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Preface 

This thesis consists of two distinct parts. The first relates to understanding the market 

potential of plug-in electric vehicles (PEVs) in light of day-to-day travel data, obtained 

using GPS units over the period of a year. The data used for this project comes via the 

National Renewable Energy Lab (NREL) and was collected from Seattle drivers between 

November 2004 and April 2006. This part of the thesis is also forthcoming as a 

publication in the journal Energy Policy, with Dr. Kara Kockelman as a co-author. This 

research has been presented at several conferences including the 2012 annual meeting of 

the Transportation Research Board and the Fall 2011 Electric Vehicles – Transportation 

and Electricity Convergence (EV-TEC) Meeting in Houston, Texas. 

The second part of the thesis examines how non-motorized travel behaviors – 

biking and walking – are affected by a variety of detailed, built environment attributes. 

Some of this work was presented at the 2011 North American meetings of the Regional 

Science Association International (RSAI), in Miami, and will be presented at the 2012 

International Association for Travel Behavior Research (IATBR) conference in Toronto, 

Canada. This research is part of an ongoing National Cooperative Highway Research 

Program- (NCHRP-) funded project (#08-78). Additional work on this project is being 

undertaken by Xiaoxia Xiong, a graduate student at UT Austin.  Much of this work, both 

past and future, will be submitted for publication with Dr. Kara Kockelman and Xiaoxia 

Xiong as co-authors. In addition, the Seattle mode choice models, and the marginal 

effects of their covariates in this thesis, were estimated by Xiaoxia. 

This thesis is divided into 12 chapters. Part I contains Chapters 1 through 7, and 

Part II consists of Chapters 8 through 12. The two parts are distinct, without any overlap 
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in data sets, findings, and conclusions. All references are provided in a list divided into 

two parts accordingly at the very end of this thesis. 
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Abstract 

 

Topics in Sustainable Transportation: Opportunities for Long-term 

Plug-in Electric Vehicle Use and Non-Motorized Travel  

by 

Mobashwir Khan, MSE 

The University of Texas at Austin, 2012 

 

Supervisor:  Kara M. Kockelman 

 

In the first part of this thesis, GPS data for a year’s worth of travel by 255 Seattle 

households is used to illuminate how plug-in electric vehicles (PEVs) can match 

household needs. Data from all vehicles in each of these households were analyzed at a 

disaggregate level primarily to determine whether each household would be able to adopt 

various types of PEVs without significant issues in meeting travel needs. The results 

suggest that a battery-electric vehicle (BEV) with 100 miles of all-electric range (AER) 

should meet the needs of 50% of Seattle’s one-vehicle households and the needs of 80% 

of the multiple-vehicle households, when households charge just once a day and rely on 

another vehicle or mode just 4 days a year. Moreover, the average one-vehicle Seattle 

household uses each vehicle 23 miles per day and should be able to electrify close to 80% 

of its miles, while meeting all its travel needs, using a plug-in hybrid electric vehicle with 

40-mile all-electric-range (PHEV40). Households owning two or more vehicles can 

electrify 50 to 70% of their total household miles using a PHEV40, depending on how 

they assign the vehicle across drivers each day. Cost comparisons between the average 
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single-vehicle household owning a Chevrolet Cruze versus a Volt PHEV suggest that, 

when gas prices are $3.50 per gallon and electricity rates are 11.2 ct per kWh, the Volt 

will save the household $535 per year in energy/fuel costs. Similarly, the Toyota Prius 

PHEV will provide an annual savings of $538 per year over the Corolla. The results 

developed in this research provide valuable insights into the role of AER on PEV 

adoption feasibility and operating cost differences.  

The second part of this thesis uses detailed travel data from the Seattle 

metropolitan area to evaluate the effects of built-environment variables on the use of non-

motorized (bike + walk) modes of transport. Several model specifications are used to 

understand and explain non-motorized travel behavior in terms of household, person and 

built-environment (BE) variables. Land-use measures like land-use mix, density, and 

accessibility indices were also created and incorporated as covariates to appreciate their 

marginal effects. The models include a count model for household vehicle ownership 

levels, a binary choice model for the decision to stay within versus departing one’s origin 

zone (i.e., intra- versus inter-zonal trip-making), discrete choice models for destination 

choices and mode choices, and a zero-inflated negative binomial model for non-

motorized trip counts per household. The mode and destination choice models were 

estimated separately for interzonal and intrazonal trips and for each of three different trip 

types (home-based work, home-based non-work, and non-home-based), to recognize the 

distinct behaviors at play when making shorter versus longer trips and different types of 

trips. This comprehensive set of models highlights how built-environment variables – like 

the number and type of intersections present around one’s origin and destination, the 

number of bus stops available within a certain radius, household and jobs densities, 

parking prices, land-use mixing, and walk-based accessibility – can significantly shape 

the pattern of one’s non-motorized movement.   
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The results underscore the importance of street connectivity (quantified as the 

number of 3-way and 4-way intersections in a half-mile radius), higher bus stop density, 

and greater non-motorized access in promoting lower vehicle ownership levels (after 

controlling for household size, income, neighborhood density and so forth), higher rates 

of non-motorized trip generation (per day), and higher likelihoods of non-motorized 

mode choices. Destination choices are also important for mode choices, and local trips 

lend themselves to more non-motorized options than more distance trips. Intrazonal trip 

likelihoods rose with higher street connectivity, transit availability, and land use mixing. 

For example, the results suggest that an increase in the land-use mix index by 10% would 

increase the probability of choosing to travel within the zone by 12%.  

As expected destinations with greater population and job numbers (attraction), 

located closer (to a trip’s origin), offering lower parking prices and greater transit 

availability, were more popular. Interestingly, those with more dead ends (or cul de sacs) 

attracted fewer trips.  Among all built environment variables tested, street structure 

offered the greatest predictive benefits, alongside jobs and population (densities and 

counts). For example, a 1-percent increase in the average number of 4-way intersections 

within a quarter-mile radius of the sampled households is estimated to increase the 

average household’s non-motorized trip generation by 0.36%. A one-standard-deviation 

increase in the (mean) number of 4-way intersections at the average trip origin is 

estimated to increase the probabilities of choosing bike and walk modes for interzonal 

home-based-work trips by 57% and 30%, respectively. In contrast, increasing the number 

of dead-ends at the origin by one standard deviation is estimated to decrease the 

probability of biking for both home-based-work and non-work trips by ~30%.  These 

results underscore the importance of network density and connectivity for promoting 

non-motorized activity.  
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The regional non-motorized travel (NMT) accessibility index ( derived from the 

logsum of a destination choice model) also offers strong predictive value, with NMT 

counts rising by 7% following a 1% increase in this variable – if the drive alone 

accessibility index is held constant (along with all other variables, evaluated at their 

means). Similarly, household vehicle ownership is expected to fall by 0.36% with each 

percentage point increase in the NMT accessibility index, and walk probabilities rise by 

26.9% following a one standard deviation increase in this index at the destination zone.  

A traveler’s socio-economic attributes also have important impacts on NMT 

choices, with demographics typically serving as much stronger predictors of NMT 

choices than the built environment. For example, the elasticity of NMT trip generation 

with respect to a household’s vehicle ownership count is estimated to be -0.52. Males and 

those with drivers licenses are estimated to have 17% and 39% lower probabilities, 

respectively, of staying within their origin zone, relative to women and unlicensed adults 

(ceteris paribus). Non-motorized model choices also exhibit strong sensitivity to age and 

gender settings. 

Several of the regional variables developed in this work, and then used in the 

predictive models, are highly correlated. For example, bus stop and intersection densities 

are very high in job- and population-dense areas. For example, the correlation 

coefficients between the bus stop density and 4-way intersection density is 0.805, 

between NMT and SOV AIs is 0.830, and between 4-way intersection density and NMT 

AI is 0.627. As a result, many variables presumably are proxying for and/or competing 

with each other, as is common in models with many land use covariates, and it is difficult 

to quantify the exact impact of each of these variables. Nonetheless, the models 

developed here provide valuable insight into the role of several new variables on non-

motorized travel choices.  
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Some final case study applications, moving all households to the downtown area 

(that has high accessibility indices and density) illustrate to what extent these revealed-

data-based models will predict shifts toward and away from non-motorized trip-making.  

Average household vehicle ownership levels are predicted to fall 70 percent, from 1.89 

vehicles per average household to 0.57, and average two-day NMT trip counts per 

household are estimated to jump six-fold: from 0.83 to 5.92. Such behavioral shifts are 

valuable to have in mind, when communities seek to reduce reliance on motorized travel 

by defining new built-environment contexts.  
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PART I. PREDICTING THE MARKET POTENTIAL OF PLUG-IN 

ELECTRIC VEHICLES USING GPS DATA 

 

CHAPTER 1: BACKGROUND 

Energy-security concerns, the rising cost of petroleum, and climate change considerations 

make plug-in electric vehicles (PEVs) an intriguing alternative to conventional internal 

combustion engine (ICE) vehicles. PEVs run partially or fully on electric power from an 

externally charged battery. PEVs include battery-electric vehicles (BEVs) and plug-in 

hybrid electric vehicles (PHEVs). BEVs are driven by an electric motor while PHEVs 

include an ICE for conventional power as needed. PHEVs can function in different 

modes and different configurations. Readers are referred to Vyas and Santini (2009) for 

details of different PEV technologies and to Taylor (2009) for a detailed comparison of 

BEVs and PHEVs. PHEVs are usually denoted by PHEVx, where x refers to the vehicle’s 

all-electric range (AER). The AER is the distance the vehicle is able to travel purely on 

electricity under average driving conditions. 

PEV technology tends to be more expensive than ICE technology because of the 

high cost of batteries. Until recently, a BEV with an AER of 100 miles was estimated to 

cost the manufacturer at least $16,000 more than a comparable conventional vehicle 

(Sperling and Lutsey 2009, Frost and Sullivan 2009a), and a PHEV20 and PHEV40 were 

estimated to cost $8,000 and $11,000 more, respectively (Simpson 2006). While such 

costs are generally falling, even differences of $5,000 make electric vehicles less 

accessible to cost-sensitive customers. Although many governments now provide 

financial and non-financial incentives to early adopters, the observed cost differences 

remain high. In addition, there are uncertainties of battery-replacement costs, energy 

savings and resale value. Currently, the U.S. government provides an income tax credit of 
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up to $7,500 per vehicle (depending on the battery size), and California buyers can 

receive another $5,000 from the Clean Vehicle Rebates Project (Center for Sustainable 

Energy 2011). 

The benefits of switching to PEVs are many, including greater energy-security, as 

nations can reduce reliance on foreign sources of oil (Fontaine 2008, Greene 2010a). 

PEVs should also reduce greenhouse gas (GHG) emissions in most settings (Kintner-

Mayer et. al. 2007, Samaras and Meisterling 2008, and Sioshansi and Denholm 2009) and 

shift other emissions away from polluted urban centers by reducing (or eliminating) 

tailpipe emissions (Thomas 2009, Duvall and Knipping 2007). PEVs are also attractive in 

some congested locations, such as California’s metro regions, where they are given 

access to HOV lanes. The 2011 Chevy Volt is rated by the U.S. Environmental Protection 

Agency (EPA) to travel 93 miles per gallon of equivalent electricity (with one gallon of 

gasoline rated equivalent to 33 kW-hr of electricity). In fact, the higher purchase price of 

electric vehicles may be recovered over several years of operation. For example, Tuttle 

and Kockelman (2012) showed how the net cost of a Nissan LEAF BEV compared to a 

similarly sized conventional Nissan Versa drops to $250 over fifteen years of operation at 

gasoline and electricity prices of $3.00 per gallon and 11.75 ct per kWh, respectively, and 

assuming a $7,500 tax credit for the Nissan LEAF. Simpson (2006) and Lemoine et al. 

(2008) concluded that higher gasoline prices and lower battery manufacture costs are key 

to making PEVs economically attractive in the long run. 

One of the biggest hurdles to BEV adoption is “range anxiety”, where owners 

worry about being stranded roadside with a fully discharged battery (Tate et. al. 2008). 

Higher AERs reduce range anxiety, but at the expense of higher manufacturing costs. 

AER is also important for PHEV owners since it determines the percentage of miles that 
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are electrified, thereby impacting fuel cost savings. Manufacturers need to know what 

AERs are most suitable for different consumer markets. 

This part of the thesis addresses such questions. For the manufacturers, it suggests 

what percentage of the U.S. market may be well-served under multiple AER scenarios 

(for BEVs and PHEVs). For consumers, it tackles questions like: What percentage of 

driving days can be accommodated using BEVs of certain AERs? What percentage of 

miles will be electrified under different PHEV design scenarios? And what savings can 

households expect in the long run? Honest answers to such questions may allow 

manufactures and consumers to overcome various concerns they have and pursue a PEV 

future.  

Vyas and Santini (2009) sought to address similar questions by relying on the 

United States 1-day National Household Travel Survey (NHTS) data from 2001. Gonder 

et al. (2007) used one-day GPS data from St. Louis driving to predict gasoline savings 

under PHEV20 and PHEV40 scenarios and concluded that GPS data significantly 

enhance results, since analysts can discern detailed driving profiles that affect fuel 

consumption. They estimated that PHEVs can reduce a vehicle’s fuel consumption by 

roughly 50% compared to conventional vehicles. More recently, Pearre et al. (2011) 

analyzed multi-day GPS data over a full year from 484 instrumented vehicles in Atlanta, 

Georgia. Their results suggest that a substantial fraction of the sampled fleet (32%) may 

be able to switch to 100-mile AER BEVs if they are willing to adjust driving patterns just 

6 days a year.  

Both Vyas and Santini (2009) and Gonder et al. (2007) focused on PHEVs and 

used one-day data sets. This research uses GPS data over a one-year period, but from the 

Seattle area and examines both PHEV and BEV adoption scenarios. It also estimates 

annual cost savings for single-vehicle households who are willing to switch to a PEV. In 
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addition, the sample is weighted to reflect the Seattle population and single- and multiple-

vehicle households are analyzed separately, since multiple-vehicle households have 

added flexibility when switching just one of their vehicles to a PEV. The goal is to 

describe PEV adoption rates in light of travel behavior patterns and household types. 

The rest of Part I of the thesis is organized as follows: first, key characteristics of 

present and forthcoming PEVs are described, so readers are familiar with purchase 

options. Then, the long-term Seattle driving data are discussed, along with a brief 

explanation of the merits of using multi-day data. These data are analyzed to determine 

reasonable adoption and use profiles and ownership cost implications along with utility 

factors. 

 

1.1  Current and Upcoming PEVs 

The Tesla Roadster (a BEV) has sold more than 1500 units in 30 countries since its 2008 

release (Gordon-Bloomfield 2011), and the Chevrolet Volt and Nissan LEAF began 

limited sales in select US cities in 2010 (EV Project 2011). Several other PEVs from a 

broad array of manufacturers are scheduled to enter the market soon. These include 

different types of vehicles, such as the 2013 Ford CMAX Energi PHEV, which is a cross-

over utility vehicle (CUV), and the 2013 Ford Fusion Energi PHEV, which is a regular 

sedan (Plug In America 2012). Apart from vehicle type and seating capacity, two critical 

attributes are battery capacity and range. While the total range of a PHEV is much more 

than its AER, the AER determines the owner’s likely operating cost savings, petroleum 

avoidance, and emissions impact. According to Tuttle and Kockelman (2012), expected 

BEVs tend to have AERs between 60 and 300 miles, while expected PHEVs have AERs 

between 10 and 80 miles. 
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The 2011 Chevrolet Volt PHEV is a four-door sedan with a manufacturer 

suggested retail price (MSRP) of $32,780 after a $7,500 of tax credit provided by the 

U.S. government (Chevrolet 2011). It has a battery size of 16 kWh, and the U.S. EPA has 

rated it to have an AER of 35 miles under representative driving conditions (EPA 2011). 

A close ICE counterpart of the Chevrolet Volt is the 2012 Chevrolet Cruze LTZ, which 

has an MSRP of $23,190 (Chevrolet 2012). The Toyota Prius PHEV, scheduled for 

release in 2012, is advertised to have an MSRP of $29,500 after a federal $2,500 tax 

credit (Toyota 2012). Its battery pack is much smaller than that of the Chevrolet Volt, at 

4.4 kWh, providing an AER of 11 miles (Toyota 2012). The Ford CMAX Energi PHEV 

is expected to be released into the market in 2012; it is a CUV with an anticipated AER 

of 20 miles (Plugincars 2012).  

Several manufacturers are (or will be) offering BEVs for customers. The 2009 

Tesla Roadster is a two-door sports car with a 53kWh battery and an AER of 245 miles 

(Tesla 2011). After an eligible $7,500 tax credit, its $101,500 price remains substantial. A 

more affordable BEV is the 2011 Nissan LEAF, a four-door hatchback with a battery size 

of 24kWh and an EPA-rated AER of 73 miles (Nissan 2011, EPA 2011). The Nissan 

LEAF has an MSRP of $25,280 after an eligible $7,500 tax credit (Nissan 2011). A close 

ICE equivalent to the Nissan LEAF is the 2011 Nissan Versa 1.8SL hatchback, which has 

an MSRP of $17,410 (Nissan 2011). Other popular manufacturers, such as BMW, 

Mercedes, Honda and Toyota, have released or are releasing their own BEVs (Plug In 

America 2011). 
  



 

CHAPTER 2: DATA DESCRIPTION

The data were obtained from the Puget Sound Regional Council’s (PSRC) 2007 Traffic 

Choices Study across 264 households (and their 445 ve

Pierce and Snohomish counties of Washington State. The data was collected between 

November 2004 and April 2006 using in

the National Renewable Energy Laboratory’s (NREL) Secure 

Project. Due to the sensitive nature of the GPS data and privacy constraints, access to 
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CHAPTER 2: DATA DESCRIPTION 

The data were obtained from the Puget Sound Regional Council’s (PSRC) 2007 Traffic 

Choices Study across 264 households (and their 445 vehicles) residing in King, Kitsap, 

Pierce and Snohomish counties of Washington State. The data was collected between 

November 2004 and April 2006 using in-vehicle GPS devices and was provided through 

the National Renewable Energy Laboratory’s (NREL) Secure Transportation Data 

Project. Due to the sensitive nature of the GPS data and privacy constraints, access to 

household demographics and vehicle locations was not feasible. Nevertheless, this rich 

data set includes lengths and trip durations for each vehicle at all times of each day over 

an extended period of time. In addition, household characteristics such as income and 

vehicle ownership levels are reported, as shown in Table 2.1. Figure 2.1 illustrates one 

VMT information over 365 days, as extracted from the data set. 

Figure 2.1: GPS Data Representation of Daily VMT for a Single Sampled Vehicle

Travel patterns of individuals vary substantially over time, which is why multi

day data, as opposed to conventional single-day data, can provide better insights into 
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travel behavior (Pendyala and Pas 2000). Although the number of households surveyed in 

these data is relatively small, Stopher et al. (2008) showed how the required sample size 

to attain meaningful results can be significantly reduced in the case of multiday surveys. 

Hence, these data may characterize the travel behavior of metropolitan Seattle households 

rather well, once corrected for sample biases. To better represent the study area 

population, each sampled household was weighted using the American Community 

Survey (ACS) microdata sample for the PSRC’s four counties using the population shares 

matched on number of vehicles, home-ownership status, and annual household income. 

