instance, increased population densities and number 

of commuters on the road will naturally reduce congestion, 

travel time to work, commuter stress, traffic fatalities, and 

thus the cost of repair and renovation of the traffic system. 

The more the highway and surface road lane miles, the lesser 

is the density of cars on the road, and so there is lesser 

congestion and lesser chance of fatalities, more opportunity 

to take alternate roads so as to reduce travel time, and thus 

reduced lost labor productivity. As the repair and renovation 

budget increases at the federal and state level, all the output 

values can be expected to reduce because various 

improvements create for a more effective traffic system. The 

increase of public ridership has the same effect on output 

values as the repair and renovation budget. 

There is an intra relationship between the output values, as 

well. For example, any time congestion increases, the travel 

time, commuter stress, fatalities, and congestion costs stand 

to increase. The same can be said for all other output 

parameters when travel time or fatalities increase. However, 

commuter stress doesn’t rise on its own unless some other 

factor causes it. Congestion cost increase/decrease is a 

function of producer prices and the minimum wage, but 

increase any time traffic slows down, congestion increases or 

fatalities increase; commuter stress, by itself, doesn’t stand 

to raise congestion costs. 

Intra-input relationships are more complex. For many of 

them, there is no direct relationship, and it is quite difficult to 

say what the indirect effect may be; and, in some cases there 

is no relationship at all between different input parameters. 

The relationship between the input and output values are 

reflected in the reciprocal values taken for each. It is because 

of these interdependent relationships that the DEA method is 

particularly applicable for study, as these variables are 

analyzed while maintaining all relationships within the 

system.  

6. Formulation of Linear Program 

Linear programming analysis strategies have been 

commonly used in several civil engineering subjects, in 

order to measure the relative efficiencies of complex systems. 

Only after the variables and parameters have been defined 

and quantified, and the relationships between the inputs and 

outputs been considered can the DEA analysis begin. In 

applying DEA, a linear programming model was developed 

to evaluate efficiency for each county’s traffic performance. 

In addition, each county is assigned a weight in order to 

determine each county’s proportion on the total system. In 

constructing the linear programming model, the weights 

used to assess the composite county’s efficiency were the 

following variables, defined as: 

 

wh = weight applied to inputs and outputs for  

   Honolulu County 

wla = weight applied to inputs and outputs for 

     Los Angeles County 

wm = weight applied to inputs and outputs for  

    Multnomah County 

wsf = weight applied to inputs and outputs for  

    San Francisco County 

wsc = weight applied to inputs and outputs for  

    Santa Clara County 

wk = weight applied to inputs and outputs for  
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    King’s County.  

 

The sum of the weights must equal 1.0. Thus, wh + wla + 

wm + wsf + wsc + wk = 1.0, provided that no weight is a 

negative value.  

This will be used to determine the inputs and outputs of 

the hypothetical composite county (Winston, 1991). The 

input/output relationships included in the model had the 

following general form: 

 

input/output of the composite county   

= (input/output for Honolulu).wh  

+ (input/output for Los Angeles).wla  

+ (input/output for Multnomah).wm  

+ (input/output for San Francisco).wsf  

+ (input/output for Santa Clara).wsc  

+ (input/output for King).wk 

 

The relative efficiency for each county was determined 

after conducting an analysis for each county - Honolulu 

County, Los Angeles County, Multnomah County, San 

Francisco County, Santa Clara County, and King’s County – 

where each of these counties is compared to the composite 

county. 

6.1. Objective Function of the Linear Program 

For a system to be considered truly efficient the 

relationships between the inputs and outputs must be 

analyzed - those systems that can receive the same outputs, 

while contributing less inputs are more efficient than those 

who contribute more and receive less. It is because of this 

reasoning that the objective function is chosen to minimize, 

rather than maximize, the relative efficiency. The variable E 

is the efficiency index that determines the fraction of the 

input from the analyzed county with the composite county’s 

input. The decision rule was as follows: 

If E = 1, the composite county requires as much input as 

the county being evaluated. There is no evidence that the 

county being evaluated is inefficient. 

If E < 1, the composite county requires less input to obtain 

the output by the analyzed county. This makes the composite 

county relatively more efficient. Conversely, the evaluated 

county is judged relatively inefficient. 

Thus, the objective function is written as:  

MIN E                     (1) 

6.2. Constraints 

Constraints are recognized as the conditions unique to the 

situation, which limit and define the calculations in a way 

that is relevant to the problem at hand. If constraints are not 

applied correctly to a linear programming model, it is likely 

that either an optimal solution would not be found, or that the 

solution found would not be applicable to the given problem. 

