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ABSTRACT OF THE DISSERTATION

An Empiricd Study of Alternative Fud Vehicle Choice by Commercid Heets: Lessonsin
Trangportation Choices, Cost Efficiency,
and Public Agencies Organization
by Soheila Soltani Crane
Doctor of Philosophy in Economics

Universty of Cdifornia, Irvine, 1996

Professors David Brownstone and Linda Cohen, Co-Chairs.

The concern about air pollution has led government agencies to desgn and implement
mandates to replace some commercid flegts gasoline vehicles with Alternative Fud Vehicles
(AFV9). InPat Oneof thisdissertation, | investigate the diffusion of AFVsinthe
commercid sector. Commercid fleets are frequently the first target of government regulation
because policy agencies can target alarge number of vehicles while regulating fewer
establishments relative to the household sector. Using stated preference survey data from
over 2000 commercid and locd government flegtsin Cdifornia, | estimate multinomia logit
and nested logit modd s of fud choice that predict the probability of choosing each type of
AFV. Given certain assumptions about vehicle technology, these models predict that starting
in year 2010, dmogt 17% of new vehicle purchases by the commercia and locd government
fleets will be dectric, aout 20% will be compressed natura gas, and dmost 21% will be

methanol vehicles.



| find that fuel choice probabilities differ depending on the market structure. Public agencies
seem to be more ARV friendly than private firms. Important factorsin fleet vehicle choice
are the degree of familiarity of the firm's staff with the AFV operation, the size of the

establishment, government regulations, and the availability of the refuding infrastructure.

In Part Two, | review hypotheses about the determinants of loca government agencies
efficiency and use the stated preference survey data to test these hypotheses. Public choice
models predict systematic differences among government agencies regarding their cost
consderations and sengtivity to environmenta issues. The empirical evidence identifies two
factors that affect government agencies performance. The firgt factor isjurisdiction: an
agency that has amore rigid boundary, such as a city or a county, seems to operate more
efficiently than an agency that has more flexible geographic boundaries, asisthe case with
the specid digtricts. The second factor is direct citizen voting: an agency director who is
subject to re-election seems to coordinate a more efficient agency operation than onethat is

appointed to the job as a career position.



CHAPTER 1
OVERVIEW

This dissertation is divided into two digtinct parts. In Part One, | develop models of
fud choice by commercid fleets and forecast the Alternative Fud Vehicle (AFV) choice
probabilities of commercid flegtsin Cdifornia. In Part Two, | develop theories about local
government agencies efficiency and use loca government flegts data of dternative fuel
choice to test these hypotheses.

The concern about air pollution has led government agencies to design and
implement mandates to replace some commercid fleets gasoline vehicleswith AFVs. In
Part One of this dissertation, | investigate the diffuson of AFVsin the commercid sector. |
focus on commercid fleets because policy agencies can target large groups of vehicleswith
reduced volume of choices. The success of these policies, however, dependsin part on the
response of businesses to the new technologies: How would commercid fleets respond to
the introduction of both a new wave of AFVsand the AFV mandates? How doesafirm
decide whether or not to purchase an AFV? Which types of firms are the most likely first
adopters of AFVs? How doesthe diffusion rate of AFVsvary across different segments of
the market? Why are there differencesin the rate of AFV diffusion among various groups of
fleet owners?

| estimate fuel choice modd s that predict the probability of choosing each type of
AFV inthe next fifteen years. These modd s predict the probability that an AFV would be

chosen by different types of firmsor loca government agencies. More importantly, these



models forecast how these probabilities change when technology assumptions are atered:
What if we could not make dectric vehicles with 150 miles vehicle range? What if we could
make compressed naturd gas (CNG) vehicleswith over 300 miles vehicle range? What if
we could improve on the refuding time or refuding cost of CNG vehides? My fud choice
models address these types of questions.

The results could aso assist policy makersin formulating their guiddines: Whet if we
did not have a zero-emisson mandate? What if we offered incentives for people to purchase
eectric or CNG vehicdles? What if we invested in dectric vehicle recharging infrasiructure?
What if we imposed gasoline taxes to pay for environmental damages?

Part Oneis organized asfollows: In Chapter 2, | describe the air pollution problem,
the proposed solutions, and explain why it isimperative to sudy the diffuson of dternative
fud vehiclesin the commercid sector. | dso inventory the main issues that this dissertation
addresses and present an overview of the previous research.

Chapter 3 describes the data and survey instrument, and explainsin detail the stated
preference scenarios that were used to gather vehicle choicedata.  Furthermore, | provide
some descriptive statistics on the sampled fleets. These include industry segmentation
breskdowns as well as vehicle and firm characteristics. This chapter provides some
background information about the type of firms that were included in the sudy dong with a
snap shot of their vehicle fleets characteridtics.

Chapter 4 presents the theoretical framework for my fuel choice modeds. | explain

why | chose the utility maximization modds, and why | modd the fleet managers utility



maximizing choices. Both multinomia conditiond logit modds and nested logt models are
briefly explained. Furthermore, | provide some modd specification tests to test different
models againgt each other.

In Chapter 5, | estimate the fuel choice models with the data from the survey of fleets
in Cdifornia, and analyze and interpret these results. Findly, | forecast the demand for
AFVshy fleet owners given certain vehicle technology assumptions. | predict that starting in
year 2010, amost 17% of new vehicle purchases will be ectric, about 20% will be
compressed naturdl gas, and amost 21% will be methanol vehicles. This predicted market
sharesfor AFVs are higher than the predictions for the household vehicle market, as
expected.

Chapter 6 concludes Part One of this dissertation by extending the fuel choice
models across different market ssgments. | classfy the firmsin my study by market
segments based on the degree by which they are regulated. | find that fuel choice
probabilities differ depending on the market structure. Public agencies seem to be more
ARV friendly than private firms. An important factor in fleet vehicle choice is the degree of
familiarity of the firm’'s saff with the AFV operation. Government regulations seem to affect
AFV choice greatly, and so does the availability of the refuding infrastructure. These
findings are important for both policy design and marketing purposes.

Part Two dedls with the public choice issues that might affect purchasing choices of
government agencies. In Chapter 7, | anayze the underlying reasons why public

organizations might respond differently to AFVs than private organizations and why | expect



to find variationsin both cost congderations and sengtivity to the environmenta issues within
public organizations. | first review the previous literature regarding public agency
organizations. Then, | formulate some hypotheses about purchasing decisions of
organizations that differ asto their geographical and structurd makeup. | usethefue choice
survey and estimate fuel choice models to examine the cost consciousness of public agencies.
Consequently, | use these models to test hypotheses regarding different types of government
agencies.  Theresulting evidence implies that two factors may affect government agencies
efficient performance. The firgt factor is geographic congtraint: an agency that has a more
rigid boundary, such as a city or a county, seems to operate more efficiently than an agency
that has more flexible geographic boundaries, asis the case with the specid didtricts. The
second factor is direct citizen voting: an agency director who is subject to re-election seems
to coordinate amore efficient agency operation than one that is gppointed to the job asa

career pogition.



PART ONE

MODELSOF ALTERNATIVE FUEL VEHICLE CHOICE

BY COMMERCIAL FLEETS



CHAPTER 2

BACKGROUND AND LITERATURE REVIEW

2.1 TheProblem

Our sophidticated trangportation systems have improved bility, but they have
aso contributed to air pollution. Emissions of carbon monoxide, nitrogen oxides, voletile
organic compounds, particulate matters, and other pollutants caused by transportation
sources threeten public heath. Although emisson levels have gone down in the last decade,
they remain dangeroudy high.* Emissions of over sixty percent of the carbon monoxide,
thirty percent of the nitrogen oxides , and twenty six percent of the volatile organic
compounds were attributed to highway vehiclesin 1993 in the U.S? Smdl and Kazimi
(1995) edtimate the hedlth related cost of gasoline automobile emissonsin Los Angeles area
to be 3.4 cents per vehicle-mile driven, which trandates to an annua cost of $442° per
vehide

Highway vehicles emissions could be reduced ether by reducing the quantity of
vehide-miles driven, or by reducing the amount of tailpipe emissons per vehicle-mile. Trip
management programs such as those encouraging carpooling and the congtruction of High

Occupancy Vehicle (HOV) lanes are attempts to reach the former objective. The

! See South Coast Air Quality Management District’s “1994 Air Quality Management Plan”,
September 1994, pp. ES-4.

? See Davis, 1995.

* Assuming 13,000 average annua vehicle-mile traveled (VMT) for automobiles. (Source:
Davis, 1995, Table 1.8)



effectiveness of trip management programs in reducing air pollution, however, has been
questioned. Smal and Kazimi (1995) study the cost of air pollution caused by motor
vehides. They find that “[c]hanges to both vehicles and fud can offer substantia aggregate
cost savings. But our findings do not provide much support for policies to reduce motor
vehicle use overdl.”

The amount of emission per vehicle-mile can be reduced by replacing current
vehicleswith vehicles that burn less fuel per mile, or with vehicles that produce less emissions
by usng cataytic converters, fue injection technology, or aternative fud vehicles. Fue
economy regulation has forced the automobile manufacturers to produce more fud efficient
vehidles. Higher gasoline pricesin the late seventies and early eghties encouraged some
consumers to seek fud efficient gasoline vehicles as away of reducing the cost of gasoline
refuding. Fue economy programs, however, have been thought to be margindly effective, if
at dl, with regard to the air pollution. Some studies have even clamed that fuel economy
programs have had an adverse affect on the air pollution because of the way per vehicle
emissions have been regulated. (Khazzom, 1988; Khazzom and Shelby, 1990)

Regulators have attempted to reduce emisson per vehicle-mile by setting alow
emisson limit per vehidle. Emission ceilings have continuoudy been lowered in the last two
decades and the Clean Air Act Amendment of 1990 has lowered them further. California
has been in the forefront of tough emission standards and is continuing this tradition by setting
emission restrictions below Federd standards. For example, a zero-emisson mandate is

proposed by the California Air Resources Board (CARB) which requires at least 10% zero



emission vehicle (ZEV) sdlesin Cdifornia starting in year 2003*. Similar mandates have been
and are likdly to be proposed which would require some mandatory replacement of the
conventiona gasoline vehicles with dternative fudl vehicles such as dectric vehides naturd
gas vehicles, or vehicles that run on acohol-based fuds such as methanal.

Alternative fud vehicles have aso become important because of energy concerns.
The U.S. has become increasingly dependent on imported petroleum to fill domestic
consumption needs. In 1993 imported oil and petroleum products accounted for nearly
50% of U.S. petroleum consumption.”>  The current political instability of major producers of
imported petroleum leads to supply and price uncertainties. These uncertainties may be
meagnified in the next decades as the easy-access supply of petroleum diminishes. Deeper
extraction levels of oil lead to higher cost of extraction and thus higher gasoline prices.
Vehicles run on eectricity, hence, may look more attractive in the presence of increasing
gasoline prices.

Government policies such as those described above have brought aternative fuel
vehices (AFVs) into the spotlight. Vehicle manufacturers claim that the technological
limitations of AFVswould make them unmarketable. Regulators, on the other hand, ingist
that an initial forced adoption of some AFVswould make way for mass production and
diffuson of AFVsand thus relieve air pollution problem as well as contribute to energy

Security.

* This is the 1996 revised version of the California's Zero Emission Mandate. The phase-in
plan of requiring 2% ZEV sarting in 1998 and 5% ZEV sarting in 2001, have been dropped.
The 10% ZEV requirement starting in 2003 is still in place.



For both air pollution and energy reasons, dternative fud vehicles have become an
important component of environmenta srategies. An AFV technology such as dectric
vehicles would dleviate both air pollution and energy security concerns because: (1) ectric
vehicles emit virtudly no carbon monoxide, (2) eectricity needed to run eectric vehicles
could be generated with generators that are less polluting, at least in concentrated urban
aress, and (3) dectricity generators could be run on non-petroleum sources. CNG and
alcohol-based fuels al'so could be generated independent of petroleum sources.
Furthermore, they are generdly less polluting than gasoline vehicles. Thus, regulators have
been devising policies to encourage the conversion of more gasoline vehiclesto AFVs. But,
devisng apolicy and ataining an actud level of adoption necessary to have a positive impact
on theair pollution are two different issues. Studies are needed to determine the extent of a
likely adoption of dectric vehicles and other dternative fud vehicles. This study addresses

these issues.

2.2 Why Study Commercial Fleets

There are three rlevant groups of vehicle consumers. households, commercid
entities, and government entities. These groups select from three mgor types of vehicles (a)
automobiles, (b) light-duty trucks, and (c) heavy-duty trucks. The highest leve polluting
vehicles (per vehicle-mile) are heavy-duty trucks. According to Smal and Kazimi (1995),

heavy-duty diesdl trucks cause a 53 cents per vehicle-mile cogt to the public hedth in the

® Source; Davis, 1995.



Los Angdes Basin area, compared to the health cost of automobiles which is estimated at
3.4 cents per vehicle-milefor 1992. Heavy-duty trucks vehicdle-milestraveled (VMT) has
increased faster than persona vehicles VMT in the past years® and heavy-duty trucks fuel
economy is subgtantidly lower than light duty vehicles (about 7 miles per galonin 1987
compared to over 20 miles per galon for persona vehicles). This could trandate into higher
fud consumption and thus higher emissons from heavy-duty trucks per vehicle-mile
compared to the other types of vehicles. In fact, emissons of nitrogen oxides (NO) from
heavy-duty vehicles congtitute 32% of NO, emission in 1980 and 36% of NO, emissonin
1990 by al transportation sources.”

Thus, it ssemslogica to target heavy-duty vehicles in emission reduction programs.
Heavy-duty trucks, however, are not regulated as much as other types of vehicles.
Cdifornia Air Resources Board' s restrictive AFV emissions schedules do not apply to
heavy-duty trucks. One reason could be that the trucking industry is a strong lobbying group
with much political power to shidd itsdlf from cost inducing regulation. Ancther reason could
be that dternative fuel vehicle technology is not mature enough to meet the demands of heavy
truckswith high dally VMT.

Among light-duty vehicle users, the household vehicle group is probably the group
that contributes more emissions on aggregate than commercia fleets. Household vehicles

conditute a substantialy larger portion of the vehicle popuation - the persond vehicle stock

® Source: Davis, 1995.
’ Source: U.S. Environmental Protection Agency, National Air Pollutant Emission Estimates,
1900-1993, 1994, p. A8.




of automobilesin the U.S. isreported at over 113 million while smilar vehidesin flegts of 10
or more are estimated to be about 7.6 million vehicles”. The household vehicle stock is older
and thus more polluting than commercid vehicle sock (shown in Figure 1 by skewness of
the vintage/ vehicle count distribution of household vehicles compared to fleet vehicles).
However, households drive their vehicles less than fleets do. In 1992, household average
vehide miles traveled (VMT) was 13,031° while commercid fledts average VMT was a
least twice that™.

Even though the overal emisson contribution from household vehicles may be larger
than commercid fleets, it may be more practicd to target commercid flegts asthe first to use
AFVs. There are savera reasons. Fird, fleets have multiple vehicles and can rotate the
vehicdlesfor specific duties. They have more flexibility in choosng vehicle composition and
range limits. Second, fleets have on-Ste refuding capabilities. They do not depend on
outside refueling stations as much as households do. Third, fleets have more expertise with
vehicle usage and maintenance than average households do. They could operate unfamiliar
technology easier than households could. Fourth, it might be paliticaly easier to mandate
commercid entities to absorb socid costs of air pollution than it is to mandate households.

Findly, it iseaser to monitor commercid fleets than households for regulations compliance

8 Note that commercial fleets vehicles here do not include trucks.
Source: Davis, 1995. (ORNL-6856. Edition 15 of ORNL-5198) Table 3.3.

® Source: International Energy Studies, Energy Analysis Program, Lawrence Berkeley
Laboratory, Berkeley, CA 1994. See Appendix C.

10 Commercial fleets VMT figure is from the fleet survey conducted by University of
Cdiforniaat Irvine and Davisin 1994.



sgnce commercid entities are substantialy fewer and each possess a higher number of
vehicles. Most AFV studies, however, have concentrated on the household demand.
(Karfig, Upton, and Agnew, 1978; Beggs, Carddll, and Hausman, 1980; Train, 1980;
Hensher, 1982; Cdfee, 1985; Bunch et d, 1992; Brownstone & Ren, 1994; Ren, et d,
1995.) Inthisstudy, | focus onthe commercid fleets. | use adata set that surveyslight-
duty commerciad and loca government fleets, excluding State and Federal government fleets,

emergency fleets, and rentd fleets.




Figurel
VehicleModd Year Distribution For Commercial Fleets and Households

Source: 1993 vehicleregistration data from Califor nia Department of Motor Vehicles (DM V)™
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1 First, a random sample from the California Department of Motor Vehicle's records of all
registered vehiclesis obtained. This sample consists of 1.8 million records. Then, an agorithm
is implemented which looks for words that could identify arecord as a business establishment,
a household, a state government office, alocal government office, or other establishment types.
Thus, records are categorized into severa distinct categories. The Commercia Fleet’s count
includes businesses that have over 10 vehicles. The household vehicles comprise over 70% of
al records in the 1.8 million sample.



2.3 PURPOSE OF THISDISSERTATION

2.3.1 Government I ntervention | ssue

Isit necessary to have government mandates to encourage AFV use? To address
this question, | estimate the degree of market penetration of AFV'swith and without
government intervention.  Even though some vehicle types are available with dternative fud
technology, these AFVs are still more expensive and perform less favorably than their
gasoline counterparts. Higher capitd cog, limited range, higher refuding time, lower
refueling Station avalability, and limited cargo space make AFV's unditractive to most vehicle
purchasars. The ar pollution reduction festure of AFVs, which istheir favorable
characterigtic, does not enter in the cost consderation of most consumers. We can expect
that for most purchasers, the private cost of operating their vehicles does not include the
socid cogt of ar pollution. Vehicle purchasers do not have an incentive to absorb higher
capital costs and lower performance of obtaining AFVs smply because they are less
polluting. Sincetypica vehicle usars are currently not paying for their vehicles tailpipe
emission, there is no incentive for them to switch to AFVs. Thus, we can expect that AFVs
diffuson in the market solely through market forces would be dow, if ever, unless vehicle
users were to be pendized for their vehicles emissons. In this dissertation, | will provide
some empirical evidence that supports this argument. | also study different policy scenarios

and their impact on the AFV diffusion.