Descriptive statistics of the unweighted data along with some statistics from 

Seattle’s American Community Survey are shown in Table 2.1. The average number of 

drivers and vehicles are 1.63 per household in the PSRC data, compared to 2.04 in the 

ACS data. The average household income is clearly lower at $46,658 per year compared 

to $81,533 per year in the ACS data. The average age of the sampled drivers is about 45 

years, which is somewhat older than the region’s 39; and a majority of these (60%) are 

females, compared to 51% for the region. Most of the respondents are fully or partially 

employed (81%) and the rest of them are home-makers (10%), students (6%) or 

unemployed (3%).  

The data set contains 269,357 trip records where the average trip is about 16 

miles. These trip records correspond to 143,004 vehicle-days of data where each vehicle-

day implies a day’s worth of data for one vehicle. While the average Seattle trip length of 

15.5 miles, as captured by the GPS device and coded into the data set by the data 

managers, appears as significantly longer than the U.S. average of 10.1 (from the 2009 

National Household Travel Survey  [NHTS]), the daily VMT is somewhat lower, at 25.4 

miles, versus 29.0.  Of course, these are unweighted statistics, to show the biases in the 

sample. Weighting, which is used on all values presented from here forward (including 
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estimated shares of households able to switch to a PEV), offsets these to a significant 

degree.  

Table 2.1:  Data Set Description (Unweighted) 

Variable Mean 
St Dev. 

Deviation 
Maximum Minimum 

Seattle 

ACS 

Average 

Household records (N=255)   

Number of drivers 1.64 0.66 5 1 n/a  

Number of vehicles 1.64 0.67 5 1 2.04 

Own home indicator 0.82 0.38 1 0 0.73 

Rented home indicator 0.18 0.38 1 0 0.27 

Number of children 0.65 1.00 7 0  n/a 

Household income ($/year) 67,528 46,823 300,000 0 81,533 

Driver records (N=419)   

Age (years) 44.6 12.5 81 15 38.6 

Female Indicator 0.60 0.49 1 0 0.51 

Education (years) 10.3 7.98 26 0 11.0 

Full-time employment status 0.67 0.47 1 0 0.59 

  U.S. 

NHTS 

Average 
Trip records (N=269,357) 

VMT per trip (miles) 15.5 27.6 776.1 0.2 10.1 

Drive time per trip (minutes) 34 40 897 3 19 

Vehicle-day records (N=143,004)           

Number of days per vehicle 341 54 366 34  n/a 

VMT per day (miles) 25.4 12.3 89.1 2.0 29.0 
Note: The GPS data was obtained between 2004 and 2006 from the Seattle Area. The Seattle ACS averages are from 
2006, while the U.S. NHTS averages are from 2009. 

Some of the cases were not usable due to missing values, inconsistency in 

reporting, very short series of daily-use records and/or nonsensical values. These 

observations were dropped. In addition, zero-VMT days had to be synthesized since the 

data set did not report any travel when the instrumented car was not driven. It was 

assumed that whenever a vehicle did not report any travel on a given day, it did not travel 
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that day. The final data set consisted of 255 households, 424 vehicles and 419 drivers 

over 143,004 vehicle-days; thus, there was an average of 341 days of useful data per 

vehicle. 
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CHAPTER 3: DATA ANALYSIS 

3.1  Introduction 

The population-corrected data were analyzed to determine which households might 

reasonably replace an existing vehicle with a PEV. Households were divided into single-

vehicle households and multiple-vehicle households and then divided further, into six 

cases total, as shown in Figure 3.1. Cases 1 and 2 are for single-vehicle households 

replacing their car with a BEV or a PHEV, respectively.  

The multiple-vehicle household scenario is more complex. Cases 3 and 4 are for 

multiple-vehicle households swapping one of their vehicles with a BEV, and cases 5 and 

6 are for PHEVs. In case 3 the household replaces the vehicle that travels fewer miles on 

average with a BEV and then uses a BEV for all travel made by that vehicle. In case 4, 

the household replaces any of its existing vehicles, and then uses a BEV to meet travel 

needs of the driver that travels fewer miles each day, on a day-to-day basis. Of course, all 

BEV owners will not always know in advance how far they will need to drive their 

vehicles each day. So these two assignment-to-driver cases (3 and 4) present the extreme 

assignment examples, and actual shares (of days covered by a BEV’s range) presumably 

will lie somewhere between their two percentages.  

PHEVs do not have any special range limitations (relative to ICEs) and can 

quickly refuel at gas stations on long trips. To maximize a household’s use of electric 

power, PHEVs may be assigned to a household’s longer daily drives. Cases 5 and 6 

involve the use of the PHEV by the higher-VMT vehicle in the household – as estimated 

on average (Case 5) or on a day-to-day basis (Case 6). These two cases also are meant to 

capture the two extremes of vehicle assignment, and actual shares (of electrified miles) 

will lie somewhere in between. (Of course, PEV owners can also re-charge more than 

once a day, increasing the percentages further.) 
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Two key questions are tackled under these six cases, as shown in Figure 3

the case of a BEV, the analysis determined what share of households could replace an 

existing vehicle with a BEV and still meet travel distance demands across a high target 

share of calendar days (Cases 1, 3 and 4). For a PHEV the analysis determined the share 

of each household’s miles that would be electrified, assuming once-a-day recharging, 

under a variety of AER scenarios (Cases 2, 5 and 6).  

.1:  PEV Assignment to Seattle Households 

Percentage of Days Covered Using a BEV 

If the AER of a BEV is more than the total miles driven by a Seattle vehicle on a 

given day, that day is “covered” by the BEV. For each replaced vehicle, the number o

days that can be covered using a BEV is divided by the number of days in the 
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Figure 3.1. In 

the case of a BEV, the analysis determined what share of households could replace an 
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share of calendar days (Cases 1, 3 and 4). For a PHEV the analysis determined the share 

day recharging, 

 

If the AER of a BEV is more than the total miles driven by a Seattle vehicle on a 

given day, that day is “covered” by the BEV. For each replaced vehicle, the number of 

days that can be covered using a BEV is divided by the number of days in the 
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household’s data series to find the share of days whose travel needs can be met by the 

adjusted fleet. It is assumed that a household is likely to switch to a BEV if a high 

percentage of days can be covered when owning a BEV. Since the minimum target on 

travel-met days is not known and likely to vary from household to household, two 

extreme values (90% and 99%) and a midpoint value (95%) were used here, assuming 

that this range should capture the preferences and needs of the great majority of vehicle-

owning households. For the small share of longer trips that cannot be covered by a BEV, 

some households would be able to charge their cars mid-trip, use rental cars or swap 

vehicles or modes for a day or more. The percentage of days that can be covered using a 

BEV was calculated for each household.  

The (population-corrected) shares of Seattle households that can replace a vehicle 

under each of these three percentage values (90, 95 and 99%) were calculated. The 

method was repeated for BEVs of different AERs, and plots of household percentages 

(three different plots corresponding to 90, 95 and 99%). Figures 3.1, 3.3 and 3.4 depict 

the three cases (1, 3 and 4) of BEV adoption.   

 

3.3  Percentage Miles Electrified Using a PHEV 

If a PHEV’s AER exceeds the miles travelled on a given day, all miles were assumed to 

be electrified. If not, just the AER portion of miles was assumed electrified. The number 

of miles electrified each day for each vehicle was used to determine the percentage of 

miles electrified for each replacement PHEV (over the period of each household’s data). 

The mean of these percentages is used as an indication of the share of miles that can be 

electrified at that AER. The method was repeated for different PHEV AERs, and a plot of 

electrified miles against AERs was created. For multiple-vehicle households, the 

percentage of total household vehicle-miles that are electrified was plotted (instead of the 
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percentage of the PHEV’s miles that are electrified, which will be higher). Figures 3.2 

and 3.5 show the plots corresponding to PHEV adoption as outlined in cases 2, 5 and 6. 

The results of these calculations are discussed in Chapter 4. 
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CHAPTER 4: RESULTS 

In this chapter, the results from all the analyses are presented. The two cases involving 

single-vehicle households are discussed initially followed by the four cases involving 

multiple-vehicle households. The readers are referred to Figure 3.1 for an outline of all 

the cases. 

4.1  Case 1: Single-vehicle Households Switching to a BEV 

For the single-vehicle households two plots are provided. Figure 4.1 shows how the 

percentage of Seattle’s single-vehicle households that can replace their existing vehicle 

with a BEV varies across AER levels. The analysis was done for AERs of 60, 70, 80, 90, 

100 and 120 miles and quadratic least-squares regression lines are shown.  

 

 

Figure 4.1:  Maximum Possible Single-vehicle Household Adoption Rates for BEVs 

in Seattle (Case 1)  
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The dashed line suggests how household adoption rates may vary if households 

switched to BEVs assuming just 90% or more days in a year must be met by the BEV’s 

AER. The results suggest that BEVs with AERs as low as 60 miles would meet 80% of 

Seattle’s one-vehicle households’ travel needs. This is a very relaxed case and will be 

unrealistic for households who do not want to rely on other forms of transportation 10% 

of the time, or 37 days a year.   

Ideally, households would be willing to switch if all of their travel needs can be 

met by a BEV. The 99% case is more compelling since it implies that the household will 

need to find some other means of transportation just 4 days a year. The 99% case is 

shown in the dotted line. As can be seen from the plot, the percentage of single-vehicle 

households able to meet 99% of their days’ travel needs drops significantly across AERs. 

At an AER of 90 miles, only 40% of the Seattle’s single-vehicle households appear able 

to switch.   

Finally, the solid line shows the 95% case, where households would have to rely 

on some other vehicle for transportation about 18 days a year. The 95% and 90% cases 

suggest that there is ample opportunity in the Seattle market for regular reliance on BEVs 

with 60+ mile AERs, even in households with just one vehicle. Although these results 

suggest that there is very high potential in the market, behavioral research such as 

microsimulations of Austin households by Musti and Kockelman (2009) suggest just a 

19% fleet composition of PHEVs plus HEVs within 25-years. Similar microsimulations 

by Paul et al. (2011) for the U.S. market suggest a PHEV fleet share of 3.31% over a 25-

year horizon when gas prices are held high ($5.00/gallon) and PHEV prices are relatively 

low. In reality, no one knows what the future will hold, due to uncertainty in innovations, 

fuel availability/supply disruptions, fuel prices, government regulation, and consumer 

motivation. 
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4.2  Case 2: Single-vehicle Households Switching to a PHEV 

Figure 4.2 shows how share of electrified miles may vary with AER for single-vehicle 

households if they replace their existing vehicle with a PHEV. The single-vehicle 

households are divided into three categories based on their daily VMT, with cut points of 

15 and 30 miles per day. The weighted-average single-vehicle household’s daily VMT in 

the Seattle region is 23.4 miles per day.  

The analysis was performed for AERs of 10, 20, 40 and 60 miles and a 

logarithmic fit was applied for the trend line (since it provided the best fit). Vehicles that 

travel less on average are able to electrify more of their miles since they stay within or 

around the AER on more days. 

 

 

Figure 4.2:  Share of VMT Electrified Using PHEVs in Single-vehicle Seattle 

Households (Case 2) 
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The results suggest that single-vehicle Seattle households that travel (on average) 

less than 15 miles per day can hope to electrify more than 90% of their miles with a 

PHEV60. A PHEV10, like the forthcoming Toyota Prius PHEV, which is less expensive, 

can electrify close to 50% of these households’ miles if charged just once a day. The 

Chevrolet Volt has an AER of 35 miles, and should allow for more than 70% electrified 

miles in single-vehicle households that travel (on average) between 15 and 30 miles per 

day. Single-vehicle households that travel on average more than 30 miles per day would 

require a PHEV25 to electrify at least 50% of their miles. Since single-vehicle 

households in the Seattle region travel 23 miles per day, to achieve at least 70% 

electrification, a PHEV of AER around 32 miles would be needed. Since the 2009 NHTS 

suggests that the average U.S. vehicle travels 29 miles/day (Table 2.1), the average 

single-vehicle U.S. household presumably will require a somewhat higher AER to 

achieve 70% electrification. A 70% electrification using a PHEV like the Chevy Volt 

would result in a combined equivalent fuel economy of 64 miles per gallon (under 

harmonic averaging of 70 percent of travel at 93 mpg and 30 percent at 37 mpg). 

 

4.3  Cases 3 and 4: Multiple-vehicle Household Adopting a BEV 

Similar analyses to determine the maximum possible BEV adoption rates were performed 

for multiple-vehicle households. Figures 4.3 and 4.4 show the percentage of multiple-

vehicle households that can replace one of their existing vehicles with a BEV. The 

analysis was done for AERs of 40, 50, 60, 70, 80, 90, 100 and 120 miles and a quadratic 

function was used for the least-squares line. 



 

18 

Figure 4.3 presents the results of Case 3, where the household vehicle that travels 

less on average is replaced with a BEV. Figure 4.4 presents the results of Case 4 where 

the BEV replaces the vehicle that travels less on a day-to-day basis. 

 

 

Figure 4.3:  Maximum Possible Multiple-vehicle Household BEV Adoption Rates in 

Seattle, with BEV Replacing the Lower Overall-VMT Vehicle (Case 3) 
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Figure 4.4:  Maximum Possible Multiple-vehicle Household BEV Adoption Rates in 

Seattle, with BEV Replacing the Lower-VMT Vehicle on a Day-to-day Basis (Case 

4) 
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extreme cases. For example, it can be understood that the actual percentage of multiple-

vehicle households that can switch to a BEV of AER 70 miles lies between 65% and 

80%. 

 

4.4  Cases 5 and 6: Multiple-vehicle Households Adopting a PHEV 

Figure 4.5 shows travel miles in multiple-vehicle households that may be electrified 

using a PHEV (assuming once-a-day charging and two different vehicle-assignment rules 

[Cases 5 and 6]). The analysis was done for AERs of 10, 20, 30, 40, 50 and 60 miles and 

a quadratic fit forms the line. 

 

 

Figure 4.5:  Average Shares of Household Miles Electrified (with Standard 

Deviations) using PHEVs in Multiple-vehicle Seattle Households 
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The solid line presents the results of Case 5, where the household vehicle that 

travels more on average is replaced by the PHEV. The dashed line presents the results of 

Case 6, where a PHEV replaces the vehicle that travels more on a day-to-day basis. As 

expected, Case 6 offers more electrified miles. As noted earlier, the actual share of total 

household miles that are electrified will probably lie between these two cases. For 

example, households owning a PHEV40 can electrify about 50% of their total household 

miles under Case 5 and 70% under Case 6. The actual percentage of total household 

miles for multiple-vehicle households that can be electrified using a PHEV of AER 40 

miles would lie between 50% and 70%. 
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CHAPTER 5: COST COMPARISONS 

In this section, the monetary costs and benefits of switching to a BEV or a PHEV are 

estimated, similar to calculations pursued in Tuttle and Kockelman (2012). The energy 

costs to operate a 2011 Chevrolet Volt PHEV are compared to those of the 2011 

Chevrolet Cruze, the 2011 Nissan LEAF BEV’s costs are compared to those of the 2011 

Nissan Versa hatchback, and the upcoming 2012 Toyota Prius PHEV is compared to the 

2011 Toyota Corolla. Since gas prices and electricity rates fluctuate over time and space, 

five gas-price scenarios ($2.50, $3.50, $4.50, $5.50 and $6.50 per gallon) and three 

electricity-rate scenarios were considered in the analysis. The average electric rate across 

the U.S. is 11.2 ct/kWh (EIA 2011), so this rate was used as a base case, along with 6.0 

ct/kWh and 16.0 ct/kWh cases. The current cost of electricity in Washington State is 8.0 

ct/kWh (EIA 2011), so Seattle-area residents enjoy a lower-than-average electricity cost 

that remains within the range considered here.  

Since the percentage of household miles that are electrified was found to be quite 

similar for single- and multiple-vehicle households, analyses were performed just for 

single-vehicle Seattle households that replace their existing vehicle with a BEV or a 

PHEV. The vehicles were grouped into three categories based on their average daily 

VMT, with cutoff points at 15 and 30 miles. The calculations do not reflect the added 

costs of a 240 volt EVSE (electric vehicle supply equipment) upgrade to substantially 

decrease charging durations and other long-term cost differences (such as brake and oil-

change savings from a PEV, and possible battery replacement costs); such differences are 

examined in Tuttle and Kockelman’s (2012) cost analysis. 
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5.1  Chevrolet Volt vs Chevrolet Cruze 

To calculate the annual energy cost savings of using the Volt, the share of VMT that is 

electrified at 35 miles AER for single-vehicle households was determined from Figure 

4.2. The weighted-average annual household mileage of Seattle’s single-vehicle 

households was used to determine the energy cost differential. Electricity consumption 

and fuel-economy of the Volt were assumed to be 36 kWh per 100 miles and 37 miles per 

gallon, respectively (EPA 2011). The MSRP of a similarly equipped Chevrolet Cruze 

(LTZ) is $22,225, and its fuel economy 28 miles per gallon (Chevrolet 2011). The Cruze 

(LTZ) has all the features of the Volt except for the navigation system which can be 

added for an additional $995 according to the (Chevrolet 2012). The net price difference 

between the two vehicles is $9,560 (since the Volt costs $32,780 after a $7,500 U.S. 

federal tax credit). Table 5.1 provides the results of the cost comparison.  

Table 5.1:  Energy Cost Savings: Chevrolet Volt vs Chevrolet Cruze 

  Annual Savings 

Electricity 

price 

(ct/kWh) 

Gas Price 

$2.50/gallon $3.50/gallon $4.50/gallon $5.50/gallon $6.50/gallon 

Vehicle is driven on average ≤ 15 miles/day, and 4,315 miles/year 

6.0 $252 $383 $514 $645 $776 

11.2 $188 $319 $449 $580 $711 

16.0 $128 $259 $390 $520 $651 

  Vehicle is driven on average between 15 and 30 miles/day, and 8,056 miles/year 

6.0 $453 $686 $919 $1,153 $1,386 

11.2 $340 $573 $806 $1,039 $1,273 

16.0 $235 $468 $702 $935 $1,168 

  Vehicle is driven on average more than 30 miles/day, and 14,886 miles/year 

6.0 $734 $1,105 $1,475 $1,846 $2,217 

11.2 $567 $937 $1,308 $1,679 $2,050 

16.0 $412 $783 $1,154 $1,524 $1,895 
Note: For vehicles that travel less than or equal to 15 miles per day, an 80% electrified-miles share was assumed, 
vehicles that travelled between 15 and 30 miles were assumed to achieve a 75% electrification share, and vehicles that 
travelled more than 30 miles per day were assumed to achieve 60% electrification (as per Figure 4.2, for a PHEV with 
an AER of 35 miles). 



 

24 

The results show how vehicles that are driven less (e.g., 4,300 miles/year, or less 

than 15 miles/day), if replaced with a Volt instead of a Cruze offer hundreds of dollars of 

annual operating cost savings. However, given current MSRP differences, it would take 

such owners a long time to recover the added purchase cost of a Volt, even with the U.S. 

tax credits. While vehicles that travel more have a smaller share of electrified miles, they 

will recover purchase costs faster, since their total of electrified miles is higher. The 

results show that vehicles that travel more than 30 miles/day on average, if replaced with 

a Volt instead of a Cruze, will close the initial cost gap in a little more than 10 years (at a 

gas price of $3.50/gallon and 11.2 ct/kWh electricity rate). 