It is for this reason that the constraints for this traffic 

performance analysis were made after considering the 

particular capacities and limitations of each county in 

question. Each of these constraints will be discussed in more 

detail in the following sections. The following constraints 

are sample constraints that were used to analyzed Honolulu 

county.  

6.2.1. Weight Constraint 

It was recognized that the sizes of counties compared in 

this report were not of comparable size; for instance, the 

county population of Honolulu accounts for 6% of the 

county population of Los Angeles. It is also recognized that 

each county’s data will be proportional to its size, and that 

the weight adjustment must be included in the DEA in order 

to account for these differences. The weight constraint 

distributes each county as a percentage of the composite 

county. It portrays the proportion of influence that each 

county has on the total system performance. This constraint 

determines the percentage that each county contributes to the 

overall system. Thus, the weights allow each county to affect 

the composite performance in accordance with the following 

rule: 

 

Weight Constraint; 

wh + wla + wm + wsf + wsc + wk = 1         (2) 

 

The LP model automatically calculates and returns the 

values of these weights. 

6.2.2. Input Constraints 

The resources for the composite county are a multiple of 

the resources utilized by the analyzed county. The eight input 

constraints compare the means of the evaluated county with 

the resources accessible to the composite system. If E = 1, 

the inputs available to the composite county are the same as 

the resources used at the evaluated county. If E is greater 

than 1, the composite county has fewer inputs available 

proportionally; whereas, if E is less than 1, the composite 

county has available proportionally more inputs. The 

following are the input constraint equations in the DEA 

analysis for Honolulu County. 

 

Reciprocal Honolulu County Population Density 

Constraint;  

1.94wh + 1.67wla + 3.73wm + 3.52wsf + 2.29wsc + 

4.42wk ≤ 1.94E                (3) 

Lane Miles of Highway Constraint; 

432wh + 5246wla + 795wm + 1475wsf + 1338wsc + 

1730wk ≤ 432E                 (4) 

Annual County Maintenance Cost Per Highway Lane Mile 

Constraint; 

58.75wh + 133.52wla +39.91wm + 133.52wsf + 

133.52wsc + 106.25wk ≤ 58.75E           (5) 

Lane Miles of Surface Roads Constraint; 

3517wh + 19961wla + 6407wm + 6213wsf + 2531wsc + 

9989wk ≤ 3517E                 (6) 
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Annual County Maintenance Cost Per Surface Road Lane 

Mile Constraint; 

6153.37wh + 13386wla + 14575wm + 17975wsf + 

12575wsc + 4876.67wk ≤ 6153.37E         (7) 

Public Transit Ridership Constraint; 

217300wh+1079100wla + 200400wm + 447200wsf + 

105700wsc + 386100wk ≤ 217300E              (8) 

Reciprocal Number of Commuters by Car Constraint; 

61.8wh + 2.08wla + 15.4wm + 12.2wsf + 11wsc + 

8.97wk ≤ 61.8E                  (9) 

Reciprocal Average Travel Distance Constraint; 

4.5wh + 1.5wla + 3.2wm + 3.1wsf + 3.1wsc + 2.7wk ≤ 

4.5E                                     (10) 

6.2.3. Output Constraints 

The five output constraints below require the linear 

programming solution to provide weights such that all the 

five outputs for the composite county will be greater than or 

equal to the analyzed county. If a solution satisfying the 

output constraints is determined, the composite county 

produces as much or more output as the county being 

evaluated. The goal is to check whether the county in 

question can achieve the same or better results than the 

composite county. The output constraints below have been 

developed for Honolulu county: 

 

Reciprocal Travel Time to Work Constraint;  

3.2wh + 2.1wla + 2.7wm + 2.1wsf + 2.8wsc + 2.2wk ≥ 

3.2 

  (11) 

Reciprocal Congestion Percentage Constraint; 

3.1wh + 2.6wla + 3.8wm + 2.9wsf + 3.3wsc + 3.2wk ≥ 3.1 

  (12) 

Reciprocal Annual Dollars of Congestion Constraint; 

162wh + 7.5wla + 56.7wm + 31.8wsf + 44.8wsc + 

30.4wk ≥ 162  

 (13) 

Reciprocal Commuter Stress Index Constraint; 

6.5wh + 6.2wla + 7.1wm + 6.4wsf + 6.7wsc + 6.8wk ≥ 

6.5  

 (14) 

Reciprocal Traffic Fatalities Constraint; 

18.9wh + 1.6wla + 35.7wm + 30.3wsf + 9.4wsc + 12wk 

≥ 18.9  

 (15) 

Similar equations were developed and run for the 

remaining five counties. The results are given next. 