2.3.2 AFVs Technology Development_

How could AFVs improve technologically to become more competitive in the
market? What values do vehicle purchasers place on each vehicle attribute and how do they
perceive tradeoffs between these attributes? For example, what is the value of increasing an
electric vehicle srange by ten miles, or decreasing a compressed natura gas vehicle's

refueling time by ten minutes? | will provide some empirical answers to these questions.

2.3.3 Targeting the Right Consumer Groups

We dso need to know what vehicle purchaser groups are more likely to be the first
to adopt AFVsand why. Thisinformation is crucid for marketing purposesin launching a
successful campaign for AFV's so that the more likely adopters could be targeted directly.
Also, policy-makers need this information to design proper incentive programs (subsidies
and /or fines) that would motivate non-adopters to consider AFVs. | address these

problemsin this research.

2.3.4 Diffusion RateUnder Different Assumptions

Assuming various technologies and incentive programs, | answer the following
guestions. Are the current types of AFVs marketable? What would be the diffuson rate of
current AFVs? How would technologica improvementsin AFV attributes such as range and

refuding time affect their demand? How would government intervention affect AFV



diffuson? | smulate some policy and technology states and cdculate the diffusion rate for

each state.

24 LITERATURE REVIEW

2.4.1 Technology Diffusion Literature

Diffusion of anew technology takes place in two phases. Intheinitid phase, the
technology is unknown and only afew innovators adopt the technology. Then, alarge
number of imitators follow the innovators and adopt the new technology. Theinitid phaseis
usudly dow but very crucid in the success of the product diffuson. Profitability and
competition are reasons that affect adopters decision to adopt or not. (For a complete
andysis see Reinganum, 1989)

Intheinitid phase, as new firms adopt the new technology, they could cause positive
or negative externdities for the later adopters. Negative externdities occur when new
entrants reduce the profitability that the previous entrants have enjoyed. Positive externalities
occur when networking externaities exist. Dybvig and Spatt (1983) provide an anays's of
adoption when adoption externdities are public goods. They introduce a modd of the firm
profit function when networking (pogtive) externdities exist in new technology diffuson.
They consder government intervention and present an optima intervention modd. This
mode could be gpplied to Stuations like computer technology, standards such as the metric

system, and computer languages. The infrastructure networking externdities in the case of



AFV adoption could dso fit inthe modd. For AFV's, these externdities include the
fallowing: (1) service ation availability and refueling training, (2) mechanica expertise and
familiarity, and (3) safety and performance testing.

Farrdl and Saloner (1986) explore the networking effect. They consider the relation
between the ingtalled base of an old technology and the adoption of new technology. They
argue that when anew product is compatible with the old installed base, the new product
gets adopted much fagter. They investigate the conditions under which the adoption may be
delayed because of “excessinertiad’, or when the extent of the installed base of the old
technology delays the switch to the new, superior technology even when the new technology
would be more efficient. AFVsare more efficient with repect to air pollution (and noise
pollution in the EV case) but less efficient in most other vehicle attributes than gasoline
vehicles. AFVshave generaly higher codts, lower range, higher refuding time, and lower
cargo capacity than gasoline vehicles. Thus, their diffusion is expected to be dow, if it
occurs at al. But the “ingtaled bass” of gasoline service gations, repair and maintenance
fadlities, and consumers driving and refueling practices may delay the AFV adoption even
more. How doesthis “ingtaled base” affect potentia adopters of AFVS? | will provide
some empirical answers to this question by exploring the impact of on-site refuding, service
dation availability, and on-gte maintenance facility on AFV diffusion.

Some of the technology diffusion literature has focused on the relation between
market structure and new technology adoption. Hannan and McDowell (1984) present an

empirica study of the banking indusiry and ATM technology adoption. They find that larger



firms had a higher conditiona probability of adoption of this new technology. | will aso
explore the relation between firm Sze and AFV adoption later in this dissertation.

Another way to assess the value of technology devel opments to the consumersis by
eslimating hedonic models. Here, the valuation of new technology aitributes are measured
using reveded preference data. A good example is Trgjtemberg (1989) who estimates the
welfare enhancing vaue of technologica developmentsin the case of Computed
Tomography Scanners (CAT scanners). | do not use hedonic models here, sncel usea
stated choice hypothetical data as the basis of my vauation method. The use of hedonic
models of vehicle attribute values could be an option for future studies when the actud
choices of dternative fuel vehicle adoption are observed, assuming that any AFV incentive

programs could be satisfactorily controlled in the studies.

2.4.2 Transportation Literature

Past research on the subject of the demand for AFV by the commercid fleetsis
limited. | examine this literature from four angles: (1) the type of dternative fuel vehicle, (2)
the universe of the fleet vehidles, (3) the kinds of fleet characteristics thought to be important

in ARV choice, and (4) modeling practices.



2.4.2.1 Alternative Fuel Vehicles Type

Many studies explore the fleet market potentia for one type of dternative fue only.
Shonka (1980) and Berg, et a (1984) study the potential market for electric vehicles.
Easton Consultants (1991), Beiderman and Blazek (1990), and Marshment (1991) explore
the fleet market for natural gas vehicles. Methanol vehicles demand by the fleet market is
investigated by Wachs and Levine (1985) and Lareau (1990).

With the increasing regulatory pressure to substitute a portion of fleet vehicles with
dternative fud vehicles, thereis amore urgent need for a comprehensve fleet vehicle
demand mode that would explore the demand for different AFVsin the presence of more
than one type of dternative fud. In this study, the demand for three mgor types of the
AFVsaeinvesigated smultaneoudy. Thisisamore redigtic setting than the dedicated
dudiesare. Actud fleet managers will be confronted with choosing among severd types of
dternative fud vehicles, once AFVs become widdy available. The fud type variety aswell
asthe large scale survey instrument that will be discussed later have created the foundation

for the most comprehensive AFV fleet demand study to date.

2.4.2.2 The Universe Of The Fleet Vehicles

The population of the fleet vehiclesis not satisfactorily determined in the past
research because of (1) inconsistenciesin the definition of fleets, (2) oversampling of the
larger fleets, and (3) non-representative sampling practices (For acomprehensive analyss

see Miaou, 1992). A Dunn and Bradsireet list of firms, for example, has been afavored



source of fleet population (See Berg, et d, 1984; Hill, 1987). The Dunn and Bradsireet list
contains only larger organizations, most probably with larger vehicle flegts, and is not even a
complete list of larger fleets.

In this study, | overcome these problems by using a representative sample of the
Cdiforniafleets compiled by the Indtitute of Trangportation Studies at the University of
Cdifornia, Irvine and Davis. Here the flet is defined as a commercid or loca government
establishment with ten or more light duty (up to 14,000 pounds) vehicles a Ste. From the
comprehengve ligt of dl vehidesregisered in Cdifornia by the Department of Motor
Vehicles, alig of the siteswith ten or more registered vehicles was obtained. Rule-based
agorithms were employed to diminate resdentia, State and federa government, rental, and
emergency vehicleflests. Thisis because CARB’ s regulation gpplies only to certain
commercid fleets. Sight differences in regigtration names and addresses were aso identified
and integrated. Following this procedure, the most comprehensive list of the fleet population
in Cdiforniawas created. The survey that | usein this study was conducted on asample

from thislig.

2.4.2.3 Important Characteristics Of New Fleet Purchases

NAFA (1991) and Runzheimer (1991) report that the mgority of business flegts
congder “initid purchase price’” and “job suitability” as the most important factors when
purchasing or leasing new vehicles. Runzheimer’s survey suggests that 19% of the leading

fleet management consider the cost of maintenance and repair as the most important



criterion for choosing their vehicle fleats, 16% say that vehicle disposal price isthe most
important criteria; 13% cite new car price asthe most critica point; and 12% regard the
cost of gasoline as the most important criterion for selecting vehicles for their business flest.
Compare this criterialist with that of the government fleets: 37% of government fleet
managers cite cost of maintenance and repair, 28% cite the cost of gasoline, 11% regard
the quality of car maintenance and repair, and 8% consider the new car price asthe
most important criterion to select their fleet vehicles. Runzheimer’s study concludes that
government fleet managers may be less concerned with theinitia purchase price.

Neshitt (1993) reviews the previous research on the fleet demand for AFV aswell
as reports on the findings from his 29 one-on-one interviews and seven focus groups. The
interviews were conducted in Sacramento and Los Angeles. He finds that other than cog,
the main barriersin usng EVsand NGV's (naturd gas vehicles) in fleets are practical
limitations. Operationa redtrictions, such as range limits and recharging times, are the biggest
concernsfor EVs. Fud avallability and safety are the primary NGV concern. The resde
vaue isimportant to some fleet managers, however, it isnot amgor purchase criterion.
Neshitt dso finds that large fleets are more informed and more willing to try EVsand NGVs.
Smdler fleet organizations, on the other hand, indicate that they would wait for larger fleet
organizations to assume theinitia risks associated with purchasing AFVs.

Shonka's study (1980) is based on asurvey of fleet managers. His study finds that
the respondents were willing to pay on average an extra $1.03 for each additiona mile of

range (with the base range being 100 miles).



These kinds of prdiminary findings regarding the operationd behavior of fleets and
the perceived tradeoffs need to be tested in a uniform manner. Our detailed survey provides
awedlth of resources to investigate the vaidity of some of the previous hypothesesin amicro

manner.

2.4.2.4 Modeling

Most flegt studies so far have been descriptive andyses of fleet compostion with
some conjectures about future trends. Determination of the likely market penetration has
usually stopped at the market potentia of the types of vehicles that could be replaced by
exiging AFVs. Berg, et d (1984) and Berg (1985) are among the most cited of these
dudies. Berg (1985) isan andysis of the EV fleet market potential based on asurvey
conducted during fal of 1982. A sample of fleet operationsis drawn from the Dunn and
Braddreet list of fleetsin the United States. The survey consists of 583 telephone
interviews. The god of the study was to examine the “ potential” market rather than the
“penetration” of the eectric vehiclesin the fleet market. “Potentid” market referred to the
upper limit of the possible number of fleet vehicles that could be replaced by the EVS. Berg
avoids theissue of “penetration” on the ground thet it is based on highly qualitative
assumptions and procedures. He estimates that the “potential” market for the eectric
vehicles across both commercid and household sectors is between 2.5 and 7 million out of

12.7 million light duty vehicles.



A few dudies have developed some forma modds of the AFV fleet demand. Hill
(1987) congtructs atheoretical derived demand model of fleet demand for electric vehicles.
He specifies an econometric model employing a heteroscedasticity- corrected double Tobit
model for hisandyss. He uses an experimenta design instrument to generate data for a
nine-cdl matrix of life-cycle cost and range combinations. Each respondent is given one
randomly chosen combination of life-cycle and range from the nine cell matrix and asked to
indicate if avehicle of the sort described would be useful in his vehicle fleet operation, and if
s0 how many he or shewould use. The question was included &t the end of the Nationd
Commercid Vehicle Fleet Managers survey. A totd of 474 fleet managers responded to the
questions. One problem with this study is that the sampling practice resulted in asample bias
towards larger fleets. Another shortcoming is lack of sufficient control for firm specific
variables such asindustry type and vehicle usage.  Other problems with this work include
the congtraint of looking at only one fuel type and attempting to measure the tradeoffs
between only two vehicle attributes with limited variations. For instance, refueling time,
which is an important limitation of AFVs, is not consdered.

A richer set of econometric modeling procedures has been devel oped with respect
to the household demand for the AFVs. Train (1980) is one of the most cited household
vehicle choice studies. Ren, et d (1995) takes this gpproach further by employing amore
elaborate survey insrument. Ren, et a. develops a conditiona logit mode with the current

vehicle holdings and household characteristics as well as fue specific attributes predicting the



probabilities of each fuel type choice (choices are EV, NGV, methanol, and gasoline) based
on some stated choice hypothetical scenarios.

For the fleet AFV demand, | extend the household choice moddls to the commercia
sector, incorporating some of the important covariates found in the previous fleet studies
such as cog, range, and vehicle body type. | include some additiona covariatesthat are
gpecific to the commercid sector fleet sudy. These include industry type, vehicle duty
function, and in-house maintenance and service facilities. | aso examine issues discussed in
the technology diffusion literature. | consder the impact of infrastructure, firm sze, and
networking effects on fuel choice by using proxy varigbles for these covariates in the choice

modd.



CHAPTER 3

THE DATA

3.1 The Survey

The data conssts of a commercid fleet survey conducted by University of
Cdifornid s Indtitute of Transportation Studies at Irvine and Davis in the Spring of 1994.
The sample of fleet Stes was sdected from the motor vehicle regidtration records. An
agorithm was implemented that screens the commercid and loca government fleets. The
sample was Site based and in some cases multiple locations of a firm were interviewed.
Sample sites were drawn with probability proportiona to their fleet sze.

The survey was conducted in two stages. First, a CATI (Computer Assisted
Tdephone Interview) was designed to identify digible firms. Eligible firms were those with &
least ten vehiclesin their organization that weigh less than 14,000 pounds each. If a
headquarter was reached where vehicles were registered but not operated, the interviewer
tried to locate and contact the largest fleet Site where vehicles were operated. Once an
digible ste was reached, the interviewer asked to talk with the fleet manager. Detailed
information was obtained about the organization’ s specific characterigtics and its vehicle
fleets. A totd of 2715 interviews were completed in this stage of the survey.

Second, following the CATI, a customized mail-out questionnaire was sent to the

regpondents. Two customized hypothetica vehicle choice setsfor two of the firms' vehicle



body types were included in the mail-out. Of the 2715 CATI respondents who completed

the CATI part of the survey, 2131 aso returned the mail-out questionnaires.

3.2 Stated Preference Modeling

The objective of this study isto find fleet managers preferences for vehicle fuel
types. Thisisbest accomplished by observing consumers actua choices among vehicles
running on different fud types, thet is, by their revedled preferences. Unfortunatdy, since
some of these fuel types are not commercidly available at the present time, it isimpossible to
observe consumers actual choices. An adternate method of studying preferencesis stated
preference modeling. Using stated preferences, as opposed to reveded preferences, to
model consumers behavior, one can study the expected reception of new and future
technology.

There are two broad types of stated preference experiments. (1) A set of
combinations of attributes which define a product or a serviceis presented to the
respondent. The respondent is asked to ether rank or rate his preferred choices among a
st of possible choices. (2) Anindividud isasked to choose one of the combinations of
attributes. Here, no information is sought on the choices that are not picked. (Hensher,
1994) The advantage of thefirst gpproach is that information on dl the choices are
gathered. The disadvantage is that the data by itself does not alow for directly predicting the
market share and thus some transformation of the data to accommodate market share

“predictions’ are necessary. This problem does not apply to the second approach.



However, using the second gpproach, the information on the second choices and so on is not
avalable. For the stated preference experiment, we designed a set of SP scenarios that
combines the best features of both these approached. In each SP experiment, we gave the
respondent three scenarios that describe three vehicles asto its fud type, price, operating
characteristics, and other attributes. Each respondent is asked to divide up hisor her entire
vehicle fleet between the three given choices. Thisway, we capture the features of both
types of SP methods by giving the respondents both arange of attribute levels and away of
ranking the choices. We generate atota of 64 different experiments which dlow usto ater
atribute levels for estimating the importance of each attribute in the respondents choices. At
the same time, we do not lose information on the second and third choices because the
respondents indicate how they would divide up their vehicle fleets between the three choices,
These responses can readily be interpreted as percentages of the fleet chosen for each fuel
type and thus they can be used as choice weights in adiscrete choice modd. The
probabilities assigned to each dternative, then, can be estimated from the responses to these
hypothetical scenarios.™

A magjor potentia problem with stated preference modeling is that the respondents
may misrepresent their true preferences or actua choices for severa reasons. (1) The
respondents may be careless in responding to a questionnaire. We tried to detect this

potentia problem by asking about the same information in different parts of the survey and

12 For an overview of experimental design and its use in the Stated Preference survey, please
see Louviere, 1993. For an overview of the Stated Preference method, please see Hensher,
1994,



comparing the inconsstencies. The responses with severe inconsstencies then were
eliminated from the estimation. (2) The respondents may not understand the question
correctly or may not be familiar with technica attributes when describing vehicles. Eisner
(1987) discussesthisissue. We believed that this potential problem was minima in our
sample because our respondents were profess onals whose speciaty were managing vehicles
and thus could understand the technica description of the vehicles. (3) The respondent may
intend to present afaseimage. This could be apotentid problem especidly since we were
dedling with sengtive environmental issues and one may worry that some firms may want to
fdsdly project theimage of being AFV friendly. Thistype of firm may actudly say thet they
would purchase dectric vehicles but only purchase one or two token vehiclesin redity. We
cannot eliminate this concern completely. However, wetried to dleviaeit by having an
open-ended response section for SP vehicle choice, and by dividing the stated number of
vehidesin each fud type category into anumber that would indicate the percentage that it
represents out of dl vehiclesin the firm'sflest.

There are other potential problems with the SP data. Koskenoja (1996) reviews
this literature in the context of trave time reliability. One potentid biasisframing of
choices. Framing of choices refers to the bias caused by the way choices are worded. That
IS, if we presented the same information in a different form, it may have an effect in the
outcome. Wetried to minimize this problem by listing dl aitributes of the three choicesin

each experiment Sde by sdein three columns. We dso took extra care in wording of each




question and tried to minimize questions or descriptions which may have some dternative
interpretations.