 

5.2  Toyota Prius PHEV vs Toyota Corolla ICE 

Similar assumptions were used to determine the energy cost savings of a Prius over a 

Corolla. The Prius PHEV has not yet been rated by the EPA, so information provided by 

Toyota (2012) was used here. The Prius PHEV is said to enjoy a lower electricity 

consumption rate, of only 29 kWh per 100 miles (Halvorson 2011), but exhibits an AER 

of just 11 miles (Toyota 2012). The Prius PHEV was assumed to achieve the same fuel 

economy as the 2011 Prius Hybrid when in charge-depleting mode: 50 miles/gallon (EPA 

2011). The cost of the 2011 Toyota Corolla (1.8L, automatic transmission) is $18,600 

(compared to the Prius PHEV’s estimated $29,500, after tax credit) (Toyota 2012) with a 

fuel economy of 29 miles per gallon (EPA 2011). Thus, the effective price difference 

between the two vehicles is $10,900. Table 5.2 provides their energy-cost comparison.  
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Table 5.2:  Energy Cost Savings: Toyota Prius PHEV vs Toyota Corolla 

  Annual Savings 

Electricity 

price 

(ct/kWh) 

Gas Price 

$2.50/gallon $3.50/gallon $4.50/gallon $5.50/gallon $6.50/gallon 

Vehicle is driven on average ≤ 15 miles/day, and 4,315 miles/year 

6.0 $224 $328 $432 $536 $639 

11.2 $193 $296 $400 $504 $608 

16.0 $164 $268 $372 $475 $579 

  Vehicle is driven on average between 15 and 30 miles/day, and 8,056 miles/year 

6.0 $389 $565 $741 $918 $1,094 

11.2 $344 $520 $696 $873 $1,049 

16.0 $302 $479 $655 $831 $1,008 

  Vehicle is driven on average more than 30 miles/day, and 14,886 miles/year 

6.0 $641 $919 $1,197 $1,475 $1,753 

11.2 $594 $872 $1,150 $1,428 $1,706 

16.0 $550 $828 $1,106 $1,385 $1,663 
Note: For vehicles that travel less than or equal to 15 miles per day, a 48% electrified-miles share was assumed, 
vehicles that travelled between 15 and 30 miles were assumed to achieve 37% electrification, and vehicles that 
travelled more than 30 miles per day were assumed to achieve a 21% electrification share (as per Figure 4.2, for a 
PHEV with an AER of 11 miles). 

Despite its low AER, the Prius PHEV’s annual cost savings are almost as large as 

those shown in Table 5.1. When gas and electricity prices are $3.50/gallon and 11.2 

ct/kWh, respectively, the Prius PHEV is expected to save the average owner traveling 

more than 30 miles (on average) per day $872 each year, as compared to the Toyota 

Corolla. Under this scenario, the Prius PHEV will close the initial cost gap within about 

12.5 years. If gas prices are $4.50/gallon, the annual savings increase to more than $1,100 

per year, and the payback period falls under 10 years. 

 

5.3  Nissan LEAF vs Nissan Versa 

The 2010 Nissan LEAF BEV was compared to the 2011 Nissan Versa hatchback, which 

sells for $17,410 (compared to the LEAF’s $25,280 after tax credit). Both vehicles are 

similarly sized and equipped, except the Versa does not offer a navigation system with 



 

26 

the standard package. The additional cost of the navigation package was estimated to be 

$700 for the Versa (Nissan 2012). Since the LEAF is a BEV, the costs of renting a 

similar ICE vehicle and running it on gas on long-travel days that cannot be served by the 

BEV was included; a $50/day of car rental cost was assumed. According to the EPA 

(2011), the LEAF has an electricity consumption rate of 34 kWh per 100 miles and the 

Versa has an overall fuel economy of 28 mi/gal. Table 5.3 summarizes the results of cost-

comparisons between the LEAF and the Versa when the cost of renting and operating a 

car is included. 

Table 5.3:  Energy Cost Savings: LEAF vs Versa (Rental Car Costs Included) 

  Annual Savings 

Electricity 

price 

(ct/kWh) 

Gas Price 

$2.50/gallon $3.50/gallon $4.50/gallon $5.50/gallon $6.50/gallon 

Vehicle is driven on average ≤ 15 miles/day, and 4,315 miles/year 

6.0 $156 $288 $421 $554 $686 

11.2 $90 $223 $355 $488 $621 

16.0 $30 $162 $295 $427 $560 

  Vehicle is driven on average between 15 and 30 miles/day, and 8,056 miles/year 

6.0 $86 $312 $538 $764 $989 

11.2 ($26) $200 $426 $652 $878 

16.0 ($129) $97 $323 $548 $774 

  Vehicle is driven on average more than 30 miles/day, and 14,886 miles/year 

6.0 ($507) ($186) $135 $455 $776 

11.2 ($665) ($345) ($24) $297 $617 

16.0 ($812) ($491) ($171) $150 $471 
Note: For vehicles that travel less than or equal to 15 miles per day, 3,713 miles were assumed to be served by the 
LEAF. Additional cost for renting a car for 4 days to travel 602 miles was included. For vehicles that travelled between 
15 and 30 miles, 6,326 miles were assumed to be served by the LEAF. Additional cost for renting a car for 14 days to 
travel 1,730 miles was included. For vehicles that travelled more than 30 miles per day, 5,908 miles were assumed to 
be served by the LEAF. Additional cost of renting a car for 45 days to travel 5,908 miles was included. (These were the 
average counts of miles that could and could not be served by a BEV of AER 73 miles, according to the multi-day GPS 
dataset.) Cost of renting a car was assumed to be $25/day, and the rented vehicle was assumed to achieve a fuel 
economy of 28 miles per gallon (similar to the Versa) in order to calculate operating costs. 

Unlike the Volt or Prius PHEV, the LEAF will not offer cost savings for single-

vehicle household owners under most scenarios, if an alternate vehicle must be rented at 
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$50/day on travel days exceeding this BEVs 73 mile AER. If a rental car is not needed, 

the LEAF enjoys similar annual fuel-cost savings to the Volt and Prius PHEV, over their 

ICE counterparts, for the various scenarios examined as shown in Table 5.4.  

Table 5.4:  Energy Cost Savings: LEAF vs Versa (No Rental Costs)  

  Annual Savings 

Electricity 

price 

(ct/kWh) 

Gas Price 

$2.50/gallon $3.50/gallon $4.50/gallon $5.50/gallon $6.50/gallon 

Vehicle is driven on average ≤ 15 miles/day, and 4,315 miles/year 

6.0 $256 $388 $521 $654 $786 

11.2 $190 $323 $455 $588 $721 

16.0 $130 $262 $395 $527 $660 

  Vehicle is driven on avg. between 15 and 30 miles/day, and 8,056 miles/year 

6.0 $436 $662 $888 $1,114 $1,339 

11.2 $324 $550 $776 $1,002 $1,228 

16.0 $221 $447 $673 $898 $1,124 

  Vehicle is driven on average  more than 30 miles/day, and 14,886 miles/year 

6.0 $618 $939 $1,260 $1,580 $1,901 

11.2 $460 $780 $1,101 $1,422 $1,742 

16.0 $313 $634 $954 $1,275 $1,596 
Note: For vehicles that travel less than or equal to 15 miles per day, 3,713 miles were assumed to be served by the 
LEAF, and another 602 miles with a borrowed vehicle for 4 days. For vehicles that travelled between 15 and 30 miles, 
6,326 miles were assumed to be served by the LEAF and another 1,730 miles with a borrowed vehicle for 14 days. For 
vehicles that travelled more than 30 miles per day, 5,908 miles were assumed to be served by the LEAF, and another 
8,978 miles with a borrowed vehicle for 45 days. (These were the average counts of miles that could and could not be 
served by a BEV of AER 73 miles, according to the multi-day GPS dataset.) No cost of renting a car was included, but 
additional costs of operating a borrowed vehicle at 28 miles per gallon fuel economy (similar to the Versa) was 
assumed for all travel needs on all days that could not be served by the LEAF. 

The results show that when gas and electricity prices are $3.50/gallon and 11.2 

ct/kWh, respectively, the LEAF is estimated to save its owner $780 annually, as 

compared to the Versa, for the typical vehicle that averages more than 30 miles per day, 

producing a payback period of approximately 9 years. If gas prices are held at 

$4.50/gallon, the savings rise to more than $1,100 dollars per year (suggesting a payback 

period of 6.5 years). The LEAF has a lower purchase price than the Volt or the Prius, 

which allows it to recover purchase costs faster.  
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CHAPTER 6: CAVEATS 

This chapter presents limitations of this research. The results rely on several assumptions 

– one of which is that all PHEVs operate initially in electric mode, each day, until they 

have reached their AER. Although extended-range electric vehicles (eREVs), like the 

Chevy Volt, which are a type of PHEV, can function in purely electric mode, other 

PHEVs (like the Toyota Prius PHEV) operate in blended mode and use gasoline before 

depleting their charge and exceeding their AER, so the actual share of VMT that is 

electrified may well be lower.  That said, many vehicle owners will drive more 

thoughtfully than the EPA test cycle (and without cabin heating, for example), and extend 

the range of their EPA-rated PEVs, helping electrify more of their miles (and meet more 

of their days’ driving needs, when operating a BEV). 

It is also assumed that all households will charge their vehicles fully once a day. 

In reality, households may charge more than once on some days, partially charge on some 

days, and not charge at all on other days. Such flexibility will allow some households to 

meet more needs, if diligent about charging, especially when expecting long-distance 

travel days. Others may forget to charge and end up having a more limited electric range.   

Electricity costs vary from region to region and may eventually vary by time of 

day. The operating-cost analysis uses only three different electricity rates (with average 

U.S. rate as a base). The purchase price difference may also vary, since some locations 

(such as California) offer additional financial (and non-financial) incentives for buying a 

PEV. Electric rates for other potential PEV markets (such as Japan or Europe [Deloitte 

2011]) have not been considered here, but do offer much higher gas prices, so PEVs are 

expected to fare better there (especially with so many alternative travel-mode options). 

During the cost calculations, costs of battery replacement (for PEVs) and 

transmission changes (for ICEs) were ignored. Other general costs, such as oil changes, 
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and brake and battery replacements, will also affect the cost comparisons (as described in 

Tuttle and Kockelman 2012). The vehicles being compared are also not exactly similar, 

with each vehicle providing different levels of comfort, amenities and performance. 

Adding features/capabilities that may be missing from one or the other will also affect the 

comparisons. 

For BEVs, it is assumed that any day, during which the VMT is greater than the 

AER, the owner would rent a vehicle, which added additional costs to adopting a BEV. In 

practice, owners may be able to plan and distribute trips, or borrow a vehicle from a 

friend, so that they do not have to rent a vehicle. Such dynamics make the LEAF 

significantly more competitive with the Versa. 

Other factors, such as access to garage ports for charging at home or work, being 

able to charge for adequate time every day, and remembering to plug the vehicle in at 

intended times also have practical implications. The AHS data reveal that just 38.7% of 

US households have access to a garage or car port (Vyas et al. 2009), so other charging 

options are needed (including smart cards for outlet operation in public-lot settings). 

These 44 million households could potentially acquire a single PEV, resulting in 

electrification of roughly 20 percent of the US light-duty fleet. Under such scenarios, 

local power supply limitations may arise, due to strains on smaller transformers and grid 

management systems (see, e.g., DeFreitas [2010]). 

Finally, it is worth noting that these analyses are based on GPS data which carries 

technical/coding and data cleaning challenges; such challenges may have introduced 

errors into the analysis. The assumption that PEV travel patterns (over time and space) 

will be similar to ICEs is also a very broad assumption and may not be true of most PEV 

owners.  Of course, Seattle drivers can not represent all Americans or all drivers, and this 

sample’s results were not corrected for various biases that emerged (such as higher VMT 
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per trip but lower VMT per day, when compared to the 2009 NHTS average). 

Nevertheless, the data were acquired in a thoughtful, rigorous manner, and GPS traces 

cleaned at several levels.  Summary statistics suggest no serious biases.  Ultimately, 

every driver and every context is unique.  This data open a valuable window into the 

long-term behavior of many U.S. households and vehicles. 
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CHAPTER 7: CONCLUSIONS 

The results developed here provide valuable insights into the role of AER on PEV 

adoption feasibility and operating cost differences. As long as owners are willing to rely 

on a different form of transportation a few days every year, BEVs appear feasible for 

significant shares of single-vehicle and multiple-vehicle households in the Seattle area 

and presumably across the U.S. In fact, a 100-mile AER BEV appears feasible for 50% of 

single-vehicle households’ travel-distance needs, and more than 80% of multiple-vehicle 

households who swap vehicles among members (according to daily VMT needs) or 40% 

of multiple-vehicle households who simply replace their lowest overall-VMT vehicle 

with a BEV, provided they are willing to change behavior just 4 days a year (or are able 

and willing to charge more than once a day). The percentage of miles that may be 

electrified by a switch to a PHEV is higher for households that travel less. Single-vehicle 

households that travel 15 to 30 miles a day are estimated to electrify close to 80% of their 

miles using a PHEV40. Households owning two or more vehicles can electrify 50 to 70% 

of their total household miles using a PHEV40, depending on how they assign the vehicle 

across drivers each day. The net energy cost savings is estimated to be higher for PHEVs 

than BEVs if one must rent a car on days whose travel needs cannot be met by a BEV.  

With decreasing manufacturing costs for batteries in the long run (DOE 2011), 

with proper investment in charging infrastructure, by providing different financial and 

non-financial incentives, and by educating the public about their long-term travel needs, 

national energy-security issues and emissions benefits, the world may see a rapid influx 

of PEVs. The results of this research provide some reasons for optimism. 
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PART II. MODELS FOR ANTICIPATING NON-MOTORIZED 

TRAVEL CHOICES, AND THE ROLE OF THE BUILT 

ENVIRONMENT 

 

CHAPTER 8: INTRODUCTION 

The 2009 National Household Travel Survey (NHTS) data suggest that 9.7% of all 

person-trips made in the U.S. relied on non-motorized travel (NMT) modes. This number 

has been increasing over the past 15 years (Kuzmyak et al. 2011). For example, in 1995 

the share of NMT trips was only 6.3% (NHTS 2009). This may be a result of changes in 

travel choices over the years as well as improved collection of NMT data (which tend to 

be shorter trips, and more easily forgotten).  

Increases in NMT mode shares have beneficial effects on individuals and the 

wider community. For example, researchers have found that those traveling more often 

by non-motorized modes enjoy better physical and mental health (Frank and Engelke 

2001 and Litman 2003). Shorter trips and non-motorized trips also reduce a variety of 

emissions and roadway congestion (see, e.g., Litman [2003] and Rietveld [2001]). Travel 

time savings from reduced congestion, along with cost-savings from a reliance on less 

expensive forms of transport, can provide significant economic benefits (Litman 1999).  

In order to achieve higher NMT shares, through effective policies and 

investments, engineers, planners, and policymakers must understand how various built 

environment (BE), household, personal and other factors affect NMT choices. Despite the 

abundance of literature on non-motorized modes, there is still a lack of consensus among 

studies and researchers in this area. This paper adds to the NMT literature by analyzing 

the effect of different land-use characteristics at very fine spatial resolutions.The analysis 

is based on a variety of behavioral models estimated (and then applied) using household 
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travel survey data from the Seattle region in Washington State (PSRC 2006). These 

include models of vehicle ownership, household vehicle-miles and non-motorized-miles 

traveled, NMT trip generation, the choice of destination outside one’s origin zone (which 

has important mode-choice implications), destination, and mode choice models. Taken 

together, the results highlight a variety of recurring, key factors for NMT travel choices.  

Before presenting data set details, model specifications and results, a review of the 

extensive NMT literature is provided. 

 

8.1  Literature Review 

Despite the wealth of literature on non-motorized travel and BE characteristics, this field 

of research is not yet conclusively understood (Kuzmyak et al. 2011). One of the more 

detailed studies is by Cervero and Duncan (2003), using San Francisco Bay Area data to 

investigate the effect of BE characteristics on biking and walking. After controlling for 

various demographic, environmental, and design factors (e.g., gender, age, income, site 

topography, darkness, rainfall, employment accessibility, retail/service density, and 

NMT-friendly design features), their discrete-choice model results suggest that built-

environment factors have relatively little effect. Essentially, demographic factors and trip 

conditions are far better predictors of NMT choice than BE characteristics.  

A more recent study, by Cervero et al. (2009), takes a close look at Bogota, 

Colombia, which boasts an extensive network of bike lanes and is known for its 

sustainable urban transport system. Their work suggests that cycling choices are affected 

more by the configuration, connectivity and density of streets rather than other BE factors 

(such as density, land-use mix and destination accessibility). Stinson and Bhat (2004), 

Krizek and Johnson (2006), and Dill and Voros (2007) have focused specifically on 

bicycle commuters, and confirm the importance of having bike lanes present, connected 
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paths, smooth pavement, and a favorable (flat or downhill) gradient. Dill and Gliebe’s 

(2008) GPS-based data set from 164 adult cyclists in Portland, Oregon allowed them to 

explain route choices. They found that cyclists prefer roadways with bicycle 

infrastructure and low traffic volumes, and try to reduce travel times by minimizing waits 

at traffic signals and signs (consistent with results by Stinson and Bhat [2004]).  

Ewing and Cervero’s (2010) meta-analysis of the travel-BE relationship suggests 

that the extent of walking (measured as either trip frequency, trip length, mode share or 

vehicle miles traveled) is mostly affected by intersection density, jobs-housing balance, 

distances to stores, and transit stop proximity. Moudon et al. (2007) also found that a 

household’s distances to neighborhood destinations (such as grocery stores, retail shops, 

and restaurants) had a significant effect on walk time per week. And Kitamura et al. 

(1997) noted how the sidewalk presence, higher population densities, and distance to 

one’s nearest bus stop, among other attributes, are positively correlated with the number 

of NMT trips made by a person per day. Of course, bicycling and walking are also 

affected by climate, weather, topography, darkness, socioeconomic factors and safety 

concerns (Kuzmyak et al. 2011), but these are not the focus of this paper.  

One common problem that researchers face when evaluating the relationship 

between BE characteristics and travel is self-selection. Self-selection essentially is an 

individual’s decision to live in a particular residential location based on his/her travel 

preferences (Frank et al. 2008), which is counter to the causal direction normally 

assumed by researchers (from BE to behavior). In the presence of even just the possibility 

of self-selection, it is difficult to estimate how much of the observed travel behavior 

differences arise from BE characteristics and how much are due to self-selection. Cao et 

al. (2006a) concluded that self-selection has more influence on non-motorized trip 

making than automobile and transit trips. Kitamura et al. (1997) found that attitudinal 
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effects (or self-selection) have greater impact than the BE on the extent of NMT trip-

making, while Schwanen and Mokhtarian (2005), Khattak and Rodriguez (2005), and 

Zhou and Kockelman (2008) all concluded that BE effects exceed those of self-selection. 

Despite some specific differences in magnitude and sometimes order of effect, there is a 

general consensus among leading researchers that BE characteristics do affect travel 

choices. For example, Cao et al. (2006b) reviewed 28 empirical studies on this very topic 

and showed how BE characteristics have statistically significant effects on travel even 

after self-selection is controlled for.  