7. Results  

Table 10 shows the results of the linear program. It 

displays the values for E and the weights when analyzing 

each county. 

7.1. Slack and Surplus 

The LINDO output has a value for Slack which refers to 

how close the problem is to satisfying a constraint as an 

equality. If a constraint is fully satisfied as an equality, the 

slack value will be zero. This means that if the constraint is 

changed, the optimal solution will change. A negative slack 

means that the constraint is infeasible and has been violated. 

A positive slack reveals that if this constraint is changed, the 

optimal solution will not be affected. Table 11 shows the 

slack results from each of the counties.  

The slack variables show that all cities are utilizing all 

their input resources to the max. One exception was observed 

for the highway lane miles of Honolulu, where it can be 

inferred that the congestion is relatively so high with respect 

to the usage of its highway lane miles that the entire highway 

lane miles appear as slack.   

Table 10.  Results of Linear Program 

City 

(County) 
E wh wla wm wsf wsc wk 

Honolulu 

(Honolulu) 
1 1 0 0 0 0 0 

Los Angeles 

(Los Angeles) 
1 0 1 0 0 0 0 

Portland 

(Multnomah) 
1 0 0 1 0 0 0 

San Francisco 

(SF-Oakland) 
1 0 0 0 1 0 0 

San Jose 

(Santa Clara) 
1 0 0 0 0 1 0 

Seattle 

(King's) 
1 0 0 0 0 0 1 

8. Analysis  

The output from LINDO displays that each time the linear 

program was run for a specific county yielded E=1. As stated 

above, a value of 1 for E means that the composite county 

requires as much input as the county being evaluated. In such 

case, there is no proof that the county being evaluated is 

inefficient. When analyzing Honolulu, it was revealed that 

the composite county was formed from the weighted average 

of Honolulu (wh = 1). When the program for Los Angeles 

executed, the composite county was formed from the weight 

of Los Angeles County (wla = 1). The same can be said when 

analyzing all the other counties. The value of 0 for the 

weights means that a county doesn’t contribute to the 

composite county.  

Because E=1 for each county analyzed, it has been 

determined that all the counties are equally efficient, or 

inefficient as each other. This result is not surprising 

considering that all of these counties rank in the top ten of 

worst congestion in the United States. These counties have 
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about the same outputs relative to their size, thus producing 

the same efficiency. For example, Los Angeles has more 

travel and more traffic fatalities compared to Hawaii because 

LA is a much larger county with more people and more lane 

miles. 

It would have been nice to get a diagnosis for some of the 

counties, where we could have posited that some counties are 

better than others, but that was not to be. It appears that the 

traffic systems have reached equilibrium to each other. In a 

large country, and over many decades, it can be probably 

understood that if any one city/county becomes better than 

others, migration will occur into that city, resulting in a 

congested city over time. Given the mobility of jobs and 

opportunities, this is possible at a faster rate in the modern 

day. 

9. Testing 

Because each linear program solved resulted in E=1, 

signifying that all counties are equally efficient (or 

inefficient) as each other, a doubt arose as to whether the 

results were accurate. As a result, a secondary test of the 

program and equations was performed to ensure that there 

was nothing specifically and intrinsically wrong with the 

program and equations. For this, “dummy” counties were 

substituted for the existing counties. Thus, in the first 

instance, King’s County was removed and substituted with a 

dummy city, Da, which had high input and low output 

parameters – indicating a county with very undesirable 

traffic performance. In the second instance, King and Santa 

Clara Counties were removed and substituted by two dummy 

counties, Da and Db, which were similarly undesirable. It was 

hypothesized that the dummy cities, in both instances, should 

register E values less than 1.0, because they had been 

artificially created as low performance cities. The results 

bore this out and were as follows: in the first instance Da 

yielded an efficiency of 0.23 while in the second case, Da 

registered an efficiency of 0.23, with Db registering an 

efficiency of 0.28. The weights also showed finite values for 

multiple counties, giving credence to the solution. The input 

and output values taken for Da and Db are shown in Tables 12 

and 13 respectively, for the interested readers, and the 

efficiency and weights in the two instances are shown in 

Tables 14 and 15. Therefore, it was demonstrated that the 

linear program equations and LINDO solver were working 

as intended. Other tests can be run by the interested reader, 

where it is expected that the validation of the model will be 

confirmed. Consequently the results obtained are reliable for 

the data analyzed. 

Another test was run by using alternate values for (i) 

Federal Budget Appropriations, and (ii) County Budget 

Appropriations. Instead of taking the dollars allocated per 

lane mile in each, the full budget values were taken. Once 

again, the results gave an E of 1.0, indicating further that the 

answer is indifferent to budgeted dollars per lane mile v. total 

budgeted dollars. 