Each choice st in the Stated Preference (SP) survey included three of the following
four fuel types. eectric, compressed natura gas (CNG), methanol, and gasoline. The fud
type that was not included in the first SP scenario was aways included in the second SP
scenario. In thisway each respondent was given al four fud types as choices, except for a
smadl subgroup of firmswhich only had one type of vehiclein ther fleets and therefore did
not get asecond set of SP scenarios. Attribute levels variations resulted in having 64
attribute-leve / fud-type cdls. Respondents were randomly assigned one of these 64 cdlls.
A detailed description of the attributes for each of the hypothetica choices was included.
The attribute list included fud type, range, capital cost, operating cost, and tailpipe emission
levedl. A completeligt of the attributes isfeatured in Table 1. A sample mail-out for the two

Stated preference scenarios is shown in Appendix |.



Name

Tablel

Variable Descriptions And Variations

unit

Description

Capitad Cost

$10,000

Cars & Station Wagons, Minivans, Full SzeVans,
Compact Pickups, Full Size Pickups

Electric: 14:;17;20

CNG: 14:;16;18

Methanol: 1.3;15;1.7

Gaoline 13;15;17

Smdl & Medium Shuttle Buses
Electricc 8.0;10.0;12.0
CNG: 40:;5.0:;6.0
Methanol: 4.0;5.0; 6.0
Gasoline 4.0;5.0;6.0

Trucks (6,000-14,000 Ibs)
50:6.0:70

Range

100 miles

Electric:  0.60, 1.00, 1.50
CNG: 0.80, 1.50, 2.75
Methanol: 1.50, 2.00, 2.50
Gasoline: 2.50, 3.00, 3.50

Operating Cost

cents/
mile

Electric vehicle cost for day charge
8, 12, 20

centy/
mile

Electric vehicle cost for overnight charge
2,4,6

cents/
mile

CNG, Methanal, & Gasoline refuding cost
CNG: 7,9, 11 Methanal: 9,11, 13 Gasoline: 8,
10, 12

On-Ste Refuding
Unit Cost

CNG dow-fill unit cost: 2,000; 3,000; 4,000

CNG fast-fill unit cost: 75,000; 100,000; 120,000

Methanol ontsite pump cost: 45,000; 50,000;
60,000

On-Site Refuding
Currently In Place

dummy

Gaoline
= 0if no on-gterefuding
= 1if currently has on-Ste refuding pump




Name

unit

Description

(from survey responses)




Table 1 (continued)

Variable Descriptions And Variations

Name unit Description
On-Ste Refuding hours | Electric vehicle on-site recharging time: 3, 4, 6
Time
hours | CNG on-gte dow-fill refuding time: 1, 2, 4
minutes | CNG on-ste fagt-fill refuding time: 10, 15, 30
Service Station raioto |Electricc 1,2,5
Availability Rdative | every 10 | CNG: 1,37
To Gasoline Stations| gasoline | Methanol: 1, 3,7
gation | Gaoline 10
Refuding Time At minutes | Electric: 20, 30, 60
Service Station
minutes |CNG: 5,10, 15
minutes | Methanol: 7
Gasoline: 7
Dud Fud Cgpability | dummy | Electric vehicleonly =0
Electric vehicle with gasoline extender (Hybrid) = 1
dummy [CNGonly=0
CNG with gasoline capability = 1
Home Refuding CNG: 0=not avaladle
Availahility $2,000 = cost of home unit
$4,000 = cost of home unit
Electric home recharging aways available for body
type = cars and station wagons
Cargo Capacity relativeto | Electric: 0.6; 0.7; 0.8
gasoline
vehicles
relativeto | CNG: 0.7; 0.8; 0.85
gaoline
vehicles
Methanol: same as gasoline
Totd Vehicles Of 10,000; 50,000; 100,000
Smilar TypeOn
Road In Cdifornia
TalpipeEmissons | relativeto | Electric.  zero
new 1993 | CNG: 10%, 25%, 40%

gasoline

Methanol: 25%, 40%, 60%




Name

unit

Description

vehicde

Gaoline  25%; 60%:; 100%




3.3 Description Of Sampled Fleets
Thetotal number of vehiclesin our sampleis 136,000. Approximately 50% of the
vehidesarein fleet Stes of 200 or more vehicles. Roughly 50% of the sample fleet Sites

have less than 25 vehicles.

3.3.1 Industry Segmentation and Fleet Characteristics

| have divided the sample into twelve industry types. Theindustry types are
classified usng athree-pronged gpproach: (1) the fleet managers sdlection of pre-described
industry categories which are taken from two-digit Standard Industrial Codes (SIC), (2) my
own assgnment of industry types based on an open ended question asking the fleet
managers to describe the kind of work that is done at the establishment, and (3) comparison
of the results from steps (1) and (2) with the establishments names™. The industry types are
coded into twelve customized categories. This coding procedure permits a more up-to-date
classfication of the industries. For example, anew category of “household services’ is
crested congsting of loca home-related smal businesses such as gardening, plumbing,
heating and air-conditioning repair, and so on. Theligt of these indusiry categories, their
respective fleet numbers, and their average fleet Sze in the sampled flegts are shown in Table

2.

3| thank Jane Torous for her assistance in assigning new classifications for industry types.



Table?

Descriptive Statistics by Fleet Industry Types

Fleet Types Number % of Average | Average
of Fleet Total Fleet Annual
Sites Fleet Size VMT
Sites

Agriculture 9 4.6 28 22,300
Automotive Business or Service 66 3.3 22 28,300
Banking & Insurance 56 2.8 44 18,400
City & County Government 291 14.4 174 16,500
Congtruction & Contracting 263 13.0 30 24,500
Household Services and Trades 256 12.7 30 22,300
Manufacturing 230 114 49 23,700
Miscellaneous Industries 32 1.6 113 16,700
Retaill & Wholesdle Sdes 133 6.6 37 27,900
Services for Business & 202 10.0 32 28,000
Professond Organizations.
Schoals (public & private) 195 9.6 65 14,000
Transportation & 162 8.0 109 36,000
Communications
Unknown 43 2.1 38

Thetop five industry categories of fleetsin our sample are city and county

government (14.4%), construction and contracting (13.0%), household services and trades

such as plumbing and hesting (12.7%), manufacturing (11.4%), and services for business

(10.0%). Our sample excludes vehicle rental company fleets and federd and State

government fleets.

The variation of average annud vehicle milestraveled (VMT) across different types

of firmsisadso interesting to examine. City and county agencies have the highest vehicle fleet

gze, while they have lower average annua VMT compared to al but one other industry

group.




3.3.2 Firm Characteristics

One important characteristic of fleet Stesiswhether or not the Site is equipped with
maintenance, service, and refuding facilities. Some clean fud mandatesinitidly only target
fleet Steswith on-Ste refueling capabilities. We have included questions about maintenance
and refuding practicesin the survey. Table 3 lists statistics on on-Site refueing cagpability of
the firms by industry types. Mogt “city and county agencies’ (76%), “schools’ (72%), and
“agriculture’ organizations (71%) in our sample have on-Ste refuding fadlities. “Banking /
insurance industry” and “household services’, on the other hand, are least likely to own on-

gterefuding fadlities



Table3

On-Site Refueling Capability by I ndustry Type

Fleet Sector

Agriculture

Automotive Business or Service
Banking & Insurance

City & County Government
Condtruction & Contracting
Household Services and Trades
Manufacturing

Miscellaneous Industries

Retal & Wholesale Sdes
Servicesfor Business & Professond
Organizations.

Schoals (public & private)
Trangportation & Communications

Totd sample

On-site refueling capability (%)

has
presently

71
24
14
76
41
20
41
28
35
25

72
42

43.8

not now/
feasible

25
49
11
20
39
40
33
38
38
32

21
27

30.8

not
feasible

4
27
66

4
17
34
23
28
24
40

5
29

22.4

unknown
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3.3.3 Vehicle Characteristics
Table 4 showsthe lig of vehicle frequencies by vehicle body types. The vehicle

body types are categorized into seven distinct groups in our survey questions. We ask the
respondents to list the number of fleet vehiclesin each of these seven categories. The
category of Cars and Sation Wagons refer to al types of carsin the following categories.
minicars, subcompact cars, compact cars, intermediate cars, large cars, and sports cars.
We do not provide specific categories for small sport utility and mini sport utility. Full-
size pick-ups are the fleets most popular vehicle types followed by cars and station

wagons.

Table4

Fleet Sites' Frequency by Vehicle Body Type

Vehicle Body Type Total # of
Fleet Sites
Cars 823
Minivans 310
Full-9ze Vans 523
Compact Pickups 560
Full-sze Pickups 1019
Smdl Buses 69
Trucks <14,000 Ib. GVW 587




CHAPTER 4

METHODOLOGY

4.1 Theoretical Framework

One way to understand how afirm acquires its vehicle fleet isto modd the fleet
manager’ s choice process. The fleet manager knows the genera guiddines of the company
regarding the vehide fleet transactions. He or she makes his’her choice by judging which
vehide best meetsthe firm’'s guiddines. The guiddines differ among firms with different
characterigtics. Therefore, the choice modd should include the firm’'s characterigtics as
explanatory varidbles. | assume that the fleet manager derives the highest utility when he or
she picks the best dternative from a choice sat given the firm’s guiddines. | assume that the
fleet managers have the sole authority to make dl the vehicle fleet decisonsinduding
replacement, disposal, and purchase of vehicles.

In the stated preference scenarios, each fleet manager faces two sets of choices for
two body types from the firm’s vehicle fleet. The respondent is ingtructed to replace the
entire fleet of the particular body type. He or she can choose any combination of the vehicle
fud choicesthat yidds the number of vehicles the firm currently hasin that category. The
levels of vehicle atributes are assigned randomly to the respondents.

The fleet manager chooses the dternative that yields the grestest benefits (utility).
Formdly, theindirect utility function for fleet manager n choosing dternativei is given by the
following equation (M cFadden, 1974):

Uin =Vin+ én



where (n = 1,..., 2131; number of observations), (i = 1,2,3,4; for eectric, CNG, methanol,
and gasoline respectively), Vin isthe deterministic component of the utility function, and en
IS the random component of the utility function. | assume en isindependently digtributed
with extreme vaue didribution. | further assume Vin to be alinear combination of known
characterigtics of the firms and the SP vehicle. Thus,

Vin=b'" Xin
where Xin isthe vector of explanatory varigblesincluding al observed characteristics
specific to the firm, its vehicles, and the SP choice attributes, and b isthe coefficient vector
for Xin .

The next task isto estimate the probability that firm n chooses dternative i given the
st of the three (fudl) choices that were presented to the respondent in the Stated preference
scenarios. | follow McFadden (1974) and define P;, as the conditiona probability that firm
n chooses dternative i:

exp(b ' Xin)
4

Pr=P(yn=l)= —PMn) - ¢ ,
a _epMin)  a expb’ Xn)

where yin isthe vector of dependent variables: yin = 1 when dternativei is chosen by the
fleet manager n, and yin = 0 otherwise.

The probaility of choosng each fud dternativeis estimated by using the fleet
manager’ s responses to the stated preference survey in the above modd. Each firm is taken
as one unit of observation. Each fleet manager is dlowed to dlocate the firm’s tota number

of vehiclefleet of the SP body type into one, two, or three categories in the SP scenarios.



The indicated number of vehicles for each fud typeis converted to a percentage of the total
number of vehicles for that particular vehicle body type in the respondent’ s vehicle flest.
These percentages are then entered into the mode as fraction weights each between zero
and one. For example, aweight of zero is assigned to the choices that were not picked at al

by the respondents. The log likdlihood function is now asfollows.

4
L=8 & wiyin(b' Xn- InQ exp(b' Xin))

1 i= j=1

Qo

[N

where win isequd to the fraction weight of firm n choosing fud i as described in the
previous paragraph.
4.2 Modd A

| estimate the conditiond multinomia logit modd congtructed from the sated
preference responses where vehicle choice is the dependent variable and firm’ s industry,
vehicle body type, vehicle function, and flegt Site size interacted with the fuel congtants and
SP attributes are the explanatory variables. Gasoline fuel choice istaken as the base for the
fud choice estimation. The results from the modd arelisted in Table 5.

Some estimated coefficients stand out from the rest. When vehicles are used for
“sarvice/maintenance cdls’, the interaction coefficient is postive and sgnificant.  This
indicates that firms using their vehicles for this function show awesker didike for the eectric
vehicles over the gasoline vehicles than the surveyed firms did in generd. The same story
can be told for vehicle body type “compact pick-up’._Schools show the lowest didike for

dectric vehideswhen dl dseisequa. The agriculture industry, however, srongly prefers



gasoline vehicle to the dectric vehides. Agriculturd operations outsde the more polluted
urban aress are less likely to be regulated with respect to their vehicle fud type. With less
regulatory pressure for the conversion to dternative fue vehicles, the strong negative
preference for eectric vehiclesis understandable. Perhaps, less exposure to the eectric
vehicle information and onroad experience could explain the observed aversion of the
agriculture indudtry to eectric vehicles.

Organizations with &t least 120 vehicles at the surveyed site showed amore
favorable preference for CNG vehicles. Larger fleets are higtorically more likely to be
regulated with respect to their fleet types. Alternatives to regulation XV in Cdiforniaare
being proposed which dlow replacement of lower emitting vehicles for the carpooling
schemesinitialy proposed. Larger fleets managers and staff have had more exposure to
CNG vehicles compared with the eectric vehicles. Larger fleets are dso more likdly to have
on-gte refuding facilities which would make it easier to work with fudsthet areless
common.

Both “city and county agencies’ and “schools’ show a stronger preference for CNG
vehicles over gasoline vehideswhen dl dseisequa. The regulaory influence could be the
reason why the interaction of the CNG congtant with “retail and wholesale firms’ aswell as
CNG congtant interaction with “banking / insurance / red estate firms’ have negetive Sgns,
which means alesser chance that either of them pick CNG compared to the rest of the firms.
Both these indudtries are thought to be least regulated industries with respect to their vehicle

fleets emissons.



CNG vehicles described in the SP scenarios may be dedicated to CNG only or
cgpable of running on gasoline aswell. When CNG vehicle has dud fud capability, it is
chosen more often than when it is adedicated CNG vehicle, al se being equd.

“Schools’ and “transportation & communication” industries show the least
preferences for methanol vehicles: Commonly, it is believed that methanol vehicles could
explode more frequently than others. This belief may be responsible for the more negative
perception of fleet managersin “schools’ and “trangportation & communication”
organizations, snce both these industries fleets are used mainly for transporting people.
“Agriculture’ industry, on the other hand, seems to have a more favorable view of the
methanol vehicles compared to the other firmsin the sample. In fact, agriculture firms show
indifference between methanol and gasoline vehicles. | earlier discussed that agriculture firms
showed the least preference of any group for the eectric vehicles. Methanol appearsto be
the dternative fud of choice by agricultureindustry. Perhaps, ease of conversion between
the gasoline and methanol fuelsis one reason for this preference. Also, thereislessdrict air
quality standard affecting agriculture industry’ sfleets, since they are mostly located in
sparsely populated areas. Therefore, using methanol, which isonly dightly less palluting then
gasoline, may suffice to meet the air quality standards. Another explanation could be a
possible confusion between methanol and ethanol by the agriculture industry fleet managers.
Ethanol is a more favored dternative fuel because of its production dependence to the

agriculture indudtry.



Modd A’sresults dso indicate that improvementsin recharging times of eectric and
CNG vehicleswould have a pogtive effect in their marketing success. Some dternative fuel
vehicles such as dectric and CNG vehicles lave reduced cargo capacity due to their bulky
batteries or fud tanks. The cargo capacity for EV and CNG vehiclesin the SP scenarios
vary between 60 percent to 85 percent of the conventional gasoline vehicles. Our surveyed
fleet managers indicate a positive preference for larger cargo capacity. Thus, improvements
in the battery Sze for eectric vehiclesand in the fud tank design for CNG vehicles should
expand their apped in the market place.

Another potentialy important factor in the adoption of AFVs could be the
infrastructure availability for dternative fuels. How many service sations should offer
refuding facilitiesfor AFVs before the consumer feds at ease to switch to the non-
conventiond fuels? When the vehicle attributes in the SP scenarios were described, the
respondents were given aratio of refuding station availability with respect to the gasoline
dations. These ratios range from “1 out of 10" to “7 out of 10" gations. The estimated
coefficientsin Modd A shows a positive preference for more AFV refuding Sations relative
to gasoline gations. This result indicates the importance of the infrastructure investment in the
success of any AFV implementation program.

Mode A dso includes estimating a coefficient for “tallpipe emissons’. The covariate
of “tallpipe emisson” for ectric vehicles has avaue of zero, for CNG vehicles could be a
10 percent, 25 percent, or 40 percent level of the new 1993 gasoline vehicles of the same

body type, and for methanol vehicles could be 25 percent, 40 percent, or 60 percent



“tallpipe emissons’ of 1993 gasoline vehicles. The estimation results show an overal lack of
sengtivity to higher “tallpipe emissons’, except for “city and county” agencies and “ schools’.
For these two groups, lower emisson levels are extremely important. Thisisevident by a
sgnificant negative coefficient estimate of 0.4 for these two groups combined. The lack of
sengtivity of private firmsto emission levelsis expected since the private cost of emisson is
practically zero for drivers. Thereis no incentive for the driversto opt for cleaner fud
vehicles unless the public cost of emission is somehow transferred to the individua drivers.

Programs such as remote sensing for charging emission prices may be the solution.