This part of the thesis adds to this rich field of literature and attempts to 

substantiate some of the earlier claims and create new ones. It does so by analyzing data 

from the Seattle region to come up with conclusions based primarily on mathematical 

results. These data are not the same as those analyzed in the Part I of this thesis.  They 

come from a rather standard two-day travel survey of individuals, rather than long-term 

GPS data for vehicle movements.  The data set details, associated analyses, and results 

are summarized in the next few chapters. 
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CHAPTER 9: DATA DESCRIPTION 

The data used in Part II of this thesis come from the Puget Sound Regional Council 2006 

household travel survey, which obtained data from 10,510 individuals across 4,741 

households residing in the King, Kitsap, Pierce and Snohomish counties of Washington 

State. The data contains a substantial proportion of non-motorized trips (8.77%).  Each 

respondent was asked to keep a travel diary for two consecutive days, all of which were 

weekdays (with all two-weekday combinations being distributed equally)1. Data 

contractors reported that their sample is reasonably representative of the Seattle 

population across household sizes and auto-ownership levels (Cambridge Systematics 

2007), though the 2006 sample’s vehicle ownership and income levels are lower than the 

2006 Seattle American Community Survey (ACS) averages, as shown in Table 9.1. 

Table 9.1: PSRC Household Travel Survey Averages Compared to Seattle ACS 

  
PSRC Average 

2006 

ACS Average 

2006 

Household Number of Vehicles 1.89 2.04 

Household Income ($/year) 71,400 81,533 

Age (years) 41.9 38.6 

Male Indicator 0.47 0.49 

  

Table 9.2 shows the distribution of primary trip mode choices across the survey’s 

42,651 trips. A trip may have several modes attached to it; for example, someone may 

walk several blocks to his/her car, but it is assumed that the primary trip mode is the 

mode used for the majority of the trip. Transit trips were recorded separately as walk-to-

transit and drive–to-transit trip types, depending on the access mode. Similarly, shared-

ride trips (in personal vehicles) were recorded as 2-person and 3+ person occupancies.  

                                                 
1  The four pairs of days are from Monday-Tuesday through Thursday-Friday. This diary assignment meant 
that Mondays and Fridays are half as represented as Tuesdays, Wednesdays, and Thursdays in the data set.  
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For simplicity in analysis these pairs of categories were merged into single mode types: 

transit and shared-ride. Besides the five trip modes listed, other modes -- such as ferry 

and school bus – were present in the data set. These rather unusual trips (~2.5% of total 

trips)) were discarded so that the data sets for analysis consisted only of the five different 

modes listed in Table 9.2. 

Table 9.2:  Mode Shares across PSRC Trips 

Trip Mode Frequency Percentage 

Drive-Alone 20,398 47.8% 

Shared-Ride 16,978 39.8% 

Transit 1,640 3.8% 

Walk 3,285 7.7% 

Bike 350 0.8% 

Totals 42,651 100% 

 

Bike trips were defined if the trip consisted solely of bike and walk legs. Walk 

trips were defined strictly when all trip legs were made on foot. Walk–to-transit and 

drive–to-transit (and from transit) trip segments were tied to the main leg of the journey 

(which was by transit) and counted as a single, multi-segment transit trip. Since the mode 

choice and destination choice models developed with these data are based on trip data 

(and not tour data), all trips that ended at home were discarded to prevent a type of 

double counting of modes and destination choices that were not really “choices” (since 

one needs to end his/her tour at home at some point). Table 9.2 shows the mode shares 

across all 42,651 trips used for analysis.  

Table 9.3 shows various descriptive statistics for Seattle’s surveyed persons and 

households. The average respondent age is 42 years, and 47% of respondents are males. 

78 percent are licensed drivers, and the average numbers of persons, workers and 

vehicles in each household are 2.22, 1.13 and 1.89, respectively. The average annual 
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household income reported in this 2006 sample is $71,406, compared to $81,553 in the 

2006 ACS sample (as mentioned earlier, and shown in Table 9.1). To arrive at this 

specific average, the actual income information – which was collected in bins or 

categories on the survey forms (e.g., $0 to $10,000 per year) -- was assigned its range’s 

average income; the top range was for all incomes above $100,000, so an average income 

of $150,000 was assumed for that bin. In addition, the data set had some households 

(4.7% of total) with missing income values, and these were replaced with the overall 

average of $71,406.  

In addition to the travel survey, very fine parcel-level information from the region 

was obtained from PSRC. The entire region consists of 1,177,140 parcels, and each trip 

in the trip file is connected to an origin and destination parcel identification number or 

“id”. Each household is connected to a household parcel id. In contrast to other regions’ 

TAZ-based land use data sets, land-use information is reported for each parcel, and each 

trip in the Seattle data is associated with an origin-parcel and a destination-parcel, along 

with parking, transit and land use attributes within quarter-mile and half-mile 

buffers/radii around each of these parcels. Buffer-based variables include number of 

housing units, numbers of jobs (by sector: education, food service, government, 

industrial, medical, office, construction, retail and service), average parking costs (both 

hourly and daily), number of free off-street parking spaces, number of intersections (by 

type: four-way, three-way, and “point” nodes/dead-ends), number of local and express 

bus stops, (network) distance to nearest bus stop, and other variables. The wealth of 

information provided makes this data set unique and well suited for the analyses 

performed in this thesis.  

Since there is an abundance of available information (with many variables 

measured at different buffer settings), most, but not all, parcel-level land-use variables 
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are used as covariates in the following regression analyses. The quarter-mile buffer radius 

was chosen for various measures (such as number of bus stops, free off-street parking 

spaces, and parking prices), since people usually access these facilities by walking; a 

quarter-mile is a reasonable distance for walking (Ewing, 1999), but a half-mile distance 

dissuades many walkers. A half-mile buffer was chosen for measures like the number and 

type of nearby intersections, since most trips exceed one-half mile. Table 9.3 presents 

several descriptive statistics of the individuals in the sample, household demographics 

and land-use data around all household parcels in the region (not just those serving as 

sampled-trips’ origins and destinations). And Table 9.4 provides summary statistics of 

land-use information at each trip origin and destination.2 
  

                                                 
2 Recall that trips ending at home are excluded, since these are return trips, and the most important leg(s) is 
(are) outbound. This resulted in a reduced trip count of 42,651. 
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Table 9.3:  Summary Statistics of Person- and Household-level Attributes  

  Mean St Dev. Min Max 

Person Records (N=10,510)         

Age (years) 41.9 21.8 0 99 

Male Indicator 0.47 0.50 0 1 

Driver’s License Indicator 0.78 0.42 0 1 

Student Indicator  0.21 0.4 0 1 

Household Records (N=4,741) 
    

Household Size 2.22 1.21 1 8 

Household Number of Workers 1.13 0.85 0 5 

Household Number of Vehicles 1.89 1.07 0 10 

Number of Licensed Drivers 1.69 0.73 0 5 

Household Income ($/year) 71,400 42,300 5,000 175,000 

Employment – Jobs within 1/4 mile 513 2090 0 32,314 

# of Daily Paid Parking Spaces - 1/4 mile 70 587 0 9,414 

# of Hourly Paid Parking Spaces - 1/4 mile 67 581 0 9,318 

# of Free Off-street Parking Spaces - 1/4 mile 30 219 0 6,716 

Avg. Price Daily Parking - 1/4 mile ($) 0.31 1.96 0 22.2 

Avg. Price Hourly Parking - 1/4 mile ($) 0.13 0.86 0 11.01 

# of Dead Ends - 1/2 mile 24.9 16.0 0 96 

# of 3-way Intersections - 1/2 mile 44.3 25.1 0 142 

# of 4-way (or more) Intersections - 1/2 mile 23.7 31.0 0 254 

Distance to Nearest Express Bus Stop (miles) 1.39 2.01 0.01 29.48 

Distance to Nearest Local Bus Stop (miles) 0.52 1.22 0.01 27.71 

# of Express Bus Stops - 1/4  mile radius 1.72 3.94 0 51 

# of Local Bus Stops - 1/4  mile radius 5.29 6.28 0 67 

Urban Home-location Indicator 0.43 0.50 0 1 

Suburban Home-location Indicator 0.41 0.49 0 1 

Rural Home-location Indicator 0.16 0.37 0 1 

 

  



 

41 

Table 9.4:  Land-use Variables at Trip Origins and Destinations 

  Land-use Variables                      Ntrips = 42,651 Mean St Dev. Min Max 

D
es
ti
n
a
ti
o
n
 

# of Daily Paid Parking Spaces – within 1/4 mile 538 2020 0 14,058 

# of Hourly Paid Parking Spaces - 1/4 mile 520 2020 0 14,422 

# of Free Off-street Parking Spaces - 1/4 mile 145 637 0 9,956 

Avg. Price Hourly Parking - 1/4 mile ($) 0.692 2.15 0 11.7 

# of Dead Ends - 1/2 mile 21.6 12.8 0 82 

# of 3-way Intersections - 1/2 mile 48.9 21.9 0 132 

# of 4-way (or more) Intersections - 1/2 mile 45.9 53.1 0 254 

Distance to Nearest Express Bus Stop (miles) 0.885 1.49 0.01 29.3 

Distance to Nearest Local Bus Stop (miles) 0.215 0.668 0 27.5 

# of Express Bus Stops - 1/4 mile 4.06 9.14 0 58 

# of Local Bus Stops - 1/4 mile 9.56 11.40 0 73 

O
ri
g
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# of Daily Paid Parking Spaces - 1/4 mile 292 1500 0 14,058 

# of Hourly Paid Parking Spaces- 1/4 mile 283 1500 0 14,422 

# of Free Off-street Parking Spaces - 1/4 mile 82 477 0 9,956 

Avg. Price Hourly Parking - 1/4 mile ($) 0.386 1.64 0 11.72 

# of Dead Ends - 1/2 mile 23.5 14.6 0 82 

# of 3-way Intersections - 1/2 mile 49.5 22.7 0 133 

# of 4-way (or more) Intersections - 1/2 mile 40.3 46.7 0 254 

Distance to Nearest Express Bus Stop (miles) 1.12 1.68 0.01 2,948 

Distance to Nearest Local Bus Stop (miles) 0.353 0.859 0 2,771 

# of Express Bus Stops - 1/4 mile 2.85 7.14 0 58 

# of Local Bus Stops - 1/4 mile 7.25 9.41 0 73 
Note: For more details on these land-use data, please contact PSRC staff and/or Mark Bradley of Bradley Research and 
Consulting, who provided these data. 

 

9.1  Zone-level Characteristics for Destination Choice (DC) Models 

Zone-level statistics were extracted from the parcel-level information in order to estimate 

destination choice models with zones (TAZs) as alternatives. The PSRC region consists 

of 1,243,517 parcels, and 1,177,140 (94.6%) of these are represented in the parcel data 

file. The region contains 3,700 TAZs, suggesting an average of about 366 parcels per 

zone. Parcel-level data were available for roughly 318 parcels, on average, per TAZ. 
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Since aggregate land-use characteristics for each TAZ were not available, they were 

approximated using the parcel-level data. For example, a TAZ’s “Distance to Local Bus 

Stop” value was taken as the mean of all “Distance to Local Bus Stop” values for all 

available parcels within that TAZ. Eight of the 3,700 TAZs did not have any parcel level 

information, so their land use measures could not be calculated. Table 9.5 provides 

descriptive statistics of all zone-level (aggregated) attributes used in the destination 

choice models. 

Table 9.5:  TAZ Level Land Use Variables 

Variable                                   N=3,692 Mean St Dev. Min Max 

Parcels per TAZ 318.8 300.0 1.0 3888 

# of Dead Ends – within 1/2 mile 22.7 13.3 0.0 73.1 

# of 3-way Intersections – 1/2 mile 45.8 22.5 0.0 119.3 

# of 4-way Intersections – 1/2 mile 36.8 45.9 0.0 251.8 

Distance to Nearest Local Bus Stop (miles) 0.52 1.25 0.02 20.92  

# of Bus Stops – 1/4 mile 8.5 14.9 0.0 123.4 

Hourly Parking Price – 1/4 mile ($) 0.41 1.61 0.0 11.54 

# of Free Off-street Parking Spaces – 1/4 mile 92.7 403.6 0.0 8370 

 

9.2  Accessibility Indices 

The logsum of an MNL-based destination choice (DC) model is the expected maximum 

utility for such a choice set, and so can be used as a measure of accessibility (Ben-Akiva 

and Lerman 1985, Niemeier 1997). Two accessibility indices (for each TAZ) were 

created: one for the drive-alone mode and the other for the non-motorized modes by 

calculating logsums using each of these DC models. The drive-alone mode’s accessibility 

index will be referred to as a single-occupancy-vehicle accessibility index or SOV AI, 

and the non-motorized mode’s index will be referred to as the NMT AI. 
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Trips made by the drive-alone and bike/walk modes were first separated from the 

trip file, and two rather “streamlined”/straightforward DC models were estimated using 

each data set. The explanatory variables tested in the drive-alone DC model were: 

network distance to the destination, destination’s network distance to the region’s CBD, 

travel time to the destination, natural log of the number of dwelling units, and natural log 

of jobs at the destination. The explanatory variables tested for use in the bike/walk DC 

model were: network distance (to destination), destination’s distance to the CBD, natural 

log of the number of dwelling units in the destination TAZ, natural log of jobs at the 

destination TAZ, and land-use mix at the destination TAZ. Travel time was not used for 

the bike/walk DC model, since travel times differ quite a bit across these two non-

motorized modes.  

Since the actual destination choice set (of 3,700 TAZs) is very large, 39 randomly 

selected TAZs were used in estimation, along with the chosen destination TAZ, for a total 

of 40 alternatives. McFadden (1978) showed that when the choice set is very large, a 

random sample of the choice set may be used to consistently estimate parameter values, 

as long as the independence of irrelevant alternatives (IIA) property holds (which 

underlies the use of an MNL here, for destination choice). Lemp and Kockelman (2012) 

took this approach one step further and showed that instead of randomly selecting the 

subset of choice alternatives, one can strategically sample choices for more efficient 

parameter estimates, but this somewhat more complex strategic sampling process was not 

implemented here.  

Tables 9.6 and 9.7 summarize the results of these two relatively simple DC 

models, which were used to construct AIs, rather than to understand BE effects on DC. 

More developed DC models, nested with mode choices, are developed in Section 10.5 of 

this thesis. 
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Table 9.6:  Drive-Alone Destination Choice Model Results 

Variable Coef. t-stat 

Network Distance to Destination (Miles) -0.05142 -26.78 

Destination’s Distance to CBD (Miles) 0.03221 -3.07 

Travel Time (Minutes) -0.06909 -19.48 

Ln(Jobs at Destination) 0.5704 10.40 

Number of Observations 20,398 

Pseudo R-squared 0.5305 
Note: The pseudo R-squared value compares the full-information log-likelihood value to that of the equal-shares (no-

information) choice model. 

Table 9.7:  Bike/Walk Destination Choice Model Results 

Variable  Coef. t-stat 

Distance to Destination (Miles) -1.314 -38.55 

Land-use Mix at Destination 0.3173 4.38 

Ln(Jobs at Destination) 0.3791 -4.34 

Number of Observations 3,081 

Pseudo R-squared (compared to 
equal-shares model) 0.8363 

Note: The pseudo R-squared value compares the full-information log-likelihood value to that of the equal-shares (no-
information) choice model. 

Using these DC model results, logsums were calculated for each TAZ, as the 

origin. The systematic utility (Uij) to reach each alternative destination TAZ j was 

computed using results of Tables 9.5 and 9.6, via the following expression: 

 

������� = 	 
��
�,���

���
 

All logsum values were then scaled, to lie between 0 and 1 (to avoid very high 

values), and their descriptive statistics and spatial patterns are shown below, in Table 9.8 

and Figures 9.1 and 9.2. (Note: The eight missing TAZs (among 3700) could not be 

assigned an accessibility index due to missing parcel-level information.) The distributions 

of these scaled logsum parameters exhibit long left tails and skew, with most drive-alone 
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(SOV) and bike/walk (NMT) AI values clustered near the 0.88 mean values, which is 

relatively close to the (scaled) maxima of 1. Their spatial patterns, in Figures 9.1 and 9.2, 

show that the more central TAZs have high AI values, especially around Seattle’s CBD, 

Bellevue’s downtown, and the University of Washington. While the bike/walk or NMT 

AIs tend to be lower than their partner drive-alone (or SOV AI) values, their spatial 

patterns are quite similar, and their correlation coefficient is 0.830, which is fairly high. 

However, the NMT AI enjoys more scatter and variety around the region, with more 

distinct pockets of high AI, possibly in residential areas that have very good NMT access. 

Table 9.8:  Summary Statistics of Accessibility Indices (AIs) 

 
# TAZs Mean St Dev Min Max 

SOV AI (Drive Alone) 3692 0.884 0.092 0 1 

NMT AI (Bike/Walk AI) 3692 0.885 0.063 0 1 

 

 

Figure 9.1:  Scaled SOV Accessibility Indices Across TAZs 
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Figure 9.2:  Scaled NMT Accessibility Indices Across TAZs 

 

9.3  Land Use Mix  

A normalized-entropy measure of land use mixing was calculated using five land use 

categories, as follows: 

�� ��� = − 	 �� ln��� / ln 5
#

���
 

where pk is the proportion of activities (jobs or dwelling units) in land-use category k 

(with categories of retail jobs, office jobs, industry jobs, other jobs, and housing). These 

five categories were chosen based on Cervero’s (2002) entropy term, which had office 

jobs, retail jobs, “other” jobs, and dwelling units as shares of their total count). Within the 

study area and combined jobs-plus-dwellings data used here, 5.44% of total count are 
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retails jobs, 12.4% are office jobs, 10.0% are industrial jobs, 25.2% are other job types, 

and 46.9% are dwelling units. This measure of land-use mix was calculated for each TAZ 

(with the number of jobs by type per TAZ extracted by aggregating job counts across all 

parcels within each TAZ). Weights were not used to calculate this measure since the 

aggregate shares of these five categories (as listed above) are roughly equal. Table 9.9 

provides summary statistics of the normalized land use mix, and Figure 9.3 illustrates 

these mix values on a map of the PSRC region.  

Table 9.9:  Summary Statistics of Land Use Mix Index (Entropy) 

 
# TAZs Mean St Dev Min Max 

Normalized Land Use Mix 3692 0.433 0.225 0.00 0.98 

 

 

Figure 9.3:  Land Use Mix of TAZs in the PSRC Area 
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9.4  Density of Population plus Jobs 

Both population and jobs densities are routinely used as statistically and practically 

significant covariates in a wide range of travel behavior models. Cervero (2002) 

suggested the following simple combination of jobs and population for a single Density 

variable:  

 

$
%��&' =  (���)*&��% + ,��)�'�
%&
-.
*  

This measure of density was computed for each TAZ, by summing the (estimated) 

population and employment values of all parcels within that TAZ. While jobs data were 

available at the parcel level in the PSRC data set, population data were not. Since the 

number of housing units – and not the actual population of residents -- was available for 

each parcel, parcel population was approximated as follows: 

(*./
) (���)*&��%� = 0����%��%�&�� ∗ �1 − 3*/*%/'4*&
� ∗ 00567
899999999999 

where dwelling-unit vacancy rates and average household sizes were obtained from 

PSRC 2006 county-level estimates. The number of housing units within a parcel, coupled 

with its corresponding county-level vacancy rate and county-level average household size 

values were used to estimate each parcel’s “population”. All available parcel areas were 

used to calculate the TAZ areas (rather than each TAZ’s entire area, since roughly 5 

percent of parcels are not present in the Seattle data files). Summary statistics of the 

density variable across all TAZs are shown in Table 9.10, and Figure 9.4 maps these 

densities across the region. As expected, locations close to the CBD have very high 

densities, and densities fall gradually, as one leaves the city-center. There are also some 

pockets of high-density areas at distinct locations which probably correspond to 

commercial areas or the University of Washington area. 
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Table 9.10:  Summary Statistics for Density 

 
# TAZs Mean St Dev Min Max 

Density (of Persons + Jobs) 3692 2.06E4 8.70E4 0 2.16E6 

 

 

Figure 9.4:  Density of TAZs in the PSRC Area (Jobs+Persons) 
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CHAPTER 10: METHODS AND MODELS 

In order to appreciate the effects of Chapter 9’s built environment (BE), demographic, 

and other attributes on the non-motorized travel patterns, a wide variety of behavioral 

models were used. This chapter describes these model specifications along with their 

estimation results. The content is divided into the following subsections: 

• Household Vehicle Ownership Model 

• Non-motorized Trip Generation Model 

• Interzonal vs Intrazonal Trip Type Model 

• Interzonal vs Intrazonal Mode Choice Models 

• (Interzonal) Destination Choice Models 

 

Some of the land-use variables that were tested for each model were:  

� TAZ-level attributes: land use mix, density, NMT accessibility index, SOV 

accessibility index, population and employment. 