Table 11.  Slack Results 

City 

(County) 

Constraint (equation) 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Honolulu 

(Honolulu) 
1 0 0 3,517 0 0 0 0 0 0 0 0 0 0 0 

Los Angeles 

(Los Angeles) 
1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Portland 

(Multnomah) 
1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

San Francisco 

(SF-Oakland) 
1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

San Jose 

(Santa Clara) 
1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Seattle 

(King's) 
1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Table 12.  Inputs for Dummy Counties 

Dummy 

County 

Reciprocal 

County 

Population 

Density 

Highway 

Lane Miles 

Available in 

County 

Annual Cost 

per 

Highway 

Lane Mile 

County Road 

Lane Miles 

Available in 

County 

Annual Cost per 

County Road 

Lane Mile 

Public Transit 

Ridership, pax 

Reciprocal Number of 

Commuters on Road in 

County, pax. 

Reciprocal 

Average Daily 

Travel Distance 

miles per person 

Da 40.42 17,300 1,063 99,890 48,761 3,861,000 80.97 20.7 

Db 30 13,380 1,335 30,000 40,575 1,087,000 110 31 
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Table 13.  Outputs for Dummy Counties 

Dummy 

County 

Reciprocal Daily Roundtrip 

Travel Time (minutes) 

Reciprocal Annual 

Congestion Percentage 

Reciprocal Annual Cost 

of Congestion ($ M) 

Reciprocal Commuter 

Stress Index 

Reciprocal Traffic 

Fatalities by County 

Da 1 1 2 4 1 

Db 1.5 2 5 5 2 

Table 14.  Results for Da with 1 Dummy in Program 

Dummy County E wh wla wm wsf wsc wDa 

Da w/ 1 dummy 0.23 0.281 0.719 0 0 0 0 

Table 15.  Results for Da and Db with Two Dummies in Program 

Dummy County E wh wla wm wsf wDb wDa 

Da w/ 2 dummies 0.23 0.281 0.719 0 0 0 0 

Db w/ 2 dummies 0.28 0.363 0.103 0.534 0 0 0 

 

10. Summary and Conclusions 

DEA was used to analyze the traffic performance of six 

counties with the worst traffic congestion in the western 

United States. Congestion is a major problem for a variety of 

reasons, as its impacts are seen on a variety of different 

scales. On an individual level, congestion is often cited as a 

primary source of stress-related health problems, aggression, 

and depression. On a community level, congestion 

contributes to a variety of excessive costs, as it is an 

accumulation of lost wages, excess fuel consumption, and 

car repairs from extended use. On a broader scale, the 

burning of so many gallons of excess fuel is often cited as a 

large contributor to greenhouse gas emissions and global 

warming.  

The goal was to rank these counties by traffic performance 

in order to determine which counties required the most 

improvement to their transportation systems. To do this, a 

Data Envelopment Analysis exercise was undertaken that 

considered identical input and output parameters for each 

county. The DEA is in general a powerful tool in operations 

research that can compare the performance of similar 

systems, while leaving intact the interrelationships between 

the inputs and outputs. The results revealed that each county 

is operating at equal efficiency levels, or in this case 

deficiency, due to their low performing systems, 

characterized mainly by their high congestion and commuter 

frustration. The only difference noted between the counties 

was their relative sizes and ratios, but this appeared to play 

no part in the overall system performance, as their relative 

weights were addressed in the model.  

The major contribution of this study was to establish a 

comparison of traffic system performance in six major cities 

in the western United States. The DEA modeling system was 

used with the intention of identifying the different 

parameters of traffic performance, to see if any one particular 

parameter was compromising the overall efficiency of the 

system. Interestingly, the DEA’s comprehensive 

system-wide analysis revealed that each county had overall 

the same traffic performance with respect to congestion, 

fatalities, stress, commute time, and lost labor productivity, 

given the input parameters of population density, available 

lane miles, budgets for maintenance and repair, travel 

distance, commuters using roads, and public transportation 

ridership, and that no particular parameter stuck out as being 

less deficient to any other.  

11. Nomenclature 

The following symbols are used in this paper: 

MIN = minimization  

E = Efficiency index 

wh = weight applied to inputs and outputs for  

Honolulu 

wla = weight applied to inputs and outputs for  

 Los Angeles 

wm = weight applied to inputs and outputs for  

 Multnomah County 

wsf = weight applied to inputs and outputs for  

 San Francisco 

wsc = weight applied to inputs and outputs for  

 Santa Clara County 

wk = weight applied to inputs and outputs for  

 Kings County 
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