Tableb

Model A: A Conditional Logit Model of Fuel Choice

Base choice = gasoline vehicle Cof. t

EV constant (all observations) -0.686| -1.78
EV constant * [SP vehicle body type = compact pick up] 0.307] 2.28
EV constant * [SP vehicle function = service/maintenance calls] 0.342| 3.18
EV constant * [organization type = schools] 0.776| 4.19
EV constant * [organization type = agriculture related firms] -0.655| -1.88
EV day-time recharging cost, centgmile. -0.015| -1.53
EV on-site refueling timein hours. -0.066| -1.58
EV service station recharging time in minutes -0.004| -1.48
EV * Capital cost of vehiclefor al firms but those in construction industry. -0.056| -1.62
EV * capital cost * [organization type = construction firms] -0.087| -1.53
EV * range -0.001] -0.53
EV * range* [SP vehicle function = transport / shuttle peopl €] 0.003| 1.93
EV * [# of refueling stations relative to gasoline stations) -0.709| -2.10
EV cargo capacity compared to gasoline vehicles 0.038| 0.17
CNG constant (all observations) -0.469| -2.74
CNG constant * [organizations with fleet site size of at least 120 vehicles] 0.4201 3.01
CNG constant * [organization type = city and county agencies] 0.310] 2.43
CNG constant * [organization type = school] 0.443| 2.73
CNG constant * [organization type = retail and wholesale firms] -0.254| -1.46|
CNG constant * [organization type = banking, insurance and real estate] -0.735| -1.90
CNG dual fuel capability: 0= CNG only; 1= canalso run on gasoline. 0.293] 357
CNG service station refueling time in minutes -0.026| -2.53
CNG cargo capacity compared to gasoline vehicles 0.182| 1.40
Methanol constant (all observations) -0.194| -2.05,
Methanol constant * [organization type = school s] -0.297| -1.71
Methanol constant * [organization type = transportation/ communication] -0.275| -1.69
Methanol constant * [organization type = agriculture related firms] 0.343] 1.85
Gasoline on-site refueling available 0.272| 354
Capital cost of vehiclefor all but those firmsin construction industry. -0.231| -4.83
Capital cost * [organization type = construction firms] -0.128| -1.17
\/ ehicle range in milesinteracted with all observationsexcluding those with SP 0.002| 6.04
vehicle function = transport/shuttle people.

Vehiclerange* [SP vehicle function = transport / shuttle people] 0.001] 2.33
# of refueling stationsrelativeto gasoline stations 0.316/ 2.99
Operating cost in cents/mile (CNG, methanol, gasoline) -0.059| -5.07



Base choice = gasoline vehicle

Codf.

Tailpipe emission * [organization type = a city/county agency or a school]

-0.396

-2.60




4.3 Model Specification Tests

For model A, | use atest proposed by Hausman and M cFadden (1984) to detect
violations of the I|A assumption. Thistest is generdly referred to asthe Hausman Test. A
nested modd, shown in Figure 2 asmodd B, istested againgt the multinomia choice model
(model A). Modd B is specified with identical explanatory varisblesas Modd A. Thetest

isasfollows

(6, - b,)],- )] (6. - 6,) = c*

distributed with K degrees of freedom, where K is the number of elements in the subvector
of coefficients thet is identifiable from the regtricted choice modd, r is the restricted modd,
and u isthe unregtricted choice modd.

The reaulting test getidtic is larger than the critical vaue of chi-squared at a5% leve
of ggnificance and thus regjects the hypothesis that 11A holds for al four fuel choices.

Small and Hsao (1985) show that the Hausman test may be unstable under certain
conditions. They propose alog likelihood ratio test that would perform better. | now
decribethistest. Firg, randomly divide the full sample into two asymptoticaly equd

subsamples, A and B. Then, attain two estimates of the coefficient vector from subsamples

A and B with the full choice set, asb’ and b& . Next, compute a convex combination of

b2 and bg . asfollows

b0 =(ya)p+ (1 1)t



Finally, calculate two log likelihood functions, one by using b 2% over subsample B, and one
by using an estimate of the coefficient vector with the restricted choice set over subsample B,

as b , Where € consigts of CNG, methanol, and gasoline choices only. Thetest datisticis

(@I}

then formulated as follows.
- 2[ Lg(BéB)_ LE(BE)] » Ci .
Following this procedure, | estimate the test statistic. Thistest o rgectsthe null hypothesis

that 11A holds.

| dso0 performed asmple log-likelihood test presented by Hausman and McFadden

(1984). Thistest isasfollows:
-2(LL(ModelA) - LL(ModelB)) » ¢ ¢, -

Thistest dso rgected the hypothesis that 11A holds.



Table5b

Model Specification Tests

Null and Alternative Hypotheses Tegt Statistic | Criticd Vaue | Concluson
Vdue of Chi-
Squared
(95 %)
Hausman Test: 32.67
Ho = Mode A is superior to Model B 928 (k=21) Ho is rejected
Small and Hsiao Likelihood Ratio 32.67
Test: 45457 (k=21) Ho is rejected
Ho = Modd A is superior to Model B
Smple Log Likelihood Test: 23.69
Ho = Mode A is superior to Model B 125.88 (k=14) Ho is rejected
Model B
CNG Methanol Gasoline EV




4.4 Nested Logit Models

The tests performed in the previous section suggest that a nested modd such as
Mode B may be a better specification for the fuel choice modd than amultinomia logit
model. | now describe the theoretical background for nested models. | follow Train (1989,
Chapter 4, pp. 65-70) in thissection. In nested models, the limiting assumption of
Independence from Irrelevant Alternatives (11A) is relaxed such that dl relations among
probabilities can be described asfollows. Theratio of probabilities on any two dternatives
within the same subset isindependent of the existence of other aternatives, however, the
ratio of probabilities of two aternatives from different subsets is not independent of the
existence of other dternatives. Thus, 1A holds within subsets but not across subsets.
Hence, | assumethat [1A holds among CNG, methanol, and gasoline choices, but not
between any of these choices and electric vehicle choice. In other word, | assume that
respondents view eectric vehicles as a choice which contains some ttributes that are not
described in the attribute list when choosing a vehicle. These unspecified attributes set
electric vehicles gpart from other fud type vehicles collectively. | believe some of these
atributes may be (1) unfamiliarity with eectric vehicles technology, (2) unfamiliarity with how
the battery infrastructure would be operative, (3) uncertainties involved with the operation,
range limitations, and other technologicd attributes, and (4) fear of dectrocution!

| here use Train (1986, Chapter 4) to describe nested models. Assume that the set

of dternatives J, isdivided into K subsetsdenoted by B;,...,BX. | canwritethe utility

function for person n from dternative i as U, = Vi, + €, Where Vi, isthe indirect utility



function which is observed by the researcher and e, is the unobserved part of the utility. The
mode is obtained by assuming a generdized extreme vaue (GEV) didribution for ,5in J,.

Thus, thejoint cumulative distribution of the random variables e, for dl i in J,, isassumed to

be
\I &O /1 OIK}J
exp| aak cq r® Ty
} k=1 %”B“k g b

Thisdigribution is the generdized form of the distribution assumed for the logit modd. The
difference isthat here dl random variables e, within each node (or sub-branch of the tree)

are correlated with each other. The parameter | | represents ameasure of the correlation
of unobserved utility within node B . McFadden (1978) shows that the above distribution

of the random component of utility yields the following choice probability for dternativei in
subset B :

LAkl
Vinlti 2 0

ae

jiBk ﬂ

K
o] o Vi /a7
a|(a jTBr']eJ I)

Vln/xk

P =

n

This generalized choice probability modd iscaled GEV. It reducesto the familiar logit
modd when &, =1. A smpleway of decomposing this probability choice mode isas
follows

P = P,.

in inBX " " BX



Pee isthe conditiona probability of choosing dterndtive i given that an dterndtive in node

n

B ischosen. PBnk isthe margina probability of choosng an dternative in each node. Using

the above GEV modd for P

in

| can write the marginal and conditional probabilities as

follows

S
P =—% _ ad

H k k 1
inB; o] Yn

ajTB,fe

eW]k”lk'k

PB'? TR K W,

a.§

"
where 1, =Ing§ e .
il By

Theterm |, iscaled the“inclusive value’ and represents the average utility that a person can

get from dternatives within node k.



CHAPTER 5

FUEL CHOICE MODELSAND RESULTS

5.1 Conditional Multinomial Logit And Nested Logit Estimation Results

| estimate and present the nested logit mode of fue choice with industry types, fleet
Size, vehicle body type, vehicle duty cycle, onsite refuding availability, and stated choice
variables entered as explanatory variables. Although the specification tests in section 4.2
suggest that the nested logit Model B might be a better specification, the resulting choice
probabilities generated from both Moddl A and Model B turn out to be amost identicd.
Since there are repeated responses due to the Stated Preference scenarios,™ there could be
correlation problems which would be problematic with a nested modd.™ Also, for
forecasting purposes, the use of the multinomia logit modd rather than a nested logit mode
eases the computation while it does not dter the predicted choice probabilities. | show both
the multinomid logit modd and the nested logit mode in Table 6. However, | usethe
multinomid logit modd for most of my andyss heresfter.

For the nested moded!, | employ a sequentiad nested estimation procedure.

¥ In fact, each SP scenario response is expanded into nine records to account for the
conditional nature of the choices and that each respondent could choose up to three choices.
1> One way of correcting this problem could be to use a Random Parameter Model as
described by Revelt and Train (1996).



Table6

ModelsA and B
DESCRIPTION Moded A Modd B
Multinomid Logitt Nested Logit
Base choice = gasoline vehicle Cosf. t Cosf. t
EV congtant (all observations) -0.686| -1.78 -1.133 -3.44
EV congtant * [SP vehicle body type = compact 0.307| 2.28 0.290 219
pick up]
EV congant * [SP vehicle function = 0.342| 3.18 0.342 3.23
sarvice/maintenance callg)
EV congtant * [organization type = schools] 0.776| 4.19 0.827| 554
EV congant * [organization type = agriculture -0.655( -1.88 -0.767| -2.27
related firmg]
EV day-time recharging cogt, centsmiile, -0.015] -1.53 -0.013( -1.27,
EV on-sterefuding timein hours -0.066] -1.58 -0.067| -1.65
EV savice gation recharging time in minutes -0.004| -1.48 -0.005 -1.70]
EV * Capitd cost of vehidefor dl firms but thosein -0.056| -1.62 -0.170| -3.61
construction indudtry.
EV * capital cost * [organization type = congtruction -0.087 -1.53 -0.117 -2.06
firmg
EV * range -0.001| -0.53 0.002 141
EV * range* [SP vehiclefunction = trangport / 0.003| 1.93 0.006/ 3.86
shuttle people]
EV * [# of refuding Sationsreldiveto gasoline -0.709| -2.10 -0.329| -1.11
Sations]
EV cargo capacity compared to gasoline vehicles 0.038| 0.17 0.019 0.08
CNG congtant (al observetions) -0.469| -2.74 -0.409 -2.29
CNG congtant * [organizations with fleet Ste 5ze of 0.420| 3.01 0470, 3.14
at least 120 vehicled
CNG congtant * [organization type = city and 0.310| 2.43 0.415/ 2.89
county agencies|
CNG constant * [organization type = schools] 0443 2.73 0.550| 3.14
CNG congtant * [organizetion type = retail and -0.254( -1.46 -0.294) -1.64
wholesde firmg]
CNG congtant * [organization type = banking, -0.735( -1.90 -0.778 -1.96
insurance and red estate]
CNG dudl fud cgpability: 0= CNGonly; 1=can 0.293| 3.57 0.304) 353
aso run on gasoline.




Table 6 (continued)

ModelsA and B
DESCRIPTION Mode A Model B
Multinomid Logitl Nested Logit
Base choice = gasoline vehicle Cosf. t Cosf. t
CNG sarvice gation refuding time in minutes -0.026| -2.53 -0.027| -2.53
CNG cargo capacity compared to gasoline vehicles 0.182| 1.40 0.116, 0.85
Methanol congtant (all observetions) -0.194( -2.05 -0.179| -1.83
Methanol congtant * [organization type = schools] -0.297| -1.71 -0.228| -1.26
Methanol congtant * [organization type = -0.275( -1.69 -0.292 -1.71
trangportation/ communication]
Methanol congtant * [organization type = agriculture 0.343| 1.85 0363 1.92
related firmg]
Gasoline on-ste refuding available 0.272| 3.4 0.318 3.76
Capitd cogt of vehicdlefor dl but those firmsin -0.231| -4.83 -0.308| -5.24
condruction industry.
Capita cost * [organization type = construction -0.128| -1.17 -0.022 -0.18
firmg
Vehiclerange in milesinteracted with dl 0.002| 6.04 0.002 6.14
observations exduding those with SP vehicle
function = trangport/shuttle people.
Vehiclerange* [SP vehicle function = trangport / 0.001f 2.33 0.001) 2.08
shuttle people]
# of refuding dations rdative to gasoline gations 0.316] 2.99 0.351 3.24
Operating cogt in cents/mile (CNG, methanal, -0.059| -5.07 -0.061| -5.05
gasoline)
Tailpipe emisson * [organization type = a -0.396| -2.60 -0.176| -0.93
city/county agency or a school]
Lambda coefficient of theindusive vdue 0.291) 2.06

Dependent variable = vehicle choice.

Choices = Three out of four possible choices of dectric vehicle (EV), compressed
naura gas vehicle (CNG), methanol vehicle, and gasoline vehicle,
Number of observations: expanded version 12675.

Coefficient estimates reported in the Nested Model B for CNG, Methanal, and

Gasolineinteractions are actualy % .



Table 7

Mean Values of the Covariates

Vaiale Mean Sd. Dev. | Min | Max
EV congtant (all observations) 0.2512 0.4337 0 1
EV congtant * [SP vehicle body type = compact 0.0360 0.1862 0 1
pick up]
EV congant * [SP vehicle function = 0.1184 0.3231 0 1
service/maintenance calg
EV congtant * [organization type = schools] 0.0228 0.1493 0 1
EV congant * [organization type = agriculture 0.0110 0.1041 0 1
related firmg]
EV day-time recharging cost, centgmile. 3.3370 6.2895 0 20
EV on-sterefuding timein hours. 1.0817 1.9665 0 6
EV sarvice gation recharging time in minutes 9.1479] 17.9720 0 60
EV * Capitd codt of vehicle for dl firms but those 0.5267 1.3100 o 12
in condruction indudtry.
EV * capitd cost * [organization type = 0.0857 0.5611 0 7
condruction firmg|
EV * range 20.0316] 43.7709 0 150
EV * range* [SP vehicle function = trangport / 5.8351] 25.4470 0 150
shuttle people]
EV * [# of refuding dations rdaiveto gasoline 0.0662 0.1419 0 05
dationg]
EV cargo capacity compared to gasoline vehides 0.0164 0.1161 0 1
CNG congtant (all observations) 0.2463 0.4309 0 1
CNG congant * [organizations with fleet Ste Size 0.0281 0.1652 0 1
of at least 120 vehicles]
CNG congtant * [organization type = city and 0.0386 0.1926 0 1
county agencies]
CNG congtant * [organization type = school | 0.0240 0.1530 0 1
CNG congtant * [organization type = retail and 0.0155 0.1237 0 1
wholesde firmg]
CNG congtant * [organization type = banking, 0.0053 0.0725 0 1
insurance and real estate]
CNG dud fud capability: 0= CNGonly; 1= 0.1087 0.3113 0 1
can aso run on gasoline.
CNG sarvice gation refueling time in minutes 2.4840 4.7889 0 15
CNG cargo capacity compared to gasoline 0.1500 0.3099 0 0.85




Mean Values of the Covariates

Vaiable

Mean

Std. Dev.

Min

Max

vehides




Table 7 (continued)

Mean Values of the Covariates

Vaiale Mean Sd. Dev. | Min | Max

Methanol constant (all observations) 0.2490 0.4324 0 1
Methanol constant * [organization type = schools] 0.0234 0.1510 0 1
Methanol congtant * [organization type = 0.0165 0.1274 0 1
trangportation/ communication]

Methanol congtant * [organization type = 0.0103 0.1008 0 1
agriculture reated firmg
Gasoline ot Ste refuding available 0.1128 0.3164 0 1
Capitd cogt of vehidefor dl but those firmsin 1.9420 1.7227 o 12
condruction indugtry.

Capital cost * [organization type = congtruction 0.3346 1.0800 0 7
firmg
Vehicle range in milesinteracted with dl 149.7846| 112.2882 0 350
observations exduding those with SP vehicle
function = transport/shuttle people.
Vehiclerange* [SP vehicle function = trangport / 429629 90.7126 0 350
shuttle people]
# of refueling dations rddive to gasoline gations 0.5013 0.3522| 0.1 1
Operating cost in centgmile (CNG, methanal, 7.4978 4.6142 o 13
gasoline)
Talpipe emission * [organization type=a 0.0823 0.2039 0 1
city/county agency or a school]

Table8
Average Predicted Probabilities of Fuel Choice
From Model A
All Large Fleets
Obsarvations

Electric Vehide 0.12 0.13
Compressed Natural Gas Vehicle 0.21 0.28

Methanol Vehicle 0.24 0.19
Gasoline Vehide 0.43 0.40




To get an idea of the implied choice probabilitiesthat Modd A generates for specific
fleets, | calculate the probabilities of choosing a vehicle with four representative cases
composed of mean vaues of the attributes and for vehicle body type = “carsand station
wagons’, vehicle function = “trangporting / shuttling peopl€’. | assume that on-gterefuding
isavailable for gasoline, and that thereis no dud fud capability for CNG vehicles. Inthefirgt
two cases, | compare the resulting probability choices of two fleet Steswith lessthan 120
vehicles from two digtinct industry groups. In Cases 3 and 4, | repeat the choice probability
caculations given the same set of assumptions as the previous cases except thistime |
choose only large fleetsin my case sudies. Cases 1 & 3 arefor “city and county agencies’
only. Cases2 & 4 arefor “condruction firm”. | summarizetheresultsin Table 9. All these
casesyied distinct results: “city and county” agencies choose more CNG vehicles rdative to
other fuel types than do congtruction fleetsin both small and large fleet cases. This supports
the argument that public and private agencies differ in their AFV choice.