� Half-mile buffer attributes: Number of dead-ends, number of 3-way intersections, 

and number of 4-way intersections (all within 0.5 Euclidean miles of the parcel 

centroid). 

� Quarter-mile buffer attributes: Number of free off-street parking spaces, average 

hourly parking prices for these off-street spots, and number of bus stops (all 

within 0.25 Euclidean miles of the parcel centroid)3.  

� Other attributes: Network distance to closest bus stop (from each parcel’s 

centroid).  

  

                                                 
3 PSRC staff and/or Mark Bradley of Bradley Consulting and Research provided these data and may be 
able to offer more detailed description of these variables.  
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As usual, demographic variables were also used as model covariates, to better explain 

travel choices. These variables include the following: 

� Household attributes: Size, income, number of workers, number of vehicles, and 

number of licensed drivers. 

� Personal attributes: Gender, drivers-license status, employment status, student 

status, and age.  

Covariates were ultimately removed in the final models if they did not achieve a 

cut-off p-value of 0.2 or a t-stat of 1.20. In addition to this strategy for developing the 

final model specifications, variables with coefficient signs that did not make intuitive 

sense were also dropped; these variables and the rationale behind their removal are 

described in the appropriate model discussions, below. Scaled terms, such as number of 

licensed drivers per vehicle in a household and household income per member, were also 

used in several of the models since they make more intuitive sense – and they resulted in 

better model fits. Brief overviews of the models used along with model calibration 

details, parameter results, and interpretation of those results are discussed in the 

following sections. 

 

10.1  A Model of Household Vehicle Ownership 

Since household vehicle ownership is a count of the number of vehicles available to the 

household, a count model -- such as a Poisson or a Negative Binomial specification – is 

generally used to model it. In a Poisson model, the probability of observing a count equal 

to y is given by the following equation: 

 

(.�: = ' =  ;<
=<

'!  
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where Y is the observed outcome (number of vehicles) and λ is the Poisson rate parameter 

and the expected number of vehicles held by the household. A Poisson regression model 

is estimated by assuming ;� = 
�?@AB , where β is a vector of the unknown parameters and 

Xi is a vector of household i’s explanatory variables. A Poisson specification’s expected 

value and variance, ;, are equal; this rather strong assumption can be relaxed by using the 

negative binomial model, where an additional error term is added to account for 

unobserved effects/heterogeneity across households. In a negative binomial model, the 

parameter ; = 
�?@A C D , with a mean-one gamma-distributed error term ε. Negative 

binomial models are generally used for overdispersed count data, where the variance 

exceeds the mean (for each observational unit’s hypothetical count mean and count 

variance).  

A mean-one gamma distribution’s α and β parameters are such that α = 1/ β. The 

expected value of the general gamma distribution is given by E(ε) = αβ and the variance 

is Var(ε) = αβ
2
. When the value of β converges on 0 in the constrained (mean-one) case, 

the mean and variance of ε converge on 1 and 0, respectively, and the negative binomial 

model collapses to a Poisson specification. 

Figure 10.1 shows a histogram of all counts of vehicles owned in the data set. 

While the mean household vehicle ownership in the data set is 1.89 and the aggregate 

variance is 1.15, such “underdispersion” says very little about the dispersion or 

uncertainty in ownership counts for a single household (across hypothetical points in 

time, for example). A negative binomial model was used initially (since it is the more 

flexible of the two models) to model the number of vehicles owned (or leased or 

otherwise held) by a household as a function of household and land-use variables around 

home.  
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Figure 10.1:  Histogram of Household Vehicle Ownership Counts 

Ultimately, there is not much variability in vehicle ownership (most households 

have two vehicles, and some have 1 or 3, but 0 and 4 are quite rare cases), so the model 

collapsed to a Poisson. Table 10.1 provides the results of this Poisson model’s estimation. 

Several other variables (besides the ones listed in the table) were also investigated in this 

model, but were found to be statistically insignificant. These were the number of students 

attending any nearby university, the number of students attending any nearby K-12 

schools, the number of free off-street parking spaces, and the number and type of various 

intersections.  

The data set contains counts on three types of intersections: dead-ends (including 

cul-de-sacs), 3-way intersections, and 4-way (or more-way) intersections. Only the 

number of 4-way intersections in a half-mile radius around the home was statistically 

significant. The total number of bus stops around each household’s home parcel was 

determined by summing the total number of local and express bus stops within a quarter-

mile radius. Statistically significant variables include household income, number of 

(household) workers, number of licensed drivers, rural home-location indicator, NMT 

accessibility and density values for the home TAZ, distance to the closest bus stop, and 
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number of bus stops around the home pracel. Variables estimated to be quite statistically 

insignificant (p-value > 0.2, or t-statistic < 1.20) in the model of vehicle ownership are 

land use mix, parking price, free off-street parking spaces, and the SOV accessibility 

index.  More details on the practical effects of the retained covariates are presented 

below. 

 

10.1.1  Household Vehicle Ownership Model Estimation Results 

Table 10.1 shows vehicle ownership model estimates.  

Table 10.1:  Household Vehicle Ownership Model Results (Poisson) 

Variable Coefficient t-stat 

Household Size 0.179 6.13 

Household Number of Workers 0.0382 2.59 

Household Number of Licensed Drivers 0.156 4.14 

Household Income 1.89E-6 7.02 

Rural Home-location Indicator  0.0808 2.44 

NMT Accessibility Index of Home TAZ -0.403 -1.76 

Distance to Closest Bus Stop 0.0146 1.51 

# of 4-way Intersections – 1/2 mile buffer -0.000716 -1.61 

# of Bus Stops -0.00697 -3.44 

License per Household Member 0.747 6.17 

Home TAZ Density -5.80E-7 -1.30 

Constant -0.488 -2.12 

Number of Observations 4,741 

Final Log-likelihood -6473.0 

McFadden’s Pseudo R-square 0.0947 

Household variables such as size, number of workers, number of licensed drivers, 

and income are all summarized in Table 9.3, and all positively influence vehicle 

ownership levels, as expected. The NMT accessibility index, however, was estimated to 

negatively affect ownership, implying that households that are located in areas with high 
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NMT accessibility are more likely to own fewer vehicles, which makes good sense – 

since vehicles are not as needed in high-non-motorized-access locations.  

Availability of public transit was also estimated to reduce ownership levels (since 

distance to bus stop has a positive sign and number of stops within ¼-mile radius has a 

negative sign, suggesting that households located farther from bus stops and/or near 

fewer stops are prone to owning more vehicles). Of course, this also makes good sense, 

since those with good transit access do not need to rely on the private automobile as 

much. 

The results also suggest that households that located in high-density areas own 

fewer vehicles. Based on these results, households that are smaller in size and located in 

dense urban areas with good access to public transit have the lowest vehicle ownership 

levels. The following discussion describes which of these effects are the most practically 

significant. 

 

10.1.2  Household Vehicle Ownership Model Elasticities 

In order to appreciate the relative effects of different explanatory variables on household 

vehicle ownership, elasticities were computed for each, as shown in Table 10.2. These 

elasticities are estimated at sample means of each covariate. These results may be 

interpreted as the effective percentage change in average ownership of the “average 

household” for each percentage change in the associated explanatory variable. Indicator 

variables, however, such as rural home-type indicator, were varied from 0 to 1 to 

calculate the following elasticities. Hence, the elasticity effect of an indicator variable is 

the effective percentage change in average vehicle ownership of the almost-average 

household when the indicator value goes from 0 to 1.  
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Table 10.2 Household Vehicle Ownership Model Elasticity Results 

Variable Elasticity 

Household Size 0.396 

Household Number of Workers 0.043 

Household Number of Licensed Drivers 0.264 

Household Income 0.135 

Rural Home Indicator* 0.013 

NMT Accessibility Index of Home TAZ  -0.355 

Distance to Closest Bus Stop 0.008 

# of 4-way Intersections  -0.025 

# of Bus Stops  -0.049 

Home TAZ Density -0.008 
*Note: The elasticity effect of this indicator variable is computed for a change in the variable from 0 to 1. All 
other variables are held at sample-mean values. 

Table 10.2’s elasticity estimates suggest that household size, number of licensed 

drivers, and NMT accessibility have the greatest effect on household vehicle ownership. 

For example, a 10% change in the NMT accessibility index around the household may 

change average-household vehicle ownership by 3.6%. Other BE variables, such as the 

number of four-way intersections or number of bus stops around the household, also 

suggest to have some impact on household vehicle ownership but the impact is minimal. 

For example, increasing the number of nearby bus stops or the number of 4-way 

intersections by 10% would reduce total household vehicle ownership levels by only 

0.49% and 0.25% respectively. In the end, presence of licensed drivers and household 

size have the greatest impact, as expected (with elasticities of 63% and 40%, 

respectively).  

 

10.2  Non-motorized Trip-making per Household 

The number of non-motorized trips per household was determined by simply summing 

the number of non-motorized person-trips in each household. Since the survey was 
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administered over a period of two days, a two-day count was used. Unlike the data that is 

used to model mode and destination choices (as discussed below), home-bound trips were 

not discarded here. Hence, an individual who walked to and from school would generate 

two NMT person-trips on that day.  

The average daily non-motorized trip generation counts show that a large 

proportion of the households in the sample (73%) did not make any non-motorized trips 

over the two-day survey period. This may be due, in some part, to a tendency for under-

reporting shorter, non-motorized trips (e.g., a trip to one’s neighbor’s home or around the 

block with one’s dog). Figure 10.2 provides a histogram of all non-zero non-motorized 

(bike and walk) person-trip counts across sample households. The 3,070 households 

reporting zero such trips are not shown in the histogram, since their bin or bar would 

dominate the image.  

 

 
Note: Another 3,070 households made zero non-motorized trips during the two-day survey period. 

Figure 10.2:  Histogram of Non-Motorized Person-Trips by Sample Households 

Making at Least One Such Trip during the Two-Weekday Survey  

 Due to the excessive number of zero NMT households, a zero-inflated negative 

binomial (ZINB) count specification was used to model non-motorized trip counts, as a 
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function of household and land-use variables. A zero-inflated model essentially consists 

of two successive models: a binary logit (BL) model that differentiates zero and non-zero 

NMT trip-making households and then a negative binomial model that predicts NMT trip 

generation among the non-zero NMT trip-making households. The underlying principle 

behind this model is that zero-trip households can be modeled by a separate process and 

essentially differ from non-zero (NMT trip-making) households. The ZINB model was 

also compared to a regular negative binomial model using a Vuong test. This test verified 

that a ZINB model is a better fit for this data than a regular NB model.  
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10.2.1 Non-motorized Trip Generation Model Results 

Table 10.3 summarizes the results of the zero-inflated negative binomial (ZINB) model. 

Table 10.3:  Non-motorized Trip Generation Model Results (ZINB) 

Variable Coefficient t-stat 

Negative Binomial Model     

Household Size 0.152 3.60 

Household Number of Workers 0.132 2.78 

Household Number of Vehicles -0.0978 -2.27 

Licenses per Member -0.276 -1.72 

Household Income 1.77E-6 2.75 

# of Free Off-street Parking Spaces -0.000176 -1.48 

Hourly Parking Price 0.0484 1.66 

# of 4-way Intersections 0.00252 2.32 

Home TAZ SOV Accessibility Index  -1.68 -2.84 

Home TAZ NMT Accessibility Index  3.44 2.26 

Constant -1.26 -1.23 

Alpha 0.612   

Binary Logit Inflation Model     

Household Size -0.334 -4.54 

Household Number of Workers -0.112 -1.55 

Household Number of Vehicles 0.26 3.88 

Licenses per Member 0.628 2.10 

Hourly Parking Price 0.26 2.80 

# of 3-way Intersections -0.00607 -2.40 

# of 4-way Intersections -0.0117 -5.47 

Home TAZ Density -8.29E-6 -1.68 

Home TAZ SOV Accessibility Index 4.57 5.00 

Home TAZ NMT Accessibility Index  -7.37 -3.26 

# of Bus Stops -0.0324 -3.46 

Constant 4.06 2.61 

Number of Observations 4,185 

Number of Zero Observations 3,070 

Final Log-likelihood -4,225 

McFadden’s Adj. R-square 0.079 
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The results of the inflation model suggest that, as household size increases, the 

probability of the household having zero NMT trips falls (as expected). The number of 

vehicles on the other hand, is estimated to increase the probability of zero NMT trips. 

The NMT and SOV accessibility indices around the home also have significant effects in 

this model. A higher SOV accessibility index is estimated to increase the probability of 

zero NMT trips, while a higher NMT AI increases the chance of non-zero NMT trips.  

The negative binomial component of the trip generation model shows that for 

non-zero NMT households, household size and number of workers are associated with 

higher levels of NMT trip-making, while the number of vehicles plays a negative role. 

Somewhat surprisingly, household income is associated with more NMT trip-making, 

perhaps due to exercise, safer neighborhoods, and other features. This may be due to 

increased health awareness and recreational NMT trips taken by members from these 

households. Land-use factors of network density and connectivity (in terms of number of 

4-way intersections within a 1/2-mile buffer) and higher (nearby, off-street) parking 

prices both increase the likelihood of NMT trips. The two accessibility indices have 

opposing signs, which also is intuitive, since a household located in a TAZ with high 

SOV access is less likely to generate NMT trips, while a household enjoying a high NMT 

AI is more likely to engage in non-motorized trip-making. 

 

10.2.2  Non-motorized Trip Generation Elasticities 

The relative impact of the different explanatory variables on non-motorized trip 

generation was investigated by computing elasticities for each of these variables, as 

shown in Table 10.4. These elasticities were estimated at the sample means of each 

independent variable and reflect the effective percentage change in the (average) 
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expected non-motorized trip generation of the average/mean Seattle household following 

a one-percent change in the associated explanatory variable. 

Table 10.4 Non-motorized Trip Generation Model Elasticity Results 

Variable Elasticity 

Household Size 0.84 

Household Number of Workers 0.24 

Household Number of Vehicles -0.52 

Licenses per Member -0.58 

Household Income 0.13 

Hourly Parking Price -0.02 

Free Parking Spaces -0.01 

# of 3-way Intersections -0.01 

# of 4-way Intersections 0.36 

Home TAZ Density 0.00 

Home TAZ Accessibility Index (SOV)  -4.06 

Home TAZ Accessibility Index (NMT)  7.31 

# of Bus Stops 0.15 

The results suggest very strong, but opposing, effects of the two AIs, on non-

motorized trip generation. Each percentage change in the average NMT AI is apparently 

associated with an over-7% increase in non-motorized trip generation. In contrast, a one-

percent change in the SOV AI may cause the average household’s NMT trip count to fall 

by more than 4 percent. However, these two indices are highly correlated (ρ = +0.830), 

so it will be hard to increase one without the other, and their multicolinearity can result in 

somewhat unstable parameter estimates. One way of illuminate the individualized 

impacts of these AIs may be to investigate their impacts separately (in separate 

regressions).  

Other BE variables with high elasticities for NMT trip-making are the number of 

bus stops and 4-way intersections near the household, and doubling these variables is 

estimated to increase (on average)such trip-making by 15% and 36% respectively. 
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Household characteristics such as household size, income and vehicle ownership 

level also shape non-motorized trip generation, in very clear directions. Table 10.4’s 

estimates suggest that increasing household size by 10% is associated with an 8.4% 

increase in NMT trip generation, while reducing household vehicle ownership by 10% 

will increase NMT trip generation by 5.2%. 

 

10.3  A Binary Logit (BL) Model for Interzonal vs Intrazonal Trips  

Mode choices are likely to differ for interzonal and intrazonal trips, since intrazonal trips 

tend to be quite local, much shorter (with an average distance of 1.36 miles in this data 

set), and often for personal business and/or shopping purposes (38% of all intrazonal trips 

in the Seattle 2006 data set). Interzonal trips are longer (averaging 6.57 miles) and 

primarily serve business and personal purposes (24% and 16% of all interzonal trips, 

respectively). Transit may not be a reasonable (or feasible) mode for intrazonal trips, 

while non-motorized modes can make terrific sense. Table 10.5 shows mode shares for 

interzonal versus intrazonal trips. (Recall that home-bound trips were not counted for this 

analysis to prevent double counting of outbound and return trips.) 

 Interestingly, the bike trip share is nearly the same for intrazonal and interzonal 

trip making in this PSRC data set (just 1.0 and 0.8 percent, respectively).  This is in large 

part due to the small size of PSRC’s 3,700 TAZ system, with an average area of 1.7 

acres, or an effective average circular radius of just 0.03 miles.  Thus, the great majority 

of trips made (93.7%) were interzonal in nature.  
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Table 10.5:  Mode Shares by Trip Type  

  Intrazonal Interzonal 

Mode Frequency Percentage Frequency Percentage 

Drive-Alone 838 31.1% 19,560 49.0% 

Shared-Ride 859 31.9% 16,119 40.3% 

Transit 0 0.0% 1,640 4.1% 

Walk 969 36.0% 2,316 5.8% 

Bike 26 1.0% 324 0.8% 

Totals 2,692 6.3% 39,959 93.7% 

 

Intrazonal trips may be quite distinctive in nature. For example, travelers may 

purposefully stay close to home in order to get some exercise and/or enjoy use of a non-

motorized mode, rather than scanning far more potential destinations for a (longer-

distance) motorized trip. By modeling intrazonal and interzonal trips separately, this 

work allows for more flexible choice behaviors. 

 

10.3.1  Intrazonal Trip-making Model Estimation Results 

The factors that may influence travelers to stay within a TAZ can be investigated using a 

binary logit or logistic-type model specification, controlling for variables like type of trip, 

time of departure, traveler demographics, and various land-use variables (of the origin 

TAZ), as shown in Table 10.6, the base case is interzonal trips. 
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Table 10.6:  Intrazonal Trip-making Model Results (BL) 

Variable Coefficient t-stat 

Alternative Specific Constant  1.57 3.36 

Household Number of Vehicles -0.0839 -3.85 

Household Income 8.71E-7 2.09 

Licensed Indicator -0.366 -7.34 

Male Indicator -0.177 -4.19 

Land use mix 2.62 25.38 

SOV Accessibility Index -2.95 -9.73 

NMT Accessibility Index -3.39 -5.06 

Distance to Bus Stop 0.0778 3.76 

# of Bus Stops - 1/4 mile 0.00596 2.40 

# of Dead Ends - 1/2 mile 0.00618 3.39 

# of 3-way Intersections - 1/2 mile 0.00604 4.51 

Hourly Parking Price - 1/4 mile -0.0485 -2.08 

Commute trip -2.18 -14.44 

Mid-day trip 0.113 2.32 

PM Peak trip -0.0809 -1.39 

Night trip -0.527 -3.32 

Number of Observations 42,651 

Final Log-likelihood -9,151 

Adjusted Rho-squared 0.690 
Note: Base response is choice of a destination that lies outside the origin zone (i.e., interzonal, rather than 

intrazonal, trip-making). 

Variables that were found significant in the model are household attributes -- like 

size, number of vehicles and income; individual attributes -- like gender and license 

status; and land-use variables -- such as land use mix, accessibility index, and the number 

and type of intersections. Some variables were found to be insignificant (p-value > 0.2); 

these include origin TAZ area, number of free off-street parking spaces, hourly parking 

price, density of TAZ and student indicator. The results suggest that households that own 

more vehicles are more likely to make interzonal trips, while larger households and 

having higher incomes are more likely to make intrazonal trips. In terms of individual 

attributes, licensed males are the least likely to make trips within their origin zone.  
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The land-use-mix index (entropy) at the origin TAZ positively affects the 

likelihood of making intrazonal trips, which is intuitive since TAZs with more mix can 

provide greater options for trips within the TAZ. In contrast, the SOV AI at the trip origin 

increases the likelihood of making interzonal trips, presumably since TAZs with higher 

SOV AI values make it easier for trip-makers to travel farther. Other LU variables, such 

as number of bus stops, number of dead-ends and number of 3-way intersections, all 

positively affect the likelihood of a respondent’s making intrazonal trips. Commute trips 

are less likely to be intrazonal, possibly because people usually live and work in different 

areas of the city. Mid-day trips (compared to AM Peak hour trips) are more likely to be 

intrazonal, in large part because many mid-day trips tend to be shorter trips for personal 

care, such as going to lunch or to the hair cutter’s.  

 

10.3.2  Intrazonal Trip-making Model Elasticity Results 

In order to investigate the relative effect of the different explanatory variables on 

intrazonal trip-making, elasticities were computed for each of these variables. The 

elasticities were estimated at the sample means of each independent variable. The results 

of the elasticities may be interpreted as the effective percentage change in the average 

person’s/household’s probability of making an intrazonal trip (vs interzonal trip). 

Indicator variables, such as indicators for having license and being male, were varied 

from 0 to 1 to calculate step elasticities. Hence, the elasticity effect of an indicator 

variable is the effective percentage change in the probability of making an intrazonal trip 

across all households when the value of the indicator variable goes from 0 to 1. Table 

10.7 shows the results of the elasticities of the intrazonal destination choice binary logit 

model. 
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Table 10.7 Intrazonal Trip-making Model Elasticity Results 

Variable Elasticity 

Household Number of Vehicles -0.17 

Household Income 0.07 

Licensed Indicator -0.39 

Male Indicator -0.17 

Entropy 1.20 

SOV Accessibility Index -2.49 

NMT Accessibility Index -2.89 

Distance to Bus Stop 0.03 

# of Bus stops - 1/4 mile 0.06 

# of Dead Ends - 1/2 mile 0.14 

# of 3-way Intersections - 1/2 mile 0.29 

Hourly Parking Price - 1/4 mile -0.02 

Commute trip -1.22 

Mid-day trip 0.11 

PM Peak trip -0.08 

Night trip -0.41 
*Note: The elasticity effect of an indicator variable is computed for a change in the variable from 0 to 1. The different 

time-period indicators are relative to AM Peak hour. 

 The elasticity results highlight the importance of mixed land-use on intrazonal trip 

making. A 10% increase in the land-use mix index corresponds to a 12% increase in the 

probability of choosing to stay within the zone versus going out of the zone. Higher AI, 

however, are estimated to reduce the probability of intrazonal trip-making. A 10% 

increase in either the SOV or NMT AI is estimated to decrease the probability of keying 

one’s trip intrazonal, by 24.9% and 28.9% respectively. This implies that zones with 

higher land-use mix but less accessibility will generate the maximum shares of intrazonal 

trips. Other built-environment variables also produce sizable elasticities. For example, the 

number of 3-way intersections within a half-mile radius, if increased by 10%, would 

increase the probability of an intrazonal trip by 2.9%. 

 Various trip characteristics -- such as whether the trip is for a work commute trip 

or not, and at what time the trip is made -- also play a role. Non-commute trips increase 
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the probability of an intrazonal trip by more than 122%. Nighttime-trips are also likely to 

by interzonal, with a change in probability of 41% compared to AM peak hour trips. 

 Household and personal characteristics also have sizable impact. Males have a 

17% lower probability of choosing intrazonal trips than females, ceteris paribus (and 

evaluated an mean covariate values), while licensed individuals have a 39% lower 

probability. Vehicle counts, if halved (from the mean ownership level), would increase 

the probability of choosing intrazonal trips by 17%. Interesting, household income has an 

elasticity of only 0.07%, which is not practically significant. 

After addressing vehicle ownership, trip generation and interzonal versus 

intrazonal choice, one must appreciate the question of mode and destination choices (with 

destination [by TAZ] only a variable for those trips that will be interzonal).  As shown in 

Table 10.3, intrazonal trips have very low use of transit trips and the number of bike trips 

is also very small. Hence, these two modes are excluded from the following analysis of 

intrazonal mode choice. All five modes were used for modeling mode choice in 

interzonal trips, however, before nesting the resulting logsums within choice of 

destination (for interzonal trips, as described in Section 10.5). 

 

10.4  Mode Choice 

A multinomial logit specification was used to model mode choices for both intrazonal 

and interzonal trips. Due to very low bike and transit shares, one three modes – drive-

alone, shared-ride, and walking – serve as alternatives in the intrazonal mode choice 

model, with various demographic, land-use and mode-specific variables serving as 

covariates. The interzonal mode choice model is similar but has all five modes in the 

choice set, thanks to its much larger sample size. In order to model mode choice, network 

skim data were obtained from PSRC, with zone-to-zone information on travel times, 
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costs, and distances for drive-alone, shared-ride, transit, bike and walk modes across five 

different times of day: AM peak, mid-day, PM peak, evening and night. The cost of the 

drive-alone and shared-ride modes only consisted of tolls and other fees charged on the 

road, operating costs of the vehicles were not provided. Drive-alone operating costs were 

estimated by multiplying network distance by a cost of 20 cents per mile. The shared-ride 

mode operating cost was assumed to be equal to the drive-alone operating cost, but 

divided by 2.5 (since the average shared-ride vehicle occupancy in Seattle is about 2.5 

persons per vehicle).  

Monetary travel costs for bike and walk modes were assumed to be zero. 

Although there are costs associated with bike and walk modes (such as bike maintenance 

and extra caloric intake for energy), trip-makers presumably do not usually perceive these 

costs (at least not in an explicit, marginal way), so they are not included in the utility 

functions.  

Travel times for motorized modes were present in the skim data, but travel times 

for bike and walk modes were estimated using network distances by assuming average 

speeds of 0.124 miles per minute (7.4 miles per hour) for biking and 0.0479 miles per 

minute (2.9 mi/hr) for walking. These speeds are the averages of respondent-reported 

bike and walk trips in the data set. Transit travel times were as assumed to be the sum of 

in-vehicle and out-of-vehicle travel times.  

In addition to these cost and time details, each trip in the data set was assigned 

availabilities for each of the five different modes (since not all modes are available for all 

origin-destination [O-D] pairs). Drive-alone mode alternatives were available for anyone 

in a household with at least one vehicle, and shared ride modes were available for all 

travelers (since they presumably know people with vehicles). Transit availability was 
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based on the skim data: any O-D pair that had an in-vehicle travel time less than or equal 

to zero was assumed to be unavailable for that trip. 

Land-use variables were also use to characterize trip origins and destinations. 

Most of these variables were based on parcel-level details of the O-D addresses (with 

quarter- or half-mile buffers, as explained earlier, in the data description). However, 

several were defined at the origin and destination TAZ level; these are land use mix, 

density, bike/walk accessibility, and drive-alone accessibility, as defined earlier. 

Mode choice models with MNL specifications were estimated separately for 

interzonal and intrazonal trips, and by each of three trip purposes: home-based work, 

home-based other, and non-home-based trips. All models’ independent variables were 

alternative specific, in order to allow parameter identification. All the land-use variables 

were tested for both trip origin and destination. A cutoff p-value of 0.2 (or a t-statistic 

less than 1.20) was used to remove unnecessary attributes and finalize model 

specifications. The mode choice models were calibrated by Xiaoxia Xiong, and the 

results of these six models are discussed below and shown in Tables 10.8 through 10.13.  

 

10.4.1  Home-based-Work Intrazonal Trips 

Table 10.8 shows the results of estimation of mode choice model for home-based work 

(HBW) intrazonal trips only. There are very few trips in the data set that fall into this 

category (only 49). The only two modes that were present in these 49 trips were drive-

alone and walk; hence the model estimates include only these two modes. Since the trips 

are intrazonal, the origin and destination zones were same and it was redundant to specify 

land-use measures at each end. 
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Table 10.8: Mode Choice Model Results: Intrazonal HBW (MNL) 

  Drive-Alone Walk 

Explanatory Variables Coefficient t-stat Coefficient t-stat 

Alternative Specific Constant 0 - -84.7 -1.81 

Travel Time -0.472 -1.81 -0.472 -1.81 

Age - - -0.108 -1.41 

NMT Accessibility Index - - 105 1.89 

# of Dead Ends - - -0.215 -1.54 

Number of Observations=49  ||  Final Log-Likelihood= -6.6  ||  Pseudo R-square=0.7632 

 

The walk mode has a very high alternative-specific constant, which implies that 

preferences may be simply dominated by mode type, rather than other attributes. The 

NMT accessibility index increases the utility of walking, as compared to the drive-alone 

mode. The results of this model are not as meaningful as hoped, in large part because the 

sample size is so small (i.e., there are very few trips intrazonal HBW trips in the Seattle 

sample). Nonetheless, the parameter estimates offer some insight into mode choice for 

intrazonal home-based work trips. 

 

10.4.2  Home-based Other Intrazonal Trips 

Table 10.9 summarizes the results of the mode choice model for home-based other 

(HBO) intrazonal trips. Unlike home-based work trips, the share of trips in this category 

is higher (1,013 trips). Work places are usually located away from residential or home 

locations, which is why there are very few intrazonal home-based work trips. The mode 

choice models developed for this category contain three different modes: drive-alone, 

shared-ride, and walk. Surprisingly, there were very few intrazonal bike choices in the 

data, evidently since the zones are so small to begin with (in most locations), and were 

dropped for the analysis 
  



 

71 

Table 10.9: Mode Choice Model Results: Intrazonal HBO (MNL) 

  Drive-alone Shared-ride Walk 

Explanatory Variables Coefficient t-stat Coefficient t-stat Coefficient t-stat 

Alternative Specific Constant 0 - 1.53 3.96 -0.503 -0.20 

Travel Time -0.0475 -3.47 -0.0475 -3.47 -0.0475 -3.47 

Cost / (Income/member) - - -1.40E-5 -2.68 -9.40E-6 -1.82 

Age - - -0.0206 -2.96 -0.0276 -3.77 

Male Indicator - - -0.475 -2.31 -0.335 -1.64 

Student Indicator - - - - -0.482 -2.05 

Employed Indicator - - -0.307 -1.45 -0.678 -3.10 

Vehicle per Licensed Driver - - - - -0.342 -1.89 

NMT Accessibility Index - - - - 3.37 1.26 

Land Use Mix - - - - -0.408 -1.29 

Density - - - - -1.40E-6 -2.26 

# of Dead Ends - - - - -0.0121 -1.79 

# of 3-way Intersections - - - - 0.00870 1.76 

# of 4-way Intersections - - - - 0.0152 4.57 

Hourly Parking Price - - -0.00809 -2.00 - - 

# of Free Off-street Parking 
Spaces 

- - 0.00100 2.54 - - 

Number of Observations=1,013  ||  Final Log-Likelihood= -843.2  ||  Pseudo R-square=0.1238 

 

The results underscore the importance of several built-environment variables that 

are found to significantly affect one’s decision to walk. As expected, the destination’s 

NMT accessibility index has a positive impact on walking. In terms of network 

connectivity, the presence of dead-ends (within 0.5 miles of one’s origin) reduces the 

likelihood of walking, while the numbers of 3-way and 4-way intersections increase it. 

Parking prices and parking availability were not found to affect choice of the walk mode 

directly; but do interact with the shared-ride indicator in a statistically significant way. 

Surprisingly the two other land-use measures – density and land use mix – were 

estimated to reduce the likelihood of walk mode choice, presumably due to the presence 

of so many other attributes that accompany these attributes (e.g., higher intersection 

densities, higher accessibilities, and higher parking prices). As expected, higher vehicle 
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ownership rates (measured as vehicles per licensed driver in the household) were 

estimated to reduce the likelihood of walking. 

 

10.4.3  Non-home-based Intrazonal Trips 

It is difficult to understand/predict non-home-based (NHB) trips since they cover a 

variety of purposes, and regularly are part of a larger tour, which may maintain a single, 

consistent mode throughout. Nonetheless, these trips are different from home-based trips, 

and it is reasonable to model them separately. Table 10.10 presents the results of NHB 

intrazonal trips. The three alternatives are drive-alone, shared-ride and walk modes. 

Table 10.10: Mode Choice Model Results: Intrazonal NHB (MNL) 

  Drive-alone Shared-ride Walk 

Variables Coef. t-stat Coef. t-stat Coef. t-stat 

Alternative Specific Constant 0.000 - 1.465 5.05 0.161 0.53 

Travel time -0.0241 -2.31 -0.0241 -2.31 -0.0241 -2.31 

Cost / (Income per member) - - -0.0000107 -3.94 - - 

Age - - -0.0230 -4.85 -0.0189 -4.06 

Male Indicator - - 0.258 1.82 0.487 3.37 

Student Indicator - - -0.732 -3.19 - - 

Employed Indicator - - -0.931 -7.21 - - 

Vehicle per licensed driver - - - - -0.388 -2.79 

# of 4-way Intersections - - 0.00408 1.67 0.0201 9.03 

Hourly Parking Price - - -0.00272 -1.98 - - 

# of Free Off-street Parking 
Spaces 

- - 0.000385 1.85 - - 

Number of Observations=1,605  ||  Final Log-Likelihood=  -1408.9 || Pseudo R-square= 0.1436 

 

Several of the land-use variables (mix, density, accessibility) appear as 

statistically insignificant in this choice context. Roadway connectivity (quantified as the 

number of 4-way intersections in a half-mile radius of one’s origin) positively influences 

the utility of walk mode. Similar to the previous models, the household vehicle 
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ownership negatively impacts the utility for walking. In terms of demographics, younger 

males tend to have higher utilities for choosing walk mode. 

 

10.4.4  Home-based Work Interzonal Trips 

Home-based-work (HBW) trips are important to model since they constitute a sizable 

share of trips and are repetitive in nature, resulting in somewhat higher predictive power. 

There are 6,358 trips in this category, and their mode choice model results are presented 

in Table 10.11. All five modes are represented in the data and all are included in the 

MNL model specification.  

 These trips are interzonal, so land-use measures were examined for both trip 

origin and destination. The results suggest that the number of 3-way and 4-way 

intersections in a half-mile radius at both trip ends positively impacts the utilities for non-

motorized modes (biking and walking). The NMT accessibility index at the destination 

end significantly impacts the utility for walking, relative to the base mode (of driving 

alone). Parking price and availability at either end do not appear to directly affect the 

choice of non-motorized modes, but they affect the utility of shared-ride or transit). 

Surprisingly, land use mix and density at the destination appear to have a negative impact 

on walking and biking, respectively, presumably due to competition with related 

variables (like network density).  

 According to the results, transit is most affected by the presence of bus stops, as 

expected, along with land-use mix at the destination. A close examination of transit mode 

choices are important here, since non-motorized travel is regularly involved in accessing 

transit lines (e.g., walking or biking to the train station or bus stop, and then walking from 

there to one’s ultimate destination).   
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10.4.5  Home-based Other Interzonal Trips 

Home-based other (HBO) trips can also be classified as home-based non-work trips. This 

category of trips also constitutes a large fraction of the PSRC trips (33.6 percent, or 

15,549 trips in total). All five mode choices are included in the MNL specification, with 

numeric results shown in Table 10.12. 

 The results highlight the importance of several land-use variables. Higher land use 

mixing at the trip’s origin is estimated to increase biking’s utility (relative to other 

modes’ utility levels); the number of 4-way intersections at both trip ends increases the 

utility of both bike and walk modes; NMT accessibility at one’s destination zone 

improves walking’s likelihood. The density at one’s destination reduces the chance of 

walking, perhaps due to congestion issues and perceptions of traveler safety, but probably 

more likely due to competing variables (like network density, as discussed earlier). 

 Transit trips are estimated to be positively affected by NMT accessand bus-stop 

access at the destination. Parking prices and availability does not appear to directly 

impact one’s choice of walking, biking or transit trips, but do impact the utility of shared-

rides (with higher prices and fewer spaces increasing the likelihood of shared-ride mores, 

relative to the alternative modes).  An origin’s land use mix also appears to increase the 

likelihood of ride sharing. 

 

10.4.6  Non-home-based Interzonal Trips 

Non-home-based interzonal trips are the last of the six mode choices modeled here, and 

these consist of 17,244 trips, with all five modes present in the MNL specification. Table 

10.13 summarizes estimation results. The results highlight some interesting land-use 

influences on mode choice. Consistent with the other mode choice models, street 

connectivity quantified as the number of 4-way intersections within a half-mile radius 
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appear to positively influence the utility of walking. On the other hand, the number of 

dead-ends within a half-mile radius of either of the trip ends, appear to negatively impact 

the utility of biking. This underscores the importance of having more open and connected 

streets to promote non-motorized activity. The NMT accessibility index at the origin, not 

surprisingly, positively impacts the utility of walking, underscoring the importance of 

making zones more accessible to non-motorized modes to promote biking and walking. 