Table9

Four Cases of Vehicle Fuel Choice Probabilities.

From Model A

Vehicle Casel Case? Case3 Case4
Fuel City/County | Construction | City/County | Construction
Types Agencies Firms Agencies Firms

Small Fleets | Small Fleets | LargeFleets | LargeFleets
EV 0.17 0.14 0.15 0.13
CNG 0.32 0.19 0.41 0.26
Methanol 0.19 0.21 0.17 0.19
Gagoline 0.32 0.46 0.27 0.42




| calculate the tradeoff between capital cost of the vehicles and the range of the
vehidesfor different industry subgroupsin the sampled fleet Stes (Table 10). My motivation
to do so was to get an idea of the valuation the fleet managers place on the limited range of
the AFVs. The vadue of an additiona mile range turned out to be about $81 for dl firms
combined. Thisvaueis consderably higher than the estimate of $1.03 given by Shonka
(1980). | caculate the implied values of interest rate of the operating cost with respect to the
capital cost that my model generated. They appear to bereasonable. That is, assuming an
annua vehicle mileage of 25,000, the implied interest rate is caculated a 11%, and assuming

an annud vehicle mileage of 18,000, it turns out to be 8%.



Table 10

Range/Capital Cost Tradeoffs From Model A

Fleet Subgroup $ Willing To Pay For Each
Additiona Mile Range
Generd case $81
City and county agencies $14
Congtruction and contracting industry $166
Manufacturing industry $101
Agriculture industry $105
Trangportation and communication industry $83
Banking, insurance, and red estate industry $41
Schools (both private and public) $53
Business sarvices $84

The capita cost / range tradeoff vaues are very different for some industry groups:
“city and county” agencies have atradeoff vaue of $14, while for firmsin the “ condruction
or contracting” business the value rises to over $160. Range in generd is confirmed to be an
important factor in vehicle choice. Nevertheless, these results show the wide variation that

exitsin percelving the importance of range between different segment of fleets.



5.2 Forecasting

| construct a set of forecasting weights from a schedule of vehicle types taken
directly from the Department of Motor Vehicles (DMV) records of dl vehiclesin Cdifornia
Since the number of records were extremely high, arandom sample was taken from them
congsting of 1.8 million records. A complicated agorithm, then, was implemented to
distinguish between commercid vehicles and resdential ones. Then, the frequency of
vehiclesin each body type for the commercial fleet section was caculated. The weights that
| use are constructed from these frequency counts. The frequency table for vehicle body
typesisreported in Table 11.

Table1l

Vehicle Count by Fleet Vehicle Body Type

Vehicle Body Type Estimated Fleet Survey
Count from the 1.8 million Sample
record sample Count
Mini 5039 83
Subcompact 19356 321
Compact 37635 623
Mid-gze 56366 933
Full-sze 15360 254
Luxury 14873 246
Sport 25125 416
Compact Pick-ups 36689 909
Full Sze Fick-ups 120970 1560
Minivans 15022 1815
Full vans 64245 3705

Trucks (<= 14,000 |bs) 21923 1809




| use the weighted predicted probabilities of fud choices for forecasting purposes.
Previoudy | have estimated the probabilities of each fuel choice with Mode A for the stated
preference attribute levels. The atribute levelsin the stated choice scenarios, however, do
not represent the real technology levels. Thus, from Modd A, | caculate the probability
choices assuming the technology levels that are expected to be available to consumersfor the
year 2010. These technology levels are described in Appendix I1. The resulting probability
forecasts represent long-term  choice probabilities. From these figures, then, one can
caculate estimates for the long-term EV, CNG, and methanol vehicle demand by applying

these probabilities to the total number of vehicles projected to be demanded in the year

2010.
Table12
Predicted Vehicle Fuel Choice Probabilities.
For Year 2010
Vehicle Type Choice
Probabilities
Electric Vehicle 0.17
Compressed Natural Gas Vehicle 0.20
Methanol Vehicle 0.21
Gasoline Vehicle 0.42




The above AFV forecasting probabilities are consderably higher than shares
predicted by Kazimi (1996), who reports total market penetration predictions for household
vehicles. For example, Kazimi (1996) predicts a 6% new vehicle market penetration for
electric vehicles, 13% for CNG vehicles, and 18.2% for methanol vehiclesin year 2008. |
predict substantialy higher (17%) percentage of new purchases for the eectric vehicles by
commercid fleets. | aso predict a 7% more share for CNG and a 3% more share for
methanol vehices than Kazimi (1996). Thisis congstent with my earlier discusson that
commercid fleets are more likely to be the first purchasers of dternative fud vehicles than
households. Especidly for less familiar dternative fud vehicle technology such asEV or
CNG, these divergence' s of household-based predictions and commercid fleet-based

predictions are consistent with the expectation.



CHAPTER 6

EXTENSIONS OF FUEL CHOICE MODELS

6.1 Categorizing the data by Market Structures

So far, | have demondrated the overal AFV market shares for the next fifteen years.
But, we still do not know how these probabilities vary across different types of organizations.
In order to study the effect of market organizations on the fuel choice, | extend Modd A by
adding some other important covariates and estimating separate models for each market
segment. | develop severa categories of market structure by combining some of the
indugtry categories. The motivation for this ssgmentation was to understand possible
smilarities or differences that exist between private, public, and regulated indugtries. The
market structure groups are (1) Public Schools, (2) Private Schools, (3) Firmswhich have
rate- of-return regulations, such as utility companies and insurance companies, (4) high-
technology firmswhich are military contractors, (5) public agencies, (6) private firms, and
(7) hospitas.

| estimate my vehicle choice modd for each of these seven segments separately and
then perform a series of Log-Likelihood tests comparing pooled models with separate
segment models. The Log-Likdihood tests fail to regject the hypothesis that hospitals
category pooled with the public firms category. By the same token, high-tech firmsare
not distinguishable from other private firms. | aso test and rgect the hypothesis that public

schools behave like public firms. | could not determine where private schools should be



pooled. | test the hypothesis that private schools can be pooled with other private firms
The test rgjects that hypothesis. The hypothesis that private schools and public schools
behave smilarly in my modelsis dso rgected. Sincel had afew recordsin the private
schools category, | decided not to make private schools a separate segment rather |
included those records in the All Fleetsmode which is an estimate of the modd using dl
records in the data set. | ended up with four distinct market structure ssgments and a
generic category of All Fleets. Table 13 shows the frequency of the fleet Sites, the
percentages of total fleet stes and the average fleet Sizes for these different market segments.
Table13

Fleets Market Segments

Market Segments # of % of Average
Fleet Total Fleet
Sites Fleet Size
Sites
Public Schools 179 84 71
Rate-of-return regulated firms 90 4.22 170
Public agencies (city and county only) 296 13.89 179
Private firms 1445 67.81 36
Private schools, high-tech firms, hospitds, 121 5.68 93
and unknown categories




6.2 Vehicle & Firm Characteristics by Market Segments

Tables 14 through 18 provide some additional descriptive Satistics for these market
segments. The most popular vehicle body type' by firms overal, aswell as for public
schoals, public entities, and private entities, are full-sze pickups, followed by cars and
gation wagons. The largest vehicle body type of the rate-of-return regulated firmsis* cars
and gation wagons’; the second largest typeis “minivans’. Note that we have gathered
detailed information on only two types of fleet vehicles. If aparticular vehicle fleet was
composed of more than two types of vehicles, we chose the largest type and we randomly
selected one vehicle type out of the remaining vehicles and gathered detailed data on that
vehidetype. Thus, inthesetables, | am referring to a most two types of fleet vehicles only.

Both private and public organizations indicated that their vehicles are used mostly for
“sarvice and maintenance cals’. The second most frequent function of fleet vehicleswas
“haul equipment” category for private firms and “employee use’ for public entities
“Employee us?¥ isaso one of the most importart vehicle functions for regulated firms.
Vehicles used for employees congtituted over 22% of al surveyed SP vehicles and thisis
mostly dueto public entitiesand regulated firms.

We included aquestion in the survey asking the fleet managers whether or not they
believed that they were subject to AFV regulation. Over 31% of dl firms said they believed
they are subject to regulation on their fleet vehicle emission. Fleet managers generdly know

al regulations affecting their vehicles, and there is no reason to believe that they would

1% Note that thisis solely based on the vehiclesin the stated preference scenarios.



misrepresent their organization’sregulatory sate. Therefore, | treat the fleet managers
responses to the AFV regulation question as objective answers.

Oveadl, 17.9% of dl firmsin the sample currently have AFV's, but only 12% of
private firms currently have AFVswhile 38% of public entities and 21% of public schools
have AFVs. Surprisngly, only 11% of rate-of-return regulated firms (which includes utility
companies) have AFVs. Thislow figure may be due to including insurance companiesin the
category. Almost 65% of firms with the AFV regulation have at least one hundred

employees. But only 27.34% of private firms have at least one hundred employees.



Table 14
Fleet Vehicle Body Type Composition
() Row percentages. Example: 5.44% of “cars & station wagons’ are owned by “public
Schools’ in the data
<> Column percentages. Example: 23.24% of al vehicleswere “cars & station wagons’.

All Public |Public |[Regulated| Private
Schools | Entities | Firms Firms

Cars & Station Wagons 3420 189 750 228 1995
(5.44%) | (21.93%)| (6.67%)| (58.33%)
<23.24>| <13.73>| <30.41>| <37.81>| <21.21>

Minivans 1068 60 126 105 660
(5.62)| (11.8) (9.83) (61.8)
<7.26>| <4.36>| <511>| <17.41>| <7.02>

Full-size vans 1860 201 183 75 1116
(1565)| (9.84)| (403)|  (60.0)
<12.64>| <21.13>| <7.42>| <12.44>| <11.87>

Compact pick-ups 2079 159 384 60 1410
(7.65)| (18.47) (2.89) (67.82)
<14.13>| <11.55>| <15.57> <9.95>| <14.99>

Full size pick-ups 3966 471 660 84 2595
(11.88)| (1664)| (212)| (65493
<26.95>| <34.20>| <26.76>| <13.93>| <27.59>

Buses 219 63 57 0 78
(28.77)|  (26.03) O] (3562

<1.49>| <458>| <231> <0>| <0.83>

Trucks 2106 144 306 51 1551

(6.84)| (14.53) (2.42)|  (73.65)
<14.31>| <10.46>| <12.41>| <846>| <16.49>

Column Subtotals 14718| 1,377| 2466 603 9405
(9.36)| (16.75) (4.0) (63.9)




Table 15

Fleet Size by Market Structures

() Row percentages

<> Column percentages

All Fleets | Public Public | Regulate | Private
Schools | Entities |dFirms |Firms
Fleets of at least 120 1923 243 957 66 471
vehicles (12.64)| (49.77) (3.43) (24.49)
<13.07>| <17.65>| <38.81>| <10.95> <5.01>
Table 16
Employee Size
() Row percentages <> Column percentages
All Fleets | Public Public Regulate | Private
Schools |Entities [dFirms |Firms
Employee sze of & least 5379 774 1059 393 2571
100 (14.39)| (19.69) (7.32) (47.8)
<36.55>| <56.21>| <42.94>| <65.17>| <27.34>
Tablel7
Current Usersof AFV
() Row percentages <> Column percentages
All Public |Public Regulate | Private
Fleets Schools | Entities |dFirms | Firms
Currently has AFV 2631 288 948 69 1167
(10.95) (36.03) (262)| (44.36)
<17.88>| <20.92>| <38.44>| <11.44>| <12.41>







Table 18

Vehicle Duty Functions

Note that these vehicles are only those vehicle body types that we have collected Sated
Preference dataon. Also note that each vehicle may have more than one duty function.

() Row percentages

<> Column percentages

All Public Public Regulate | Private
Schools | Entities [dFirms |Firms

Courier, Pick Up, And 3057 147 156 24 2478
Ddlivery (4.81) (5.10) (0.79)| (81.06)
<14.03> <7.56> <4.35> <2.83>| <17.44>
Haul Equipment 3696 243 408 96 2841
(6.57)| (11.04) (2.60)| (76.87)
<16.97>| <1250>| <11.37>| <11.31>| <20.00>
Shuitle People 3306 381 699 72 1875
(1152)| (21.14) (2.18)| (56.72)
<15.17>| <19.60>| <19.48>| <848>| <13.20>
Service & Maintenance 6894 942 1398 339 3969
Cdls (13.66)| (20.28) (4.92)| (57.57)
<31.64>| <48.46>| <38.96>| <39.93>| <27.94>
Sdes 1545 0 42 120 1269
(2.72) (7.77)| (82.14)
<1.09> <1.17>| <14.13> <8.93>
Employee Use 3288 231 885 198 1773
(7.03)| (26.92) (6.02)| (53.92)
<15.09>| <11.88>| <24.67>| <23.32>| <12.48>
Column Totas 21,786 1944 3588 849 14205
(8.92)| (16.47) (3.90)| (65.20)




6.3 Models of Choice Partitioned by Organization Types

In addition to partitioning the fuel choice model by the market Structure categories, |
added some new covariaes that may shed some more light in the understanding of market
structures and AFV choice behavior. These covariates were chosen based on the lessons
learned from the technology diffusion literature. The added covariates are asfollows: a
dummy for large number of employees, adummy for current or past experience with AFV's,
and adummy for current AFV regulation affecting the firm. Table 19 shows the estimation

results for these modds.

6.4 Firm Size

In the diffuson literature, firm Sze has been cited as one important factor in the
adoption of anew technology. Fleet Sze could partidly proxy for the firm sze, but amore
complete study of the effect of Sze in the diffusion would include other measures of firm size
such as *“number of employees’ or “gross annual revenue’. The data set contained
information on the former but not on the latter. 1n addition to the dummy variable for the
fleet Sze, | made adummy varigble with avalue of onefor firmsthat have at least one
hundred employees. The coefficient of the interaction of this variable with fuel choice
dummies confirms that larger firms are more likely to choose AFV's, even holding the fleet
gze congant. An example of thisis the interaction of the employee-Sze dummy varigble with

the CNG dummy which is sgnificant and pogitive for firms overdl. Thisis consgtent with the



technology diffusion literature prediction that larger firms are more likely to adopt new

technology.

6.5 Learning by Doing

Another important factor cited by diffusion literature affecting new product adoption
is the degree of past exposure and experience with the product. As the product gets used,
people gain experience and familiarity with unique characteristics of the new product. This
learning process is thought to be a crucid factor in the success of new products. A product
that is very different in some aspects from the one it amsto replaceis harder to sl. That is
why offering free training or free sampling of an unfamiliar product is often used asa
marketing strategy. In the survey, the respondents were asked to indicate whether they
currently have at least one AFV inther flest. A dummy variable with vaue of onefor
current ARV user was included in the set of covariates. The interaction of “AFV experience’
with the fuel choice dummies confirmsthe crucid effect of learning by doing and experience

in the adoption of AFVs.

6.6 Government Regulation

Government regulation may be necessary for the diffuson of AFVs given that
currently consumers are not penalized for their vehicle emissons. But how important is
government regulation? A question was included in the survey which asked the respondents

whether or not they believed their fleet was subject to emisson regulation. | construct a



dummy variable with the value of one if the responses were postive. Interaction of this
variable with the fud dummies confirms the important effect of regulation. For both EV and
CNG, which are technologicaly very different from conventiona gasoline vehicles and thus
encounter more resistance by consumers, these coefficients are positive and significant. For
methanol, however, it does not have a sgnificant effect. Only in the case of public schools
does government regulation of emissions exhibit a negetive effect on the choice of methanol

vehices. This may reflect some concern regarding methanol’ s safety.

6.7 Infrastructure

The technology diffusion literature emphasizes that networking externdities affect the
diffuson process. Infragtructure of service ations and supporting refueling facilitiesfal into
this group of externditiesfor AFV diffuson. A higher ratio of AFV service gationsto
gasoline stations would mean a higher leve of in-place infrastructure and thus higher
likelihood of AFV adoption. The results of my modds confirm this argument. Service
dation availability has a positive effect on the AFV choice over dl sampled firms. The
following example may further illustrate this argument. Suppose that there were a 20%
increase in the number of AFVs. We can expect that there would be some increase in the
number of service Sations that offer AFVs. Let’s assume that an extra 10% of gasoline
stations now offer dternative fuels. The forecasting probabilities for AFVs, as predicted by

Modd A, are going to increase asfollows: dectric vehicles market share would increase to



19%, CNG' s market share would increase to 22%, and methanol’ s market share would

increase to 22%, generating an overal 5% increase in the AFV market share.



Table 19
Conditional Logit Models Of Fuel Choice Partitioned By Organization Types

(Note: nonsignificant variables are not shown but are included in the mode!)

Dependent variable = vehicle choice

Number of choices = Three out of four possible choices of dectric vehicle (EV),
compressed naturd gas vehicle (CNG), methanol vehicle, and gasoline vehicle.

Base choice = gasoline vehicle

Vauesin the parenthesis are coefficients’ t-gatigtics.

Table of mean, standard deviation, minimum, and maximum valuesfor all these
models covariates are presented in Appendix I11.