 The only land-use measure that appears to significantly impact the utility of 

choosing transit is the number of bus stops present within a quarter-mile radius. The 

utility of choosing transit is positively affected by the number of bus stops present at 

either trip ends. The utility of choosing shared-ride trips is affected by parking 

characteristics at both trip ends as well as density and SOV accessibility index at both trip 

ends.  
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Table 10.11: Mode Choice Model Results: Interzonal Home-based Work Trips (MNL) 

  Drive-alone Shared-ride Transit Walk Bike 

Variables Coefficient t-stat Coefficient t-stat Coefficient t-stat Coefficient t-stat Coefficient t-stat 

Alternative Specific Constant 0 - -0.744 -0.46 0.0934 0.31 -14.2 -3.62 -3.51 -7.45 

Cost / (Income per Member) -1.22 -4.30 -1.22 -4.30 -1.22 -4.30 -1.22 -4.30 -1.22 -4.30 

Travel Time -0.0229 -14.53 -0.0229 -14.53 -0.0229 -14.53 -0.0229 -14.53 -0.0229 -14.53 

Age - - - - -0.0103 -2.39 - - -0.0150 -2.13 

Male Indicator - - -0.434 -4.61 - - 0.324 1.62 0.954 4.65 

Vehicle per Licensed Driver - - -0.525 -4.38 -1.26 -7.85 -1.41 -5.20 - - 

SOV Accessibility Index (Orig) - - 1.80 1.36 - - - - - - 

Density (Origin) - - - - -2.20E-6 -2.08 - - - - 

# of Dead Ends (Origin) - - -0.0114 -3.66 - - 0.0138 1.47 -0.0230 -2.33 

# of 3-way Intersections (Origin) - - - - - - 0.0135 2.31 0.0121 2.23 

# of 4-way Intersections (Origin) - - - - -0.00459 -2.57 0.0142 4.50 0.00819 2.79 

# of Free Off-street Parking (Orig) - - -0.000940 -1.97 - - - - - - 

# of Bus Stops (Origin) - - - - 0.0192 2.62 - - - - 

NMT Accessibility Index (Dest) - - - - - - 11.9 2.84 - - 

SOV Accessibility Index (Dest) - - -2.47 -1.76 - -  -  - - - 

Land Use Mix (Destination) - - - - 0.482 1.98 -0.823 -1.82 - - 

Density (Destination) - - 4.93E-07 1.38 - - -   - -3.5E-06 -1.47 

# of 3-way Intersections (Dest) - - -0.00426 -1.80 - - 0.0107 2.01  -  - 

# of 4-way Intersections (Dest) - - 0.00226 1.78 - - 0.00376 1.80 0.00314 1.84 

Hourly Parking Price (Dest) - - 0.00106 4.01 - - - - - - 

# of Bus Stops (Dest) - - - - 0.028 18.38 - - - - 

Number of Observations=6,358  ||  Final Log-Likelihood= -3566.9  ||  Pseudo R-square=0.6072 
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Table 10.12: Mode Choice Model Results: Interzonal Home-based Other Trips (MNL) 

  Drive-alone Shared-ride Transit Walk Bike 

Variables Coefficient t-stat Coefficient t-stat Coefficient t-stat Coefficient t-stat Coefficient t-stat 

Alternative Specific Constant 0 - 1.34 11.56 -4.85 -1.29 -3.29 -1.99 -4.2 -10.09 

Cost / (Income per member) -1.62 -4.33 -1.62 -4.33 -1.62 -4.33 -1.62 -4.33 -1.62 -4.33 

Travel time -0.0506 -23.51 -0.0506 -23.51 -0.0506 -23.51 -0.0506 -23.51 -0.0506 -23.51 

Age - - -0.022 -15.35 -0.00651 -1.78 -0.0102 -4.20 - - 

Male Indicator - - -0.147 -3.75 -0.452 -2.57 - - 0.985 4.98 

Student Indicator - - -0.488 -5.97 - - -0.267 -2.09 1.08 4.88 

Employed Indicator - - -0.149 -3.60 -0.370 -2.00 - - 0.579 2.64 

Vehicle per licensed driver - - -0.252 -5.43 -2.95 -12.81 -0.665 -6.08 - - 

NMT Accessibility Index (Orig) - - - - 12.8 3.37 - - - - 

Land Use Mix (Origin) - - 0.155 1.93 - - - - 0.800 2.02 

# of Dead Ends (Origin) - - - - -0.0160 -2.04 -0.00728 -1.95 - - 

# of 3-way Intersections (Origin) - - -0.00210 -2.52 - - - - -0.00789 -1.76 

# of 4-way Intersections (Origin) - - - - -0.00617 -2.22 0.00845 5.49 0.00503 2.15 

# of Free Off-street Parking (Orig) - - -0.000650 -3.38 - - - - - - 

NMT Accessibility Index (Dest) - - - - - - 3.78 2.10 - - 

SOV Accessibility Index (Dest) - - - - -4.95 -1.88 - - - - 

Land Use Mix (Destination) - - - - - - - - -0.576 -1.41 

Density (Destination) - - - - - - -1.70E-06 -2.12 -   - 

# of Dead Ends (Destination) - - - - - - 0.00765 2.06 -0.0227 -2.69 

# of 4-way Intersections (Dest) - - - - - - 0.00283 2.05 - - 

Hourly Parking Price (Dest) - - 0.000443 3.23 - - - - - - 

# of Free Off-street Parking (Dest) - - -6.10E-5 -1.57 - - - - - - 

# of Bus Stops (Dest) - - - - 0.0253 9.22 - - - - 

Number of Observations=15,549  ||  Final Log-Likelihood= -10501.4  ||  Pseudo R-square=0.484 
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Table 10.13: Mode Choice Model Results: Interzonal Non-home-based Trips (MNL) 

  Drive-alone Shared-ride Transit Walk Bike 

Variables Coefficient t-stat Coefficient t-stat Coefficient t-stat Coefficient t-stat Coefficient t-stat 

Alternative Specific Constant 0 - -0.497 -0.84 -0.0321 -0.11 -6.39 -3.59 -3.36 -5.24 

Cost / (Income per member) -0.475 -1.57 -0.475 -1.57 -0.475 -1.57 -0.475 -1.57 -0.475 -1.57 

Travel time -0.0505 -23.18 -0.0505 -23.18 -0.0505 -23.18 -0.0505 -23.18 -0.0505 -23.18 

Age - - -0.0165 -11.61 -0.0102 -2.56 -0.0144 -6.12 -0.0102 -1.35 

Male Indicator - - -0.057 -1.49 - - 0.379 4.67 0.644 2.46 

Student Indicator - - -0.205 -2.65 - - - - - - 

Employed Indicator - - -1.00 -24.42 0.242 1.51     0.535 1.73 

Vehicle per licensed driver - - -0.256 -5.89 -1.41 -7.25 -1.01 -8.96 -0.458 -1.45 

NMT Accessibility Index (Orig) - - - - - - 6.01 3.11 - - 

SOV Accessibility Index (Orig) - - 0.756 1.36 - - - - - - 

Density (Origin) - - - - - - -1.80E-6 -2.78 - - 

# of Dead Ends (Origin) - - - - - - - - -0.0342 -2.21 

# of 3-way Intersections (Origin) - - - - - - 0.00428 1.95 - - 

# of 4-way Intersections (Origin) - - - - - - 0.00738 7.07 - - 

# of Free Off-street Parking (Orig) - - -6.50E-5 -2.18 - - - - - - 

# of Bus Stops (Origin) - - - - 0.0167 8.98 - - - - 

SOV Accessibility Index (Dest) - - 1.06 1.85 - - - - - - 

Density (Destination) - - -2.80E-7 -1.68 - - - - - - 

# of Dead Ends (Destination) - - - - - - 0.00698 1.76 -0.0531 -3.19 

# of 3-way Intersections (Dest) - - - - - - - - 0.0142 2.29 

# of 4-way Intersections (Dest) - - - - - - 0.00949 8.95 - - 

# of Free Off-street Parking (Dest) - - -7.90E-5 -2.62 - - - - - - 

# of Bus Stops (Dest) - - - - 0.012 5.20 - - - - 

Number of Observations=17,244  ||  Final Log-Likelihood = -11528.7  ||  Pseudo R-square=0.505 
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10.4.7  Mode Choice Marginal Effects 

The relative impact of the explanatory variables on mode choice was investigated by 

calculating the marginal effects on response variables from a one-standard-deviation 

change in each explanatory variable. These calculations were performed by Xiaoxia 

Xiong, a graduate student at UT Austin working with Dr. Kara Kockelman. Indicator 

variables were treated like continuous variables: i.e., the marginal effect was calculated 

by increasing the average value of the indicator variable by one standard deviation. This 

calculation was performed for only the interzonal mode choice models, as developed in 

Sections 10.4.4 through 10.4.6. Table 10.14 shows the marginal effects associated with 

individual, household and land-use specific variables for all five modes that were chosen 

for the Seattle sample’s home-based work trips.  

Table 10.14 Percentage Change in Probability(mode) Associated with One St Dev. 

Change in Explanatory Variables for Home-based Work Trips 

Variables Pr(DA) Pr(SR) Pr(TR) Pr(WK) Pr(BK) 

Age 1.3% 1.3% -19.1% 1.3% -27.0% 

Male Indicator 1.4% -18.4% 1.4% 19.3% 63.4% 

Student Indicator - - - - - 

Employed Indicator - - - - - 

Vehicle per Licensed Driver 5.8% -24.2% -52.4% -56.7% 5.8% 

NMT Accessibility Index (Orig) - - - - - 

SOV Accessibility Index (Orig) -1.3% 16.5% -1.3% -1.3% -1.3% 

Entropy (Origin) - - - - - 

Density (Origin) 1.1% 1.1% -16.5% 1.1% 1.1% 

# of Dead-ends (Origin) 1.2% -15.7% 1.2% 26.2% -29.9% 

# of 3-way Intersections (Orig) 0.0% 0.0% 0.0% 40.3% 35.5% 

# of 4-way Intersections (Orig) 0.8% 0.8% -12.6% 56.6% 30.0% 

Free Parking Spaces (Origin) 1.4% -17.5% 1.4% 1.4% 1.4% 

# of Bus-stops (Origin) -1.2% -1.2% 18.2% -1.2% -1.2% 

NMT Accessibility Index (Dest) 0.0% 0.0% 0.0% 111.6% 0.0% 

SOV Accessibility Index (Dest) 1.5% -19.1% 1.5% 1.5% 1.5% 

Entropy (Destination) -0.7% -0.7% 10.7% -17.5% -0.7% 
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Table 10.14 Percentage Change in Probability(mode) Associated with One St Dev. 

Change in Explanatory Variables for Home-based Work Trips 

(continued) 

Variables Pr(DA) Pr(SR) Pr(TR) Pr(WK) Pr(BK) 

# of Dead Ends (Destination) - - - - - 

# of 3-way Intersections (Dest) 0.7% -9.5% 0.7% 31.8% 0.7% 

# of 4-way Intersections (Dest) -0.5% 6.7% -0.5% 11.8% 9.6% 

Hourly Parking Price (Dest) 0.0% 0.1% 0.0% 0.0% 0.0% 

Free Parking Spaces (Dest) - - - - - 

# of Bus-stops (Dest) -1.8% -1.8% 27.5% -1.8% -1.8% 

  

The results highlight several BE variables that appear to have significant effects 

on the use of bike and walk modes and underscore the importance of having adequate BE 

infrastructure to facilitate biking and walking. For example, the number of 4-way 

intersections, 3-way intersections and dead-ends in a half mile radius around the origin 

and/or destination have a significant impact on NMT mode choices for home-based work 

trips. The impact is more prominent for origin-end than destination-end street 

characteristics. To highlight some of the important findings from these elasticity 

calculations, a one standard deviation increase in the number of 4-way intersections at the 

origin is estimated increase the probability of choosing bike and walk modes by 57% and 

30%, respectively. The number of dead-ends at the origin, on the other hand, if increased 

by one standard deviation, is estimated would decrease the probability of choosing biking 

by 30%. Results also suggest that the probability of walking would increase by more than 

110% following a one standard deviation in the NMT accessibility index (with all other 

variables evaluated at mean values). 

Personal characteristics, such as age and gender, also have very high impacts on 

the use of NMT modes, according to the model. For example, age has a marginal effect 

of -27% on biking, and the male-indicator variable has marginal effects of 19.3% and 
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63.4% on the probability of choosing walk and bike modes, respectively. These results 

suggest that the use of NMT modes for home-based work trips is more prevalent among 

young males.  

Table 10.15 shows the marginal impacts associated with individual, household 

and land-use specific variables for all five modes, and HBNW trip-making. 

Table 10.15 Percentage Change in Probability(mode) Associated with One St Dev. 

Change in Explanatory Variables for Home-based Non-work Trips 

Variables Pr(DA) Pr(SR) Pr(TR) Pr(WK) Pr(BK) 

Age 23.3% -23.7% 7.0% -1.3% 23.3% 

Male Indicator 3.7% -3.7% -17.3% 3.7% 69.7% 

Student Indicator 9.6% -9.8% 9.6% -1.5% 68.8% 

Employed Indicator 3.7% -3.7% -13.7% 3.7% 38.2% 

Vehicle per Licensed Driver 8.2% -7.8% -83.3% -29.0% 8.2% 

NMT Accessibility Index (Orig) -0.4% -0.4% 123.2% -0.4% -0.4% 

SOV Accessibility Index (Orig) - - - - - 

Entropy (Origin) -1.7% 1.8% -1.7% -1.7% 17.7% 

Density (Origin) - - - - - 

# of Dead-ends (Origin) 0.1% 0.1% -22.5% -10.9% 0.1% 

# of 3-way Intersections (Orig) 2.6% -2.7% 2.6% 2.6% -15.8% 

# of 4-way Intersections (Orig) 0.1% 0.1% -17.4% 30.0% 16.9% 

Free Parking Spaces (Origin) 7.0% -7.2% 7.0% 7.0% 7.0% 

# of Bus-stops (Origin) - - - - - 

NMT Accessibility Index (Dest) 0.0% 0.0% 0.0% 26.9% 0.0% 

SOV Accessibility Index (Dest) 0.1% 0.1% -36.5% 0.1% 0.1% 

Entropy (Destination) 0.0% 0.0% 0.0% 0.0% -12.2% 

Density (Destination) 0.0% 0.0% 0.0% -13.8% 0.0% 

# of Dead Ends (Destination) 0.0% 0.0% 0.0% 13.0% -30.5% 

# of 3-way Intersections (Dest) - - - - - 

# of 4-way Intersections (Dest) 0.0% 0.0% 0.0% 9.2% 0.0% 

Hourly Parking Price (Dest) 0.0% 0.0% 0.0% 0.0% 0.0% 

Free Parking Spaces (Dest) 0.7% -0.7% 0.7% 0.7% 0.7% 

# of Bus-stops (Dest) -0.1% -0.1% 26.5% -0.1% -0.1% 
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These effects are significant for personal characteristics such as age, gender, 

student status and employment status, which have marginal effects (per one standard 

deviation increase in the covariate) of 23.3%, 69.7%, 68.8% and 38.2% respectively on 

the probability of choosing to bike for non-home-based trips. Land-use variables such as 

the number of 4-way intersections, NMT accessibility index and the number of dead ends 

also have important impacts on the use of bike and walk modes. The  probability of 

walking rises 30.0% for one standard deviation increase in the number of 4-way 

intersections around the origin (relative to mean values) and 26.9% for a similar change 

in the NMT accessibility index of the destination TAZ. The number of dead-ends in a 

quarter mile radius around the destination has an effect of -30.5% on the probability of 

biking.  

 Table 10.16 shows the marginal effects associated with individual, household and 

land-use specific variables for all five modes that are chosen for non-home based trips. 
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Table 10.16 Percentage Change in Probability(mode) Associated with One St Dev. 

Change in Explanatory Variables for Non-home-based Trips 

Variables Pr(DA) Pr(SR) Pr(TR) Pr(WK) Pr(BK) 

Age 13.7% -20.6% -8.9% -16.9% -8.9% 

Male Indicator 1.1% -1.7% 1.1% 22.2% 39.5% 

Student Indicator 3.2% -4.9% 3.2% 3.2% 3.2% 

Employed Indicator 18.2% -28.0% 33.3% 18.2% 54.1% 

Vehicle per Licensed Driver 6.7% -9.3% -56.3% -43.7% -20.2% 

NMT Accessibility Index (Orig) 0.0% 0.0% 0.0% 46.0% 0.0% 

SOV Accessibility Index (Orig) -2.8% 4.2% -2.8% -2.8% -2.8% 

Entropy (Origin) - - - - - 

Density (Origin) 0.0% 0.0% 0.0% -14.5% 0.0% 

# of Dead-ends (Origin) 0.0% 0.0% 0.0% 0.0% -42.1% 

# of 3-way Intersections (Orig) 0.0% 0.0% 0.0% 11.3% 0.0% 

# of 4-way Intersections (Orig) 0.0% 0.0% 0.0% 25.7% 0.0% 

Free Parking Spaces (Origin) 0.6% -0.9% 0.6% 0.6% 0.6% 

# of Bus-stops (Origin) -0.1% -0.1% 16.7% -0.1% -0.1% 

NMT Accessibility Index (Dest) - - - - - 

SOV Accessibility Index (Dest) -3.9% 6.0% -3.9% -3.9% -3.9% 

Entropy (Destination) - - - - - 

Density (Destination) 1.0% -1.5% 1.0% 1.0% 1.0% 

# of Dead Ends (Destination) 0.0% 0.0% 0.0% 11.8% -57.2% 

# of 3-way Intersections (Dest) 0.0% 0.0% 0.0% 0.0% 42.8% 

# of 4-way Intersections (Dest) 0.0% 0.0% 0.0% 34.2% 0.0% 

Hourly Parking Price (Dest) - - - - - 

Free Parking Spaces (Dest) 0.7% -1.0% 0.7% 0.7% 0.7% 

# of Bus-stops (Dest) -0.1% -0.1% 11.8% -0.1% -0.1% 

  

The results highlight some of the BE variables that have significant impacts on 

the use of non-motorized modes for non-home-based trips. In particular, the NMT 

accessibility index is suggested to have a marginal effect of 46% on the probability of 

choosing to walk. Street characteristics also have major impacts; for example the number 

of 4-way intersections present around the origin and destination have impacts of 25.7% 

and 34.2%, respectively, on the probability of walking. The number of dead ends present 
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at the origin and destination, on the other hand, have impacts of -42.1% and -57.1% 

respectively on the probability of biking. They however do not seem to have any adverse 

effect on the probabilities of walking, consistent with the marginal effects of the other 

trip-types. Personal characteristics such as male-indicator variable and employed-

indicator variable both have high positive effects on the probability of choosing to walk 

or bike.  

 

10.5  Destination Choice among Interzonal Trips 

The PSRC’s 3,700 TAZs form a very large choice set, making MNL model calibration 

computationally too intensive for most, if not all, software packages.  To this end, 39 

TAZs were chosen randomly to merge with the chosen destination and create each choice 

set (while still allowing for consistent estimation of parameters, as proven by McFadden 

(Year). Destination choice models were estimated for three different trip purposes: home-

based work, home-based other and non-home based (similar to the mode choice models).  

Since mode choice (Table 10.5 to 10.10’s results) is nested within the (interzonal) 

destination choice here, the logsum terms across the 5 mode alternatives associated with 

each origin-destination pair were used, effectively as explanatory variables. The logsum 

of a mode choice model is defined as log ∑ 
������ , where i is each mode alternative 

present in the choice set of k alternatives, and Ui is the systematic utility of each mode 

alternative as determined by the mode choice model (by trip type). While calculating the 

logsum of the mode choice model, the availability of each alternative was also taken into 

account for each trip, thus the set of alternatives varied according to the time of day or 

trip origin/destination locations as explained in the mode choice section.  
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Other variables -- including network distances between each O-D pair and other 

destination-specific land-use variables also served as explanatory variables. The network 

distance was approximated from the drive-alone (AM Peak) distance which is usually the 

best representation of the network distance. Among the destination specific land-use 

variables, density and land-use mix were calculated at the TAZ level as explained earlier. 

Measures such as hourly parking price, number of intersections by type, and number of 

bus stops, which were only present at the parcel level, were estimated from the average of 

all parcels within a TAZ. Household demographics (such as gender, age, high-income 

and driving license status) were interacted with network distances and other, destination-

specific variables (like parking costs), in order to allow for the inclusion of such 

alternative-independent (i.e., constant-across-alternatives) demographic attributes. The 

age indicator (senior citizen) refers to people who are more than 65 years old and the 

high-income households were classified as households with income more than $100,000 

annually. 

 

10.5.1  Home-based Work Trips 

Table 10.17 summarizes the results of the HBW destination choice model. 

Table 10.17: Destination Choice Model Results: Home-based Work Trips (MNL) 

Variable Coefficient t-stat 

Hourly Parking Price -0.095 -1.31 

# of Dead Ends -0.00641 -4.32 

# of Bus Stops 0.0148 1.98 

Network Distance -0.195 -12.48 

Land Use Mix -1.67 -3.77 

Log of Employment 0.712 9.71 

Logsum of Mode Choice Model 0.395 -27.94 
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Table 10.17: Destination Choice Model Results: Home-based Work Trips (MNL) 

(continued) 

Variable Coefficient t-stat 

# of 4-way Intersections -0.00124 -2.24 

Density -2.76E-07 -2.23 

Male: Land Use Mix 0.35 2.52 

Male: Hourly Parking Price 0.0618 2.78 

Male: Distance to Bus Stop 0.3080 4.97 

Male: Total Number of Bus Stops -0.00465 -1.86 

Male: Network Distance 0.0486 14.43 

Male: Log of Employment 0.0718 2.82 

Male: Log of Population -0.0748 -6.45 

Male: Density -5.82E-07 -3.28 

Senior Citizen: Land Use Mix 1.49 3.58 

Senior Citizen: Network Distance -0.0189 -1.84 

Senior Citizen: Log of Employment -0.126 -1.73 

Senior Citizen: Density -1.30E-06 -1.62 

High Income: Land Use Mix -0.350 -2.29 

High Income: Distance to Bus Stop -0.105 -1.49 

High Income: # of Bus Stops 0.00182 1.48 

High Income: Network Distance 0.0103 2.93 

High Income: Log of Employment 0.0667 2.48 

High Income: Log of Population -0.0263 -2.08 

Licensed: Land Use Mix 0.750 1.69 

Licensed: # of Free Off-street Parking 
Spaces -7.46E-05 -3.06 

Licensed: Hourly Parking Price 0.136 1.89 

Licensed: Distance to Bus Stop -0.123 -2.03 

Licensed: # of Bus Stops -0.0122 -1.64 

Licensed: Network Distance 0.0761 4.93 

Licensed: Log of Employment 0.125 1.70 

Licensed: Log of Population 0.0484 4.89 

Number of Observations 6,615 

Final Log-likelihood -13,408 

Pseudo R-square 0.4513 
Note: t-stat of mode choice logsum coefficient calculated with respect to 1. 
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The home-based work destination-choice model results suggest that males with a 

drivers license from high income households are most likely to choose further 

destinations (i.e., those with longer travel distances). On the other hand, elderly people 

(greater than 65 years) are more sensitive to network distances. Home-based work trips 

are also positively correlated with the employment at the destination TAZ, and the male 

subgroup has a greater propensity of choosing such destinations. This makes sense since 

home-based work trips ought to have destinations that have high employment, and males 

are usually more likely to travel to these areas than females. The logsum of the mode 

choice model has a coefficient of 0.394 which is statistically different from 1, suggesting 

that there is a joint decision being made by the trip makers in choosing both destination 

and mode. Other land-use variables such as hourly parking price and land-use mix have 

negative coefficients implying that destinations with higher parking prices and land-use 

mix are less attractive to home-based-work trip makers. The distance to CBD variable has 

a negative coefficient implying that TAZs that are close to the CBD have greater utility, 

this is due to most work trips ending at work locations which are generally close to the 

CBD.  

 

10.5.2  Home-based Other Trips 

Table 10.18 summarizes the results of the HBO destination choice model. 

Table 10.18: Destination Choice Model Results: Home-based Other Trips (MNL) 

Variable Coefficient t-stat 

Hourly Parking Price -0.0987 -7.57 

# of Dead Ends -0.00793 -7.17 

# of 3-way Intersections 0.00562 7.64 

Distance to Bus Stop -0.212 -5.71 
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Table 10.18: Destination Choice Model Results: Home-based Other Trips (MNL) 

(continued) 

Variable Coefficient t-stat 

Network Distance -0.358 -52.44 

Land Use Mix -0.659 -4.46 

Density -1.68E-06 -4.61 

Log of Employment 0.447 20.38 

Logsum of Mode Choice Model 0.741 -13.53 

Distance to CBD 0.0197 9.05 

Log of Population 0.119 9.72 

Male: Land Use Mix 0.181 1.83 

Male: # of Free Off-street Parking Spaces -8.87E-05 -2.22 

Male: Hourly Parking Price 0.0351 2.73 

Male: Distance to Bus Stop 0.0860 1.88 

Male: Network Distance 0.0221 5.07 

Senior Citizen: # of Free Off-street Parking Spaces 7.18E-05 1.37 

Senior Citizen: Distance to Bus Stop 0.187 3.44 

Senior Citizen: Network Distance 0.0287 5.38 

Senior Citizen: Density 6.89E-07 3.07 

High Income: Land Use Mix -0.177 -1.65 

High Income: Distance to Bus Stop 0.105 1.90 

High Income: Network Distance -0.00839 -1.65 

High Income: Log of Population -0.0271 -2.66 

Licensed: Land Use Mix 0.777 5.12 

Licensed: Network Distance 0.137 20.67 

Licensed: Log of Employment 0.0424 1.72 

Licensed: Log of Population -0.0708 -5.51 

Licensed: Density 7.49E-07 2.04 

Number of Observations 15,798 

Final Log-likelihood -22624 

Pseudo R-square 0.6124 
Note: t-stat of mode choice logsum coefficient calculated with respect to 1 

The home-based other trip category destination choice model parameters are 

similar to the home-based work trip model parameters. However, the logsum of the mode 

choice model has a higher coefficient of 0.744 which implies that there is still joint 
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decision making in terms of choosing mode and destination, but the extent of the joint 

decision making is less for home-based other trips than home-based work trips. The 

presence of bus stops within a TAZ makes it more attractive as does higher employment 

and population. The presence of single Intersections (or dead-ends) has a negative impact 

on the utility of a destination, and on the contrary, the presence of 3-way intersections has 

a positive impact. The male sub-population is less sensitive to network distances and 

parking price. The distance to CBD variable has a positive coefficient implying that 

home-based other trips are more attractive to locations that are further from the CBD.  

 

10.5.3  Non-home-based Trips 

Table 10.19 shows the results of the NHB destination choice model. 

Table 10.19: Destination Choice Model Results: Non-home-based Trips (MNL) 

Variable Coefficient t-stat 

# of Free Off-street Parking Spaces -0.00016 -2.39 

Hourly Parking Price -0.0575 -4.22 

# of Dead Ends -0.00678 -5.75 

# of 3-way Intersections 0.00220 3.04 

# of 4-way Intersections -0.00185 -4.41 

Distance to Bus Stop -0.111 -3.30 

Number of Bus Stops 0.00762 5.41 

Network Distance -0.337 -47.97 

Land Use Mix 0.377 6.72 

Density -2.71E-06 -6.10 

Log of Employment 0.319 14.40 

Logsum of Mode Choice Model 0.580 37.50 

Distance to CBD 0.0272 14.68 

Log of Population 0.109 7.70 
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Table 10.19: Destination Choice Model Results: Non-home-based Trips (MNL) 

(continued) 

Variable Coefficient t-stat 

Male: Network Distance 0.0479 14.26 

Male: Log of Employment 0.0302 2.01 

Male: Log of Population -0.0473 -5.63 

Male: Density 3.14E-07 1.60 

Senior Citizen: Land Use Mix 0.847 4.93 

Senior Citizen: Hourly Parking Price -0.0607 -2.01 

Senior Citizen: # of Bus Stops 0.00566 1.74 

Senior Citizen: Network Distance -0.0342 -6.11 

Senior Citizen: Log of Employment -0.0732 -2.56 

Senior Citizen: Log of Population 0.0180 1.23 

High Income: Hourly Parking Price 0.0355 1.94 

High Income: Distance to Bus Stop 0.100 1.81 

High Income: Total Number of Bus Stops -0.00378 -1.83 

High Income: Log of Population -0.0530 -6.13 

High Income: Density 4.34E-07 2.23 

Licensed: # Free Off-street Parking Spaces 0.000142 2.06 

Licensed: Network Distance 0.140 20.22 

Licensed: Log of Employment 0.189 8.75 

Licensed: Log of Population -0.0426 -3.12 

Licensed: Density 1.37E-06 3.30 

Number of Observations 17,462 

Final Log-likelihood -28536 

Pseudo R-square 0.5576 
Note: t-stat of mode choice logsum coefficient calculated with respect to 1 

 

The non-home based trip category destination choice model has a mode choice 

logsum coefficient of 0.584, which means that for these trips, there is some joint choice 

decision being made. However, the joint choice decision is the most extreme for home-

based work trips and the least for home-based other trips. This makes sense since home-

based work trips are repetitive and people are more willing to choose modes based on the 
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destination. Home-based other trips are least affected by mode choice since people 

choose their desired destinations for these trips regardless of mode. The coefficient for 

land-use mix is positive for NHB trips implying that destinations with greater land-use 

mix attract more non-home based trips. Incidentally, the amount of free off-street parking 

spaces has a negative coefficient, which may be because these trips have very specific 

locations which may be in areas which are dense with less parking spaces. The number of 

bus stops and distance to bus stop coefficients have positive and negative coefficients 

respectively, implying that the presence and availability of public transit makes a 

destination more attractive.  

The male sub-population is less sensitive to both parking price and network 

distance while senior citizens are more sensitive to both. Licensed individuals are less 

sensitive to network distances and prefer destinations with more parking spaces which is 

possibly because they rely on drive-alone mode of transport.  

 

10.6  Case Studies 

The results from the household vehicle ownership and non-motorized trip generation 

models detailed in Sections 10.1 and 10.2 were applied to investigate the aggregate 

effects of moving households within the region. All households within the sample were 

moved into Seattle downtown area (with its high parking costs, high NMT and SOV 

accessibilities, high densities and network intensities, and so forth) and the relative 

change in the aggregate household vehicle ownership was observed. The downtown area 

is characterized by high job and employment densities, high accessibility indices and 

greater availability and density of transit. The results suggest that the average household 
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vehicle ownership level drops to 0.57 (from 1.89) which is an almost 70% reduction 

across the sample. 

 The non-motorized trip generation model was then applied using these household-

level vehicle ownership results, with all other sample demographics unchanged. The 

results show that the average NMT trip generation per household increases from 0.83 to 

5.93 (per every two days), which is a more than 6-fold increase. Although these case 

studies are impractical scenarios, they shed some light on the importance of built 

environment variables on non-motorized trip making. 
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CHAPTER 11: DISCUSSION 

These research results research highlight the importance of several built-environment 

variables for modeling non-motorized travel. The number and type of intersections near 

travelers appear to influence vehicle ownership and non-motorized trip generation as well 

as mode and destination choices. For example, a one percentage point increase in the 

number of 4-way intersections within a quarter-mile radius of the sampled households is 

estimated to increase household non-motorized trip generation by 0.36% (when evaluate 

at the means values). The interzonal mode choice model results also suggest that the 

number of 3-way and 4-way intersections near trip origins and destinations increases the 

utility of non-motorized modes. A one standard deviation increase in the number of 4-

way intersections at the origin may increase the probability of choosing bike and walk 

modes for interzonal home-based-work trips by 57% and 30%, respectively. The number 

of dead-ends at the origin, on the other hand, if increased by one standard deviation 

would decrease the probability of choosing biking for both home-based work and non-

work trips by ~30%.  These results underscore the importance of network connectivity 

for promoting non-motorized activity. 

The importance of bus stop provision (minimum distance and number of stops 

nearby) suggest that greater bus access leads to lower household vehicle ownership 

levels, which in turn leads to greater non-motorized trip generation. The destination 

choice models show similar results, where zones with higher bus-stop density are more 

attractive to trip-makers. The bus stop density, however, does not appear to be significant 

in mode choice utility expressions for biking and walking. However, the effect of bus 

stop provision may not be properly understood using the set of models developed in this 
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paper, since it may be an endogenous variable. For example, bus stops are regularly 

placed where demand is high, rather than vice versa.  

Although parking attributes (i.e., hourly price and number of off-street spots 

nearby) were estimated to be statistically insignificant when predicting household vehicle 

ownership, higher parking prices positively affected non-motorized trip-making and the 

number of free off-street parking spaces negatively impacted non-motorized trip-making 

(per household). The results of the destination choice models also suggest that higher 

parking prices negatively affect that destination’s choice likelihood. According to the 

mode choice model results, parking prices do not affect the utilities of bike/walk modes 

but do increase the utility of using the shared-ride mode (relative to the drive-alone 

mode).  

The TAZ level accessibility indices that were derived from the logsum of 

destination choice models, also highlight some important findings. Higher NMT 

accessibility index leads to lower household vehicle ownership levels and greater non-

motorized trip generation. The results suggest that a 10% change in the NMT 

accessibility index around the household may reduce average-household vehicle 

ownership by 3.6%. The drive-alone mode accessibility index, on the other hand 

negatively influences non-motorized trip generation. The results suggest that each 

percentage change in the NMT accessibility index increases non-motorized trip 

generation by more than 7%. On the other hand, each percentage change in the SOV 

accessibility index decreases non-motorized trip generation by more than 4%. Greater 

accessibility is, however, more conducive to interzonal trips (over intrazonal trips). The 

intrazonal vs interzonal binary logit model suggest that a 10% increase in either SOV or 

NMT accessibility index would decrease the probability of staying within the zone by 

24.9% and 28.9% respectively. The mode choice model results show that higher NMT 
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accessibility index at the origin/destination of trips usually results in a higher utility for 

walk mode. For example, for home-based work trips, the model suggests that the 

probability of walking would increase by more than 110% with one standard deviation in 

the NMT accessibility index. These results highlight the importance of making zones 

very accessible to non-motorized modes of transport to promote biking and walking. The 

NMT accessibility index may be increased by adding bike lanes, investing in better 

walkways, overpasses, creating ped-friendly intersections etc. 

The land-use mix index or land-use mix also influences non-motorized travel. 

Higher land-use mix at the origin destination makes zones more favorable for intrazonal 

travel, the results suggest that a 10% increase in the land-use mix index corresponds to a 

12% increase in the probability of choosing to stay within the zone versus going out of 

the zone. Since intrazonal trips are shorter, and heavily rely on non-motorized modes of 

transportation, the importance of having a good variety of land-use activities to promote 

biking and walking is underscored. 

  Other land-use variables controlled for here, as provided by the PSRC, including 

jobs and households and intersections within a quarter-mile of one’s origin and/or 

destination also are estimated to have meaningful impacts on vehicle ownership choices 

and the use of NMT modes. Of course, demographics also play a clear role, with all 

models suggesting that younger, non-working males and students are more likely to 

engage in non-motorized travel, perhaps due less aversion to the added effort, safety 

issues, and climate risks that walkers and cyclists may take, along with less income for 

consideration of more expensive modes. 

 The models developed in this paper, albeit comprehensive, have important 

limitations. The issues of self-selection and causation are not formally treated. Several of 

the parameters developed in the paper, such as NMT accessibility index, SOV 
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accessibility index, and density measure are highly correlated and may be competing 

variables in the models. The data used to estimate the models, although reasonably 

representative of the Seattle population, have not been weighted in the analysis. Including 

weights in the analysis should result in better models and estimates.  
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CHAPTER 12: CONCLUSIONS AND FUTURE WORK 

The results of all the models provide interesting insights into NMT and the role of 

various BE and demographic characteristics. While it is difficult to predict how much is 

actually due to self selection and how much is due to the characteristics themselves, 

formal analyses (such as those by Zhou and Kockelman [2008], Schwanen and 

Mokhtarian [2005] and Kattak and Rodrigues [2005]) find much evidence in favor of 

built environment effects, as long as one controls for a reasonable number of 

demographic attributes (such as income, education, age, and household size, which 

correlate highly with location choices).   

While the land-use variables controlled for here are reasonably extensive, 

buffered to addresses, and meaningful, they are limited. Since biking and walking are 

physical activities, various path attributes -- such as average incline, adjacent traffic 

volumes, presence (and width) of bike lanes and sidewalks, and the elevation difference 

between each O-D pair -- would be helpful in reflecting some key factors influencing 

bike and walk mode choices. Such factors are expensive to come by, but more and more 

transportation agencies are recognizing the value of such variables and seeking to expand 

their emerging inventories, to produce a next-generation set of models and results. It is 

hoped that such variables will result in more accurate (and precise) forecasts, and better 

decision making, including investments and policies that support more sustainable urban 

futures. Models of vehicle-miles-travelled and non-motorized-miles-travelled, per 

household and per person, would be very useful to run, and should be performed in 

coming work. 

The results underscore the importance of street connectivity (quantified as the 

number of 3-way and 4-way intersections in a half-mile radius), higher bus stop density, 
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and greater non-motorized access in promoting lower vehicle ownership levels (after 

controlling for household size, income, neighborhood density and so forth), higher rates 

of non-motorized trip generation (per day), and higher likelihoods of non-motorized 

mode choices. Destination choices are also important for mode choices, and local trips 

lend themselves to more non-motorized options than more distance trips. Intrazonal trip 

likelihoods rose with higher street connectivity, transit availability, and land use mixing. 

For example, the results suggest that an increase in the land-use mix index by 10% would 

increase the probability of choosing to travel within the zone by 12%.  

As expected destinations with greater population and job numbers (attraction), 

located closer (to a trip’s origin), offering lower parking prices and greater transit 

availability, were more popular. Interestingly, those with more dead ends (or cul de sacs) 

attracted fewer trips.  Among all built environment variables tested, street structure 

offered the greatest predictive benefits, alongside jobs and population (densities and 

counts). For example, a 1-percent increase in the average number of 4-way intersections 

within a quarter-mile radius of the sampled households is estimated to increase the 

average household’s non-motorized trip generation by 0.36%. A one-standard-deviation 

increase in the (mean) number of 4-way intersections at the average trip origin is 

estimated to increase the probabilities of bike and walk modes for interzonal home-based-

work trips by 57% and 30%, respectively. In contrast, increasing the number of dead-

ends at the origin by one standard deviation is estimated to decrease the probability of 

biking for both home-based-work and non-work trips by ~30%.  These results underscore 

the importance of network density and connectivity for promoting non-motorized 

activity.  

The regional non-motorized travel (NMT) accessibility index ( derived from the 

logsum of a destination choice model) also offers strong predictive value, with NMT 
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counts rising by 7% following a 1% increase in this variable – if the drive alone 

accessibility index is held constant (along with all other variables, evaluated at their 

means). Similarly, household vehicle ownership is expected to fall by 0.36% with each 

percentage point increase in the NMT accessibility index, and walk probabilities rise by 

26.9% following a one standard deviation increase in this index at the destination zone.  

A traveler’s socio-economic attributes also have important impacts on NMT 

choices, with demographics typically serving as much stronger predictors of NMT 

choices than the built environment. For example, the elasticity of NMT trip generation 

with respect to a household’s vehicle ownership count is estimated to be -0.52. Males and 

those with drivers licenses are estimated to have 17% and 39% lower probabilities, 

respectively, of staying within their origin zone, relative to women and unlicensed adults 

(ceteris paribus). Non-motorized model choices also exhibit strong sensitivity to age and 

gender settings. 

Several of the regional variables developed in this work, and then used in the 

predictive models, are highly correlated. For example, bus stop and intersection densities 

are very high in job- and population-dense areas. For example, the correlation 

coefficients between the bus stop density and 4-way intersection density is 0.805, 

between NMT and SOV AIs is 0.830, and between 4-way intersection density and NMT 

AI is 0.627. As a result, many variables presumably are proxying for and/or competing 

with each other, as is common in models with many land use covariates, and it is difficult 

to quantify the exact impact of each of these variables. Nonetheless, the models 

developed here provide valuable insight into the role of several new variables on non-

motorized travel choices.  

Some final case study applications, moving all households to the downtown area 

(that has high accessibility indices and density) illustrate to what extent these revealed-
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data-based models will predict shifts toward and away from non-motorized trip-making.  

Average household vehicle ownership levels are predicted to fall 70 percent, from 1.89 

vehicles per average household to 0.57, and average two-day NMT trip counts per 

household are estimated to jump six-fold: from 0.83 to 5.92. Such behavioral shifts are 

valuable to have in mind, when communities seek to reduce reliance on motorized travel 

by defining new built-environment contexts.  
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