Variable Description All Public |Public [Regulated |Private
Firms |Schools | Agencies|Firms Firms
EV congant -1.183 -0.976
(3.3) (2.2)
EV congant*fleet size >=120 4,979 -1.769 -2.248
(2.6) (1.9) (2.0)
EV congtant* compact pick ups 0.257 0.646
(2.1) (2.6)
EVcongant* smdl trucks -0.448 -0.952 -0.320
(3.1 (2.5) (1.8)
EV congant * usage=maintenance 0.461] 0.963 0.256
(4.6) (24 (2.0
EV congant* usage=shuttle 0.545 0.612
(4.8) (4.2)
EVcongtant* AFV exp. 0.3%4 0.544
(2.5) (2.8
EV congtant* regulated emission 0.187 0.917
(1.6) (3.6)
EV with gasoline range extender. -0.618 0.206
(2.2) (1.7)
CNG congtant -1.026| -2.352 -2.488 -0.791
(5.5 (29 23) (3.4
CNG const*fleet size >= 120
CNG congt* usage=mai ntenance 0.168 0.808 1071
(20| (2.1) (1.8)
CNG const* usage=dhuitle 0.181] 0.623] 0.536
(1.8)] (1.6) (2.4)




Variable Description All Public |Public |Regulated |Private
Firms |Schools | Agencies|Firms Firms
CNG const* employees>= 100 0.176 1.318
(1.9) (1.9)




Table 19 (continued)

Conditional Logit Models Of Fuel Choice Partitioned By Organization Types

Variable Description All Public [Public [Regulated |Private
Firms Schools Firms Firms
Agencies
CNG congt*regulated emission 0.321 0.602 1.087
(3.3) (2.7) (1.8)
CNG dua capability 0.214, 0.577 0.261
(2.8) (2.4) (2.7)
Methanol constant -0.960] 0.578
(1.8)] (1.9
Meth const*fleet sze >=120 -0.433
(1.4)
Meth const* employees>= 100 -0.786
(1.6)
Meth const* AFV exp. 0.275 0.944 0.341
(23) (21 (2.2
Meth const* regulated emission -0.563 1.452]
(1.7) (2.4
Capital cost ($10,000) -0.211 -1.145 -0.258
(5.0) (2.7) (5.0)
Capita cost*fleet sze >=120 -0.342
($10,000) (1.7)
Range (10 miles) 0.021] 0.026
(6.8) (6.8)
Range* fleet 5ze >119 -0.024 0.241f -0.051
(2.5) (1.8) (2.8)
Tailpipe emisson -0.498
(1.6)
Tailpipe emisson*flegt Sze >119 2.882
(3.1
Service gation availability 0.237 0.657 0.189
(2.7) (3.3 (1.7)
Similar vehicles on road (10,000) 0.035
(1.8
Operating cost (non-EV) -0.054 -0.069
(4.6) (5.0)
Operating cost*fleet Sze >119 -0.128




Variable Description

All
Firms

Public
Schools

Public

Agencies

Regulated
Firms

Private
Firms

(2.3)




Table 19 (continued)

Conditional Logit Models Of Fuel Choice Partitioned By Organization Types

Variable Description All Public [Public [Regulated |Private
Firms Schools Firms Firms
Agencies
EV day recharge cost (cents) -0.174 0.119
(2.49) (2.3)
EV day recharging*fleet 5ze >119 -0.018 -0.025
(1.8) (2.0)
CNG dow fill unit cost 0.129 0.234 0.117
(2.6) (2.3) (1.8)
Methanol on-ste pump cost -0.087 -0.224  -0.879
(2.4) (2.0) (3.5)
Meth pump cost*fleet Sze >119 1.195 2.098
(1.8) (1.8)
Gasoline on+Ste pump dummy 0.224 0.317 0.366
(3.0) (1.7) (3.8)
CNG fastfill unit cost ($10,000) -0.037 -0.064 -0.036
(2.8) (2.0) (2.2)
EV on-dte chargetime -0.054 -0.085
hrs: 34,6 (1.5) (1.7)
EV refuding time a dation min: -0.007, -0.037| -0.011
20,30,60 (2.6) (1.6) (3.0)
Cargo capacity (EV and CNG) 0.203 0.714 1.020
(1.8) (2.8) (1.6)




SUMMARY AND CONCLUSION

In Part | of thisdissertation, | congtruct multinomia conditiond and nested logit fuel
choice modelsthat predict the market share of dternative fud vehiclesin the next fifteen
years for commercid and locd government fleetsin Cdifornia My data set congsts of
stated preference dataas well as data on the firm and vehicle characterigtics for over 2000
commercid establishments and local governments. Thisis the most comprehensive
dternative fud vehicle data set for the commercid fleetsto date. The stated preference
questionnaire describes up to two digtinct experiments conssting of three vehicle scenarios
customized to fit the atribute st of vehicle body typesin the firm'svehicle flegt. | utilizethe
lessons from both trangportation literature and new technology diffusion literature to establish
the covariates for the fuel choice modds. My models forecast a 17% new vehicle market
share for dectric vehicle by the commercid fleets by year 2010, a 20% new purchase share
for CNG vehicles, and a 21% share for the methanol vehicles.

These results suggest thet for the light duty commercid fleets, we can expect a
subgtantid diffusion of dternative fuel vehicles under the assumed technology levels by the
year 2010. However, we still do not know how that would affect the diffusion of dternative
vehiclesinto the totd vehicle population which conggts primarily of the household vehicles.
Studies such as Kazimi (1996) and Ren, et d (1995) shed light on the likely household
demand for alternative fud vehicles. But, we till do not know how a substantial AFV

diffuson into the commercid fleets may impact the household sector by cregting a



networking effect: (1) Asthe commercid establishments use more AFV's, we expect to see
anincreaseintheleved of overdl familiarity with the new technology. (2) Asthe commercid
establishments use more AFV's, we expect to see an improved AFV infrastructure level. In
Chapter 6, | showed how these networking effects might change the fuel choices of the
commercia fleets survey respondents and how that variesin different types of market
organizations. Environmenta impact studies could use my predictions of the ARV diffuson
for the commercia fleet ssgment of the market, aswell as household market predictionsfrom

other sudies, and evauate the overal impact of AFV adoption on the emission levels.



PART TWO

PUBLIC CHOICE ISSUES



CHAPTER 7

EFFICIENCY IN PUBLIC ORGANIZATIONS: A CASE STUDY

7.1 INTRODUCTION
7.1.1 Background

Some public choice scholars contend that the public sector operates less cost
efficiently than the private sector. Government productivity studies show that government
productivity is less than private sector productivity and it may even be zero or negetive.
(Pommerelne and Schneider, 1982) A private firm would close when its costs exceed its
revenues for an unreasonable length of time. A public agency, on the other hand, is not
necessarily accountable for its product’s cost efficiency, (Johnson and Libecap, 1994) ad
frequently its budget is not directly related to its productivity. Empirica studies have dso
found results congstent with these theories. Mueller (1989, Table 14.1) summarizes studies
that compared the provision of smilar services by public and private firms. Mogt of these
gudies find public firmsto be sgnificantly less efficient than private firms supplying the same
savices. Thetheories offered by the scholars posit the following mgor atributes of public
agencies as the characteritics that |ead the agencies to more wasteful behavior than
competitive firms. (1) the monopoly power of public agencies, (2) the unmeasurable nature
of their products, and (3) the inherent double principal-agent problem between the citizen
and the palitician, and between the politician and the bureaucrat. (Mueller, 1989; Wolf, Jr.,

1993; Niskanen, 1994; Johnson and Libecap, 1994).



7.1.2 Why are public agencies less efficient?

A monopoly organization is thought to be more wasteful than firms in the competitive
market, because absent the competitive pressure (1) cost controls may become lax, (2)
organizetions may tolerate and maintain what Leibenstein (1966) calls“X-ingfficencies’, and
(3) the prospect of “rent-seeking” abilities may motivate the organizationto incur substantia
and possible wasteful expenditures to obtain, strengthen, and defend monopoly position.
(Scherer & Ross, 1990) Public agencies are in most cases monopolies providing some
public good. Moreover, the cost of producing their output is usualy unmeesurable and if it
ismeasurable, it is usudly measurable as alump-sum rather than per-unit cost. Hence, it is
harder to quantify the minimum cost of production & margin, and it is harder to determine the
extent of cogt inefficiency.

The opportunity for the existence of the principa - agent problems between the
citizen and the government actors could aso explain why inefficiencies exist and persst in
government agencies. But, important questions ill remain: Do dl public agencies behave
with agmilar degree of inefficiency? What type of government agency is more conducive to
cost inefficiencies, and why? How does the citizen/voter affect the degree of these
inefficiencies? How do government organization affect the degree of wastefulnessin the
production of its output?

7.1.3 The Purpose of This Paper
In this paper, | address the above questions. | focus on a subset of government

forms, namedly loca government organizations. | propose hypotheses regarding different



forms of local government agencies and their relationships to cost efficiency behavior. |
provide empirical analyses testing some of these hypotheses in the context of a case study.
My case study consists of stated choice of one type of intermediary good, namely fleet
vehidles, in the presence of dterndive fud vehicles. This experiment alows me to compare
the stated choices that firms and various types of public agencies make on the bass of smilar
hypothetica information for an intermediate good and thus could be indicative of how other
choices of products and services within organizations may be made. Choosing an
intermediary good for this experiment makes it possible to compare the respondents
approaches to a common choice problem across various types of industries and various
organizational modes.  Thisis more informative than an experiment regarding a primary input
choice, which is specific to a particular industry, would be. The experimenta nature of the
designisaso agood way of sandardizing and allocating product attribute levels across the
respondents given hypothetical scenarios. It reduces the problem of correlation that may

arisein studies based on observed behavior (revealed choice).



7.2 LITERATURE REVIEW AND SOME INSIGHTS

7.2.1 What Types of Government Organization Are More Cost | nefficient?

According to Mueller (1989), bureaucratic man pursues power, political man
pursues votes, and economic man pursues profit.  Thus, in order to look a how public
organizations behave, one must first reconcile the differences between political man and
bureaucratic man. Government organizations could be dissected into two magjor types.
those run directly by elected officias/ politicians, and those run by career bureaucrats who
run buresus funded at the discretion of the politicians.  The potentia agency problem, then,
isessentidly adouble principd - agent problem: the citizen - palitician problem on the one
hand, and the politician - bureaucrat problem on the other. Hence, we have to examine the
digtinctive behavior of two actors within the public sector: the palitician, and the career
bureaucrat. | define apolitician as someone who is elected by citizen votesto preside a
particular office and who can be replaced by another politician through citizen dections. A
bureaucrat, on the other hand, is someone who is not eected by citizen votesto hisjob but is
a career employee managing a bureau. Bureaw, in turn, is defined here as a nonprofit
organization that is financed, at least in part, by a periodic appropriation or grant determined
by some dected paliticians.

The palitician’s objective isto increase votes, i.e., to keep voters and interest groups
happy by appearing to be carrying out the revedled demand of the citizens/ interest groups.

He may dso have other objectives such asincreasng his persona wedth, increasing his



persond leisure, and other rent-seeking goals. (Mueller, 1989, p. 247) The degree by which
the citizen / voter can monitor the behavior of the politician would determine the politician’s
likelihood to pursue citizen' s wishes or his own rent-seeking objectives.

Bureaucrats, on the other hand, are usualy under less close scrutiny and are less
vighle than paliticians.  Thus, bureaucrats may be lesslikely to be caught if they acted
inefficiently. The bureaucrats objective function congsts of sdary, perquisites of the office,
public reputation, power, patronage, output of the bureau, ease of making changes, ease of

managing the bureau, X-inefficiencies, and risk-aversion. (Niskanen, 1971; Mueller ,1989)

7.2.2 What Arethe Sources of the Citizen - Politician Agency Problem?

Theprincipa - agent problem between the citizen/voter and the politician isdue to
the following factors: (1) The direct monitoring power and authority of the citizen/voter is
distanced from the palitician’s position. Examples of the Stuations which are conducive to
more inefficiencies are: when representative government exists, when there is no referendum
power, and when citizens do not have recall power. (2) The size and complexity of the
government is prohibitive for easy monitoring. Thus, larger government agenciesand the
more complex organizationa structure of the agencies contribute to the increasing
opportunity of behaving inefficiently. Asaresult, in the context of loca governments, when
the jurisdiction islarger, and there are various layers of organizationd bureaucracy, it is
harder for the outsiders to discover and control wasteful behavior. (3) The danger of

logrolling power and agenda setting to legidate laws and promote projects that do not



represent the true preferences of the voters. Weingast and Moran, (1983) present an
empirica evidence on how agenda setting influences the outcome of legidation in the

Congress.

7.2.3 What Arethe sources of the Politician - Bureaucrat Agency Problem?

The principa-agent problem between the politician/sponsor and the bureaucrat
carrying out the proposed action within a bureau is acknowledged by Niskanen (1994). He
argues that the incentives of bureaucrats do not lead to behavior thet isfully consstent with
the interests of politicians. The problem could be due to the following: (1) the bureau has
cons derable monopoly power; (2) the size and complexity of the government is prohibitive
to easy monitoring; (3) the output of the bureau is unmeasurable; (4) there are wesk internd
incentives to control efficiency; (5) information heterogeneity is possble; and (6) risk-
averson affects the performance of the bureaucrats.

The degree of monopoly power that the bureau possesses is positively related to the
degree of cost inefficiencies expected within the bureau. The efficiency of abureau is
affected by potentia competition for the supply of the same or asmilar service,

Asthe sze of the bureau increases, either by alarger number of employeesor a
larger jurisdiction, it becomes harder from the outside to observe inefficiencies. This
problemissmilar to the citizen - palitician problem, but here potentia for more waste exists.

Theat is because the palitician isin a competitive political market where heis more likely to be



careful in obvious misconduct, but the bureaucrat is usudly in along-term, secure job and is
lessvighle.

The output of the bureaus is usudly some public good that is unmeasurable and/or
indivisble. Moreover, the relation between the input per unit cost and the output is usudly
blurry and hard to quantify. Quality of service offered by a bureau to the users of the
product cannot be quantified and rewarded since there is no pricing mechanism asin the
private market that Sgnals the existence of higher quality to the paliticiansin charge of
appropriating the bureau’ s budget.

Week internd incentives lead to inefficiency behavior. In the case of bureaus,
interna incentives for minimizing wasteful behavior isweek: mogt public bureaucrats sdaries
are either unrelated or indirectly , and perhapsinversdy (Warren, Jr., 1975), related to
improved efficiency.

The bureau is usudly in a better bargaining postion if the bureau knows the
sponsor’ s demand while the sponsor isignorant of the bureau’s cost. Thisinformation
asymmetry is intensfied when the bureau’ s staff possess some technical expertise and the
gponsor hasto blindly rely on the technica reports of the bureau’ s staff such asisin the case
of specid didtricts.

Thisliterature predicts that agencies that are run by bureaucratsin my case sudy
choose less codt efficiently than other types of agencies. Thus, independent specia digtricts

that are led by appointed and not elected officids are more likely to have a smaller negative



coefficient for vehicle cost variable than would independent agencies or general governments

headed by elected officials.

7.2.4 What Role Does Risk-Aversion Have I n Politicians' And Bureaucrats
Decision-Making?

If we assume risk-averson as a characteristic of the politicians and bureaucrats,
then we expect thet they avoid engaging in activities that could be harmful to their career or
their job. Thus, if there is a great enough chance that a bureaucrat or a politician may get
caught behaving wastefully, he or she would avoid such behavior more so than would arisk-
neutra person. It isplausbleto think of abureaucrat to be generaly more risk averse than
an average citizen. Hence, assuming risk-aversion, we expect that those agencies that could
be monitored more directly by the citizens or sponsorg/funding agencies are less likely to
perform inefficently. Risk-averson, thus, may move a budget maximizing bureau back
toward the efficient [budget] bureau sze. But risk averson can induce bureausto avoid
projects that their sponsors would want them to undertake, if the sponsors could costlessly
monitor al bureau activities. Gist & Hill (1981) reported that officias of the Department of
Housing and Urban Development dlocated funds to cities with less risky investment projects
to avoid the criticism if the projects were not successful. Y et, the purported god of the
program was to help “distressed” cities, thet is, cities for which the risksin housing programs
were high. (Mueller, 1989, Chapter 14) At the same time, the more visible the agency is, the

more likely it isfor it to divert fundsto projects or expenditures that are more acceptable to



the voters and avoid spending money on items that are questionable, such as Alternative Fuel
Vehiclesfor their flegts. Alternative fud vehicles are gentler to the environment and may be
socidly optimum choices, but they are not cost efficient to an specific establishment. Thisis
mainly because vehicle consumers are not charged for the environmental damages dueto
their vehicles operation. Given the above explanation, agencies run directly by politicians, |

expect, arelesslikdy to choose Alternative Fud Vehiclesin this case sudy.

7.2.5 How Does Government’s Monopoly Power Lead to Cost | nefficiency?

If it was possible for citizensto choose anong mulltiple cities or counties to get the
same or Smilar public services, the outcome would have been more efficient loca
governments. The presence of competition, Mudller (1989) argues, tends to have the same
sdutary effect on efficiency that competition among firms does. Niskanen (1994) explains
that competition - even if only latent - reduces the cost of monitoring a bureau, increases the
credibility of athreat to transfer funding away from one bureau, and increases the incentive
for each bureau to compete on an efficiency bass.

With thisin mind, | expect to see city and county governments show more cost
concerns than independent specid didtricts run by appointed officias when choosing vehicles
fromthegiven lis. Reasonsfor thisare asfollows: (1) City and county offices are headed
by elected officid operating in a competitive politica market of vote-seeker paliticians, while
gpecid digtricts are headed by career bureaucrats with secure long-term jobs. (2) Thecity

and county governments are confined to set jurisdictions that, for the most part, cannot be



expanded. Specid didtricts, on the other hand, are created mostly to overcome these
jurisdictiona boundaries and are usualy assgned much wider geographic jurisdictions,
(Burns, 1994) which creates an dmost non-contestable monopoly power for the districts.
City and county governments' functions could, however, be chalenged by other cities or
counties in the region offering the same services to their condtituents.

| expect to find a more negative vehicle cost coefficient for city and county

governments and a lesser negative coefficient for specid digtricts run by appointed officids.

7.2.6 Choosing Between Long -term Social Benefits Or Salient Short -Term
Projects?

Let'slook closdly at how different types of government agencies alocate their funds.
Suppose that a public agency is confronted with choosing between (1) aproject that has
very little (or perhaps negative) present rewards but is socid welfare maximizingin a
relatively distant future, and (2) aproject that has immediate rewards but may lack long-term
vison. What type of agency would more likely choose the first project over the second? |
assart that an agency directly run by an eected officia would consstently choose type (2)
projects over type (1) projects. The nature of being periodicdly (et least every four years)
subject to eection would change the perspective of the officid to one of more myopic
perspective compared to a career bureaucrat that is not as much worried about hisjob. If
we overcame al agency problemsthat | have listed earlier, one would expect that the

gppointed official would choose projects that may benefit the generd population over longer



time horizon.  If senior bureaucrats have technica expertise their current job performance
influences their reputation and long-term job prospects.  Thus, in my case study, | expect to
see pecid didricts run by gppointed officias choose dternative fuel vehicles more than city
and county officids do, keeping al other attributes constant. Alternative fud vehidles are
thought to possess more environmenta merits in the long-run, athough not directly to the

digtrict, but less competitive short-term characteristics.

7.2.7 TheHypotheses That | Test
So far, | have argued reasons why | expect to see systematically differing decisons
made regarding cost and environmental merits of products by various types of loca

governments. | organize and list these hypothesesin Table 20.



Hypotheses Regarding Public Agencies Behavior

Table 20

Based on Modéels of Stated Choice of Alternative Fud Vehicles (AFV)

Rdative to the Gasoline Vehicles

Category Prediction Prediction: Prediction:
ARV Emissons Leves | Cost Coefficients
Coefficient’s Cosfficient’'s
Case 1.
Genera government (city or More negative | Lessnegativethan | More negative
county offices) than Case 2 Case 2 than Case 2
(Possibly Postive
Sgn)
Case 2:
| ndependent specid didricts Lessnegativethan | More negative | Less negative than
with gppointed officids Casel than Case 1 Casel
(Possibly Postive
Sgn)




7.3 THE EVIDENCE

7.3.1 The Data

| use four sources of data. The main source isthe Alternative Fud Vehicle Projects

fleet data that is described here in detail in Chapter 2. |-elassify-the observations forpublic-

(1) public organizations, (2) public schoals, and (3) private firms. My main andysshereis
done using the first and second categories than represent public agenciesin generd. The
survey data contained the agency name, the name and title of the person that filled out the
survey, the address of the location of agency including the zipcode, as well asthe dataon its
fleet. For studying different organizationd affect of public agencies, | needed information on
the specific type of government organization that each respondent belonged to. Thus, |
supplemented the data on the public agencies and public schools with these new sources of
data: (1) the 1992 Census of Government’s publication on Government Organization, (2)
Cdifornia State Controller’ s Office' s publication on State and Local Government
Finance, and (3) phone interviews with the agencies adminigrative officers.

| combined the information from the fleet survey and supplemental data sets and
coded public agenciesinto severd functional categories: (1) general government (city and

county offices), (2) independent specid didtricts run by dected officias, (3) independent




specid didricts run by appointed officids, and (4) public schools. The frequency distribution

of these categoriesis shown in Tables 21 and 22, and Figure 3.



Table21

Breakdown of Private and Public Organizations

Organization Type Frequency Percentage Of
Total Records

All organizetions 14523 100%
Private organizations 10542 72.59%
Public organizations 3981 27.41%
Generd Governments 1809 12.46%
School Digtricts 1347 9.25%
Specid Didricts 633 4.3%
Specid digricts run by eected officids 327 2.1%

Specid digtricts run by gppointed officids 306 2.0%

One concern with thistype of survey data could be that the responses may vary
depending on the authority and knowledge of the person filling out the questionnaire. In
other words, there might be systematic differences in the stated choices if one respondent
has a higher managerid pogtion than another one.  To examine the possibility of such bias, |
decided to run my models controlling for the respondent’ stitle. Thus, | coded the responses
into two groups of high level officials and low level officials based on the respondents

job titles™’

17| thank Professor Gordon (Pete) Fielding for his assistance in classifying respondents' title.



7.3.2 General Governments Versus Special Districts

Locd public organizations could be categorized into two distinct groups: (1) generd
governments congisting of city and county governments, and (2) specid didricts. Within
Specid didricts, there are those which are functionaly and financialy independent from any
city or county government, and there are dependent specid didtricts. Although, technicdly,
according to the Census of Government’ s definition, only independent specid didtricts are
“gpecid didricts’, in the gate leve, both independent and dependent districts are included in
financid reports prepared by Cdifornia State’s Controller Office. | define a“ specid ditrict”
asonethat isfinancidly and operationdly independent of city and county governments. In
my andysis, henceforth, | do not include “ dependent specid districts’ with specid digtrict
category, but | add those to the “general government category”.

In my sample, specid didtricts congtituted about one-third of the observations as
generd governments.  One-half of these specid didricts was led by eected officids, and
one-haf was run by appointed officids. The descriptive Satistics for these categories are

listed in Table 22.



Table22

Breakdown of Various Types of Public Organizations

Public Organization Type Frequencies Percentage
of Total
Records
Generd Governments - Elected Officids 1809 47%
School Didtricts - Hected Officias 1347 36%
Specid Didtricts 633 17%
Specid digtricts run by dected officids 327 9%
Specid didricts run by gppointed officids 306 8%
Figure3

Various Typesof Public Organizations

Spedidl Districts
17%

Public Schools
36%

Governments
48%




7.3.3 Methodology
| assumed that the fleet manager perfectly reflects the choices of the director(s) of
the office in his stated choice answers and followed the multinomia Conditiond Logit modds

as | have described earlier in Section 4.1.

7.3.4 Empirical Results

| built asmple multinomia logit modd of public organizations fud choice explained
by: (a) fue congtants where gasoline fud congtant is chosen as the base, (b) purchasing cost
of the vehicle, (c) purchasing cost of the vehicle for large fleets only, (d) purchasing cost
sguared, (€) operating cost of the vehicle, (f) operating cost squared, (g) vehicle range, (h)
vehicle range squared, (i) emission levels compared to 1993 gasoline vehicle, and (j)
emisson levels squared. | added some squared terms for continuous variables purchasing
cogt, operating codt, vehicle range, and emission levels, to account for possible non-linearity.

Fird, | tested the effect of the respondent’ s management level on the stated fuel
choices. | set up amodd of fud choice for public agencies which had data on the
respondent’ s management ranking. | included interactions with adummy variable thet is
equal to one for those agencies which had alow ranking manager as the respondent of our
survey. The results are reported in Table 23. Consequently, | performed a Log-likelihood
Test with aconstrained model consisting of al variablesin Table 23, except dl interactions
with “Low ranking management” dummy. The chi-squared vaue with 10 degrees of

freedom for thistest was 14.79. Thus, | could not regject the null hypothesis thet the



constrained model is a better moddl, a a0.5 level of significance™® |, thus, proceeded
assuming that no systematic response variations between the two categories of high and low

management respondents.

8 Notethat ¢ % 05= 1831



Table 23

Testing the Effect of Management Level of the Respondents

Dependent Variable is Vehicle Fud Choice Codfficient | Standard | t-detigtic
Fuel Choice Baseis Gasoline Error

EV congant -0.006 0.52 -0.011
CNG congtant -0.336 0.36 -0.942
Methanol constant -0.936 0.33 -2.846
Purchasing cost -0.147 0.56 -0.261
Purchasing cost for fleets over 120 vehicles -1.23 3.8 -0.321
Purchasing cost squared -0.024 0.05 -0.466
Vehiderange -0.532 0.34 -1.552
Vehicle range squared 0.174 0.12 1.432
Talpipe Emisson Level 3.924 1.77) 2.211]
Tailpipe Emisson Level squared -3.452 1.54 -2.239
EV congant * Low ranking management -0.928 0.62 -1.487
CNG congtant * Low ranking management 0.177 0.43 0.416
Methanol congtant * Low ranking management 0.439 0.39 1111
Purchasing Cost * Low ranking management -0.455 0.65 -0.697
Purchasing cost for fleets over 120 vehicles* Low -0.641 4.63 -0.139
ranking management

Purchasing cost squared * Low ranking 0.066 0.06 1.15
management

Range * Low ranking management 0.832 0.41 2.028
Range squared * Low ranking management -0.240 0.14 -1.661
Talpipe Emisson Leve * Low ranking management -4.952 2.09 -2.373
Tailpipe Emisson Level squared * Low ranking 4.352 1.83 2.378

management

Initid Log likelihood = -933.85
Fina Loglikelihood = -882.42
Notes:

Pseudo R? = 0.055
Number of Observations= 2234

(2) 1 did not have data on thetitle of the respondents for about 16% of public agencies. (2)

| did not include public schools here.




| then proceeded with estimating Six fud choice moddsfor (1) private firms, (2) al
public agencies, (3) genera governments, (4) independent specid didtricts, (5) independent
specid digricts run by appointed officids, and (6) public agencies run by elected officids. |
found that private agencies and public agencies systematically make different choices on their
vehicle fleet. Table 24, models 1 and 2 show these findings. The cost coefficient for public
organizations (mode 2) is Sgnificant and less in abosolute magnitude than it isfor al private
firms (modd 1).

| compared the purchasing cost coefficient estimates across these Sx models and
found that special districts governed by appointed officials, model 6, has a positive cost
coefficient estimate, indicating alesser level of cost concern in that segment. Moreover,
general government segment had a Sgnificant and negetive coefficient which was even
higher in absolute value than private firms' segment, which indicates more cost concerns on
the part of the generd government officids. Note that the coefficient estimate for
“purchasing cost squared” is pogitive and significant for both general governmentsand
agencies run by elected officials, which indicate more sengtivity towards “ purchasing cost”
asthe dollar amount of vehicle becomes larger. These findings are consistent with the
hypothesis that general governmentsand other public agencies run by elected officials
are more likely to make purchasing decisons that value lower prices than are special

districts run by appointed officials.



Table 24

Conditional Multinomial Logit Models of Fuel Choice

Choice baseis gasoline

** Coefficient issgnificant at 95% levd.
* Coefficient issgnificant & 90% levd.

private | Std. | public | Std. | general | Std.
firms | Error org. | Error | gov. |Error
model (1) model model
&) ©)
EV congant -1.030**| 0.136| -0.721**| 0.216| -0.418|0.324
CNG constant -0.608**| 0.089| -0.376**| 0.144) -0.067|0.214
Methanol constant -0.592**| 0.081| -0.792**| 0.136| -0.857**| 0.203
Purchasing cost -0.754**| 0.136| -0.448**| 0.198| -0.959**| 0.321
Purchasing cost for flegts 0.130| 0.172| -0.209| 0.149 -0.207(0.190
over 120 vehicles
Purchasing cost squared 0.047**| 0.011f 0.027*| 0.014{ 0.071**|0.024
Vehiderange 0.394**| 0.096] 0.007| 0.136| -0.085| 0.204
Vehicle range squared -0.061*| 0.032] -0.001 0.048 0.032 0.072
Tallpipe emisson 0.499| 0.417| 0324 0.671] 1.715%|1.018
Tailpipe emission squared -0.385| 0.376 -0.336| 0.597| -1.563*|0.908
Pseudo-R2 0.1229 0.0448 0.0596
No. of observations 10542 3981 1809
Initid log-likelihood -4208.82 -1639.04 -759.32
Find loglikdihood -3691.68 -1565.56 -714.01







Table 25

Conditional Multinomial Logit Models of Fuel Choice

Choice baseis gasoline

** Coefficient issgnificant at 95% levd.
* Coefficient issgnificant e 90% levd.

Special | Std. | Special | Std. | Agencies | Std.
Districts | Error | districts | Error with Error

with Elected

Appointed Officials

Officials
M od€l M odel M od€l
@) ®) (6)
EV condant -1.078**| 0.535] -1.840**| 0.764] -0.678**| 0.232
CNG consgtant -0.861**| 0.373] -1.327**] 0.534] -0.328**| 0.155
Methanol constant -0.360] 0.323 -0.660] 0.469] -0.818**| 0.145
Purchasing cost 0.627] 0.597 1.260 0.811] -0.494**| 0.213
Purchasing cost for fleets -0.396] 0.482 -0.839 0.670 -0.174] 0.153
over 120 vehicles

Purchasing cost squared -0.070] 0.055 -0.095 0.068] 0.030**| 0.015
Vehiderange 0.166] 0.375 -0.1049 0.537 -0.042] 0.146
Vehicle range squared -0.039] 0.125 -0.109 0.184 0.028] 0.052
Tailpipe emisson -0.195] 1.829 -1.889 2.746 0.362| 0.713
Tallpipe emisson squared 0.227] 1.604 2.222 2.452, -0.432| 0.634
Pseudo-R? 0.0731 0.0736 0.0508
No. of observations 632 305 3483
Initid log-likelihood -256.31 -121.62 -1438.78




Find log likelihood

-237.57

-112.67

-1365.69




7.3.5 Alternative Fuel Vehicle Choice, Emission Levels, and Public Organizations
Theresults from Tables 24 and 25 aso indicate some interesting findings regarding
dternative fuel choices made by different types of public organizations. For example,
agencies run by elected officials and general gover nments seemed to be more likely to
choose Compressed Natural Gas (CNG) than special districts run by appointed officials,
holding other attributes congtant. Again, there is a systematic divergence of choice behavior
between special districts run by appointed officials and al other forms of loca
government organizations which are run by dected officids.  The same sory istrue for the
eectric vehicle choice. The story, however, changes for the methanol choice: special
districts run by appointed officials are more likely to purchase methanol vehicles than any
other public organization group. But, what does this result say about long-term socid
welfare concerns versus short-term goals? A ook &t the coefficient estimates for “tailpipe
emisson” variable may shed some light on thisissue. Compare general governments
“tallpipe emisson” coefficient with that of special districts run by appointed officials. For
general governments, the “tailpipe emisson” coefficient is postive while for special
districts run by appointed officials, this coefficient is negative. This result indicates less
sengitivity on the part of general gover nmentsthan special districts run by appointed
officials toward emisson levels when making vehicle choices. The “tailpipe emisson’
coefficient estimate for public agencies run by elected officials is pogtive but smdler than

that of general governments Thisis consstent with local governments' encompassing



amaller geographic areas and thus not caring as much about air pollution which affects areas
outsde of their jurisdiction.

The above results are consstent with the hypothesis that (1) genera governments,
which are dl run by eected officids, exhibit the least amount of concern for environmental
merits of their chosen vehicles, and (2) specia digtricts run by gppointed officids show the

most environmenta sensitivity in their vehicle choices.

7.3.6 Fleet Size and Cost Efficiency

Earlier in this dissertation, | showed that larger public agencies seemed to behave
more like private agencies with respect to cost concerns. (Please see Model D) The
guestion remained that what is it about larger public agencies that makes them choose
more like private firms than small public agencies do? So far, my anayss did not
present any hypothesis as to why would that be the case. On the contrary, if anything, |
showed o far thet larger public agencies are generdly more cost inefficient because larger
Sze of an organization reduces the probability of adequate externd monitoring and makes
internd inefficiency lessvisble. Thus, we should expect to see less cogt sengtivity from
larger public agencies as opposed to what Moded D predicts.

A closer look at the digtribution of fleet Sze in the surveyed agenciesrevedsthat in
our fleet survey, public agencies are mostly larger fleets of over 120 vehicles. Figure 2
shows that public agencies condtitute over 65% of “large fleets’ in our sample. Within public

agencies, as Figure 3 shows, mogt of the larger fleets belonged to city and county offices,



i.e, genera governments. Specid didricts had the least proportiond fleets of larger Sze than
al other categories. Thus, larger public agency category in Modd D overwhemingly
consgsof general governmentsand only aminute portion of specid didtricts are
represented in it. So the results from Model D, | hypothesize, may actudly show the
gmilarity of general governments' cost concerns to the private sector, as my anaysis

hypothesizes. Hence, | decided to test this hypothess,



Figure4: Comparison of Public and Private Agencies Fleet Size Digtribution
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| set up amodd of fud choice with interaction variables for (1) dl public agencies,
(2) large public agencies, and (3) large general government agencies. Resultsare shownin
Table 26. | tested a series of hypotheses to investigate whether or not differencesin cost
concerns and fud choices exist between the private, public, large public, and large generd
government organizations. Table 27 contains the complete set of tests and their results from
model estimated in Table 26. | could not regect the hypothesis that “larger public fleets have
the same cogt coefficient than do larger generd government fleets’” at 95% confidence level
usng aLogLikelihood Ratio Test .

Inasmilar modd, shown in Table 28, | included interactionsfor dl general
governmentsregardiess of thelr fleet szes. Using this modd, | tested further hypotheses
comparing dl genera government organizations with al sampled organizations, al public
organizations, and large public organizations. A subset of tests are shown in Table 29.
These tests dso show further evidence that general government organizations do gppear to
choose more cost-conscioudy than do other public organizations, and that generd
governments do seem to vaue lower purchasing cost of the vehicles as much as private firms
do. Thesefindings are condgstent with my prediction that general government offices, which
are run by dected officids, are more concerned with vote-maximizing and appearing to be

cost-efficient.



Table 26

Conditional Multinomial Logit Model

Large and Small Public Agencies & Large General Government Fleets Are Tested

Against All Industries

Number of obs= 14523

Initid Log Likdihood =-5850.8782

Pseudo R2 =0.1060 Find Log Likdihood = -5230.5913
Fuel Choice (Base is gasoline vehicles) Coef. SE | t-stat
EV congant -1.384] 0.107] -12.910
CNG congtant -0.632| 0.074] -8.503
Methanol constant -0.455| 0.057] -7.950
Purchasing cost -0.675| 0.110] -6.157
Purchasing codt for fleets over 120 vehicles 0.148| 0.173] 0.855
Purchasing cost squared 0.039| 0.009| 4.377
Operating Cost -0.047| 0.009] -4.918
Vehiderange 0.219| 0.033] 6.621
EV congant * generd governments with over 120 -0.745| 0.588| -1.268
vehicles

CNG congtant * genera governments with over 120 0.558 0.558] 1.000
vehicles

Methanol constant * generd governments with over -0.640| 0.436| -1.469
120 vehicles

Purchasing cost * generd governments with over 120 -0.054| 0.282] -0.192
vehicles

Vehiclerange* general governments with over 120 -0.153| 0.232] -0.657
vehicdes

EV condant * dl public organizations 0.379 0.185] 2.046
CNG congant * dl public organizations 0.149| 0.159] 0.936
Methanol congtant * dl public organizations -0.258 0.130] -1.979
Purchasing cogt * dl public organizations 0.059 0.083] 0.709
Vehiderange* dl public organizations -0.203] 0.070] -2.916
EV congant * dl public organizations with over 120 0.377| 0.503] 0.749
vehicles

CNG congtant * dl public organizations with over 120 -0.136| 0.497| -0.274
vehicles

Methanol congtant * dl public organizations with over 0.400] 0.375| 1.068
120 vehicles

Purchasing cost * dl public organizations with over -0.298| 0.292| -1.021
120 vehicles

Vehiderange* dl public organizations with over 120 0.052] 0.204f 0.256




[vehides




Table 27

Log-Likelihood Ratio Tests

Performed on constraint models as described below with the model described in

Table 26 being the saturated model

Null Hypothesis Chi? Prob> | Conclusion

(1) Chi?
b (EV congant for dl organizations) =b (EV 044 0.000 reject H,
congtant for al public organizations)
b (CNG congtant for dl organizations) = b 14.68 00001 | rgject H,
(CNG congant for dl public organizations)
b (methanol congtant for dl organizetions) =b | 145 02283 | cannot regject H,
(methanol congtant for dl public organizations)
b (purchasing cost for dl organizations) = b 29.06 00000 | rgect H,
(purchasing cogt for dl public organizations)
b (vehicle rangefor dl organizaions) = b 2191 0.000 reject H,
(vehicle range for al public organizetions)
b (EV congant for dl organizations) = b (EV 11.75 00006 | rgect H,
condant for dl public organizations with large
fleets)
b (CNG congtant for dl organizations) = b 0.97 03243 | cannot regject H,
(CNG congtant for dl public organizations with
large fleets)
b (methanol constant for dl organizations) =b | 509 00241 | rgect H,
(methanol congant for al public organizations
with large flegts)
b (purchasing cost for dl organizations) = b 145 02283 | cannot regject H,
(purchasing cost for dl public organizations with
large fleets)
b (vehicle rangefor dl organizations) = b 0.65 04198 | cannot regject H,
(vehidle range for dl public organizations with
large fleets)
b (EV congant for dl organizations) =b (EV 114 0285 | cannot reject H,
congtant for generd government organizations
with large flegts)
b (CNG congtant for dl organizations) = b 446 00347 | rgject H,
(CNG congtant for generd government
organizations with large fleets)
b (methanol congtant for dl organizetions) =b | 0.18 06739 | cannot regject H,

(methanol congtant for genera government




Null Hypothes's

Chi®
€y

Prob>
Chi?

Conclusion

organizations with large fleets)




Table 27 (continued)

Log-Likelihood Ratio Tests
Performed on constraint models as described below with the model described in
Table 26 being the saturated model

Null Hypothesis Chi? Prob> | Conclusion
(1) Chi?
b (purchasing cost for al organizations) = b 4.15 00417 | regject H,

(purchasing cost for generd government
organizations with large fleets)

b (vehiderangefor dl organizations) = b 2.52 01127 | cannot regject H,
(vehicle range for generd government
organizations with large fleets)

b (EV consgtant for al public organizationswith | 0.00 0.997 cannot reject H,
large fleets) = b (EV congtant for al public
organizations)

b (CNG congtant for dl public organizations 0.26 06103 | cannot rgject H,
with largefleets) = b (CNG congtant for dl
public organizations)

b (methanol congant for dl public organizations | 234 01259 | cannot regject H,
with large fleets) = b (methanol congtant for all
public organizations)

b (purchasing cost for al public organizations 12 02726 | cannot regject H,
with large fleets) = b (purchasing cost for dl
public organizations)

b (vehiderangefor dl public organizationswith | 1.21 0272 cannot reject H,
large fleets) = b (vehicle range for dl public
organizetions)

b (EV congtant for dl public organizationswith | 1.2 0.274 cannot reject H,
large fleets) = b (EV congtant for generd
government organizations with large flegts)

b (CNG congtant for al public organizations 048 04906 | cannot reject H,
with large fleets) = b (CNG congtant for general
government organizations with large flegts)

b (methanol congtant for dl public organizations | 1.85 01734 | cannot regject H,
with large fleets) = b (methanol congtant for
generd government organizations with large
fleets)




Table 27 (continued)

Log-Likelihood Ratio Tests
Performed on constraint models as described below with the model described in
Table 26 being the saturated model

Null Hypothesis Chi? Prob> | Conclusion
(1) Chi?

b (purchasing cost for al public organizations 0.22 06354 | cannot reject H,
with large fleets) = b (purchasing cost for
generd government organizetions with large
fleets)

b (vehiderangefor dl public organizationswith | 0.24 06209 | cannot regject H,
large fleets) = b (vehicle range for generd
government organizations with large flegts)




Table 28

Conditional Multinomial Logit Model
Large and Small Public Agencies & all General Government Fleets
Are Tested Against All Industries

Initid Log Likeihood = -5850.88

Number of obs= 14523

Find Log Likdihood = -5235.27 Pseudo R2 = 0.1052
Fuel Choice (Base is gasoline vehicles) Coef. SE t-stat
EV congant -1.382 0.107 -12.895
CNG congtant -0.631 0.074 -8.498]
Methanol constant -0.455 0.057] -7.954
Purchasing cost -0.676 0.11Q0 -6.149
Purchasing codt for fleets over 120 vehicles 0.000 0.0000 0.854
Purchasing cost squared 0.039 0.009 4.373
Operating Cost -0.046 0.009 -4.889
Vehiderange 0.219 0.033 6.622
EV congant * generd governments with over 120 -0.085 0.30 -0.280
vehicles

CNG congtant * general governments with over 0.322 0.263 1.227
120 vehicles

Methanol constant * generd governments with over -0.051 022 -0.233
120 vehicles

Purchasing cost * generd governments with over 0.058 0.13q 0.430
120 vehicles

Vehiclerange * generd governments with over 120 -0.012 0.114 -0.110
vehicdes

EV condant * dl public organizations 0.401 0.207] 1.939
CNG congant * al public organizations 0.038 0.182 0.211]
Methanol congtant * dl public organizations -0.243 0.147] -1.648
Purchasing cogt * dl public organizations 0.042 0.090 0.473
Vehiderange* dl public organizations -0.204 0.079 -2.592
EV congant * al public organizations with over 120 -0.041 0.33q -0.122
vehicles

CNG congant * dl public organizations with over 0.197 0.299 0.658
120 vehicles

Methanol congant * dl public organizations with 0.002 0.249 0.006
over 120 vehicles

Purchasing cogt * dl public organizations with over -0.359 0.239 -1.504
120 vehicles

Vehiderange* dl public organizations with over -0.024 0.128 -0.191




[120 vehicles




Table 29
Log-likelihood Ratio Tests
Performed on constraint models as described below with the model described in

Table 28 being the saturated model

Null Hypothesis Test Results

b (purchasing cost for al respondents) = b (purchasing cost for public | Reject H,

agencies only)

b (vehicle rangefor al respondents) = b (vehicle range for public Reect H,

agencies only)

b (purchasing cost for dl respondents) = b (purchasing cost for generd | Reject H,

government organizations only)
b (vehicle range for al respondents) = b (vehicle range for generd Cannot reject
government organizations only) Ho

b (purchasing cogt for larger public organization fleets) = b (purchasing | Cannot regject

cost for general government organizations only) Ho




SUMMARY AND CONCLUSION

In this paper, | examined how choices made by public organizations differ from those
of private organizations when complex purchase decisons are involved which are conflicting
in environmental and cost issues. | investigated the underlying motives for these differences
and how the specific structure of the public ingtitution affects its decision making process.
Indtitutiond features, such asthe relaionship of the organization to the city or the county
governments and whether or not the organization is a bureaucracy or an independent district,
were examined. | aso explored how public choice issues such as having an dected or an
gppointed governing body affected public organizations choices. | used the Alternative Fud
Vehicle Fleet survey as well as other sources of data and empirically tested various
hypotheses regarding the behavior of different types of public agenciesin the context of a
stated choice experiment on vehicle purchases.

One hypothesisthet | tested, for example, was that the incentives and agency goas
of elected officids and gopointed officids differ fundementaly. Elected officids are
concerned with getting votes in the next dection. They would like to project the image that
they have dlocated and used their budgets efficiently and have made purchasing decisons
that were cost-minimizing. Appointed bureaucrats usudly have more secure jobs and usudly
specidize in the task their particular office performs. Whereas the top public bureaucrats
may (and generally do) serve at the pleasure of eected officids, their connection to electora
incentivesis likely to be attenuated. Their purchasing choices may reflect more long-term

horizons and socid welfare gains. However, they do not have much incentive to choose



cost-efficiently since their incomes (and their jobs) are relaively secure and not directly
related to their organizations cost efficiency. Thus| predicted that eected officias choices
reflect more cost concerns while gppointed officias choices show more environmentaly
friendly behavior.

My empirica results were consstent with hypothess that there exists systematic
choice differences between specid digtricts run by gppointed officials and loca government
agenciesrun by dected officias. These findings demonstrate that being subject to re-eection
would serve as an interna monitoring device for specid didricts and other government
organizations, encouraging them to make more cost conscious decisons. The tradeoff is that
environmentaly wefare enhancing projects with longer-term implementations may get

sacrificed!



Example 1:
Task

Appendix |

From the Stated Preference Choice Allocation Survey
Showing one of 64 Experimental Treatments

Assume that you must now replace your entire fleet of CARS AND STATION WAGONS
by using the three types of CARS AND STATION WAGONS described in the table

below.
CARSAND STATION WAGONS
Fuel Type Gasoline Electric Natural Gas (CNG)
|Dual Fuel Ability Can also run on gasoline
|capital Cost Per $17,000 $14,000 (includes $16,000
Vehicle recharge unit)
Vehicle Range 250 miles 100 miles 275 miles on CNG

[Operating Costs

6 cents per mile

4 cents per mile of
overnight recharging.
12 cents per mile for
daytime recharging.

4 cents per mile

JOn-Site Refueling

Refueling Time

On-site refueling not
available

Not Applicable

recharging unit comes
with each vehicle for on-
site use.

3 Hr. for full charge

Not Applicable

Not Applicable

Service Station
|Refueling

Refueling Time

Gasoline available at
current stations

7 min. to fill empty tank

5 recharge stations for
every 10 gasoline
stations

60 min. for full charge

1 CNG station for every
10 gasoline stations

5 min. to fill empty CNG
tank

J[Home Refueling

Refueling Time

Not Available.

Can recharge at home
overnight.

CNG home refueling
units cost $4,000

6 Hrs. to full empty CNG
tank

Tailpipe emissions

25% of new 1993
gasoline car emissions

Zero tailpipe emissions

40% of new gasoline car
emissions

How would you replace your entire fleet of CARS AND STATION WAGONS from the
three vehicle choices described in the proceeding table? Under each fuel type indicate the
number of vehicles you would require for each use.

Replacement of CARSAND STATION WAGONS

VEHILCE USAGE

Gasoline

Electric

SALESOR CUSTOMERVISTS
SHUTTLE/RIDESHARING / COMMUTE

Other uses:

Total:

Natural Gas(CNG)



If you ruled out any vehicle type in the above table, please describe why:




Example 1:
Task

Appendix |

From the Stated Preference Choice Allocation Survey

Showing one of 64 Experimental Treatments

Assume that you must now replace your entire fleet of CARS AND STATION WAGONS
by using the three types of CARS AND STATION WAGONS described in the table

below.

CARSAND STATION WAGONS

12 cents per mile for
daytime recharging.

Fuel Type Gasoline Electric Natural Gas (CNG)
|Dual Fuel Ability Can also run on gasoline
|capital Cost Per Vehicle $17,000 $14,000 (includes recharge |$16,000

unit)
Vehicle Range 250 miles 100 miles 275 miles on CNG
[Operating Costs 6 cents per mile 4 cents per mile of overnight |4 cents per mile
recharging.

JOn-Site Refueling

Refueling Time

On-site refueling not
available

Not Applicable

recharging unit comes with
each vehicle for on-site use.

3 Hr. for full charge

Not Applicable

Not Applicable

Service Station Refueling

Refueling Time

Gasoline available at current
stations

7 min. to fill empty tank

5 recharge stations for every
10 gasoline stations

60 min. for full charge

1 CNG station for every 10
gasoline stations

5 min. to fill empty CNG tank

J[Home Refueling

Refueling Time

Not Available.

Can recharge at home
overnight.

CNG home refueling units
cost $4,000

6 Hrs. to full empty CNG tank]

Tailpipe emissions

25% of new 1993 gasoline
car emissions

Zero tailpipe emissions

40% of new gasoline car
emissions

How would you replace your entire fleet of CARS AND STATION WAGONS from the
three vehicle choices described in the proceeding table? Under each fue type indicate the
number of vehicles you woud require for each use.

Replacement of CARSAND STATION WAGONS

VEHILCE USAGE

Gasoline

Electric

Natural Gas(CNG)

SALESOR CUSTOMERVISTS
SHUTTLE/ RIDESHARING / COMMUTE

Other uses:

Total:




If you ruled out any vehicle type in the above table, please describe why:

Gasoline
Vehicles

Minicar
Subcompact car
Compact car
Intermediate car
Large car
Luxury car
Sports car
Compact pickup
Standard pickup
Minivan
Standard var
Trucks

Small Buses

Assumed Price and Operating Characteristics For Year 2010

Price

14227
13452
18178
20320
22075
38749
18725
14770
18578
21278
19036
60,000
60,000

Appendix |1

Refueling Emission Range

Time

NNNNNNNNNNN NN

Index

0.52
0.52
0.52
0.52
0.52
0.52
0.52
0.52
0.86
0.86
0.86

2.5

2.5

400
400
400
400
400
400
400
400
400
400
400
400
400

Luggage
Index

OCOO0OO0OO0O0ORRRRRRLR

Operating

Station

Cost (¢/mi) Availability

4.15
4.55
5.42
5.98
6.42
7.41
6.26
6.54
9.09
7.06
8.99

20

20

PR RPRRPRRRRPREPRRRERR



Appendix |1

Assumed Price and Operating Characteristics For Year 2010

M ethanol Price Refueling Emission Range Luggage Operating Station
Vehicles Time Index Index Cost (¢/mi) Availability
Minicar 14527 7 0.52 280 1 5.75 03
Subcompact car 13752 7 052 280 1 6.15 0.3
Compact car 18478 7 052 280 1 7.02 0.3
Intermediate car 20620 7 0.52 280 1 7.58 0.3
Large car 22375 7 052 280 1 8.02 0.3
Luxury car 39049 7 0.52 260 1 9.01 0.3
Sports car 19025 7 052 280 1 7.86 03
Compact pickup 15070 7 0.86 300 0 814 03
Standard pickup 18878 7 0.86 300 0 10.69 0.3
Minivan 21578 7 0.86 300 0 8.66 03
Standard var 19336 7 0.86 300 0 10.59 0.3
Trucks (<=14K Ibs) 60300 7 0.86 300 0 216 03
Small Buses 60300 7 0.86 300 0 216 0.3



Appendix |1

Assumed Price and Operating Characteristics For Year 2010

CNG Price Refueling Emission Range Luggage Operating Station
Vehicles Time Index Index Cost (¢/mi) Availability
Minicar 16627 5 0.09 180 1 325 0.2
Subcompact car 15852 5 0.09 180 1 365 0.2
Compact car 20578 5 0.09 180 1 452 0.2
Intermediate car 22720 5 0.09 180 1 5.08 0.2
Large car 24475 5 031 180 1 552 0.2
Luxury car 41149 5 031 180 1 6.51 0.2
Sports car 21125 5 031 180 1 5.36 02
Compact pickup 17170 5 0.31 180 0 564 0.2
Standard pickup 20978 5 031 180 0 819 0.2
Minivan 23678 5 031 180 0 6.16 0.2
Standard var 21436 5 031 180 0 8.09 0.2
Trucks (<=14K Ibs) 62400 5 0.31 180 0 191 0.2
Small Buses 62400 5 031 180 0 191 0.2



Appendix |1

Assumed Price and Operating Characteristics For Year 2010

EV Price Refueling Emission Range Luggage Operating Station On-site
Vehicles Time Index Index Cost (¢/mi)  Availability _refueling

time- HRS
Minicar 28627 10 0 150 1 7.75 01 4
Subcompact car 27852 10 0 150 1 8.15 01 4
Compact car 32578 10 0 150 1 9.02 0.1 4
Intermediate car 34720 10 0 150 1 9.58 01 4
Large car 36475 10 0 150 1 10.02 01 4
Luxury car 53149 10 0 150 1 1101 01 4
Sports car 33125 10 0 150 1 9.86 01 4
Compact pickup 29170 10 0 150 0 10.14 01 4
Standard pickup 32978 10 0 150 0 12.69 01 4
Minivan 35678 10 0 150 0 10.66 01 4
Standard var 33436 10 0 150 0 1259 01 4
Trucks (<=14K 1bs) 74400 10 0 150 0 236 01 4
Small Buses 74400 10 0 150 0 236 01 4
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