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ABSTRACT

The conception, calibration, and evaluation of alternative disaggregate behavioral
models of the express bus-fringe parking travel choice situation are described. Survey
data collected for the Parham Express Service in Richmond, Virginia, are used to define
the service market area and to construct binary and n-dimensional choice models, The
performance of these models is tested using a set of comprehensive evaluation criteria.
Finally, the Parham Express model is applied to another fringe parking service (Princess
Anne Plaza in Virginia Beach, Virginia) to evaluate the transferability of such models
for planning applications. It is concluded that a model calibrated for a given urban
subarea can be transferred and applied only to other areas which exhibit similar population,
service, and urban development characteristics. The requirements of a generalized
model methodology are described.
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SUMMARY AND CONCLUSIONS

A data collection procedure was developed and implemented in Richmond,
Virginia, to enable the calibration of behavioral choice models for an express bus-fringe
parking service — the Parham Express, Both binary and n-dimensional models were
constructed with the logistic function and alternate ways for mathematically specifying
the system time and cost measures were tested, The resulting models were formally
evaluated against accepted criteria. In addition, sensitivities and elasticities of travel
behavior were measured, and values of time were calculated. The transferability of
the Parham Express model to the Plaza Express in Virginia Beach-Norfolk, Virginia
was examined. Finally, a generalized planning procedure for express bus-fringe
parking services was described, assuming that a comprehensive set of models for
different areas was available,

The results of this investigation support the following conclusions:

1) The variations in travel behavior found among tripmaker groups that were specified
according to the accessibility of their residence zone to a fringe parking lot are
significant, and can be used to determine the service area for proposed lots and to
assist in the design of local feeder transit,

2) Disaggregate behavioral models can be constructed which accurately describe existing
travel behavior towards a subareal service.

3) The accuracy of the model is sensitive to the manner in which the transportation
system variables are specified. In this study a measure of the difference divided by the
average of a system measure (time or cost) for competing modes proved most successful
among the alternate measures tested,

4) The binary choice model was able to describe observed travel behavior much better
than did the n-dimensional model. This outcome may have been due to insufficient
data for describing choices in more detail than a basic auto-transit split. More
information is required before a firm conclusion can be made on this issue.

5) The primary explanatory variables proven significant in the models were age, sex,
travel time, cost, household autos/licensed drivers , and the accessibility of the
residence zone to the lot,

6) Income data are important in establishing the transferability of a model and for
validating value of time estimates.

7) A diagnostic analysis of the travel survey data, system measures, and areal character-
istics is helpful in selecting variables for the models and for making inter-area compari-
sons for subarea model classifications,

8) Sensitivities and elasticities of choice with respect to certain independent variables
and values of time based on both modeling strategies were consistent with theory and
the findings in related studies, The confidence intervals of the elasticity measures
were wider in the n-dimensional model than in the binary model, The values of time
associated with the n-dimensional model were approximately 20-30% less than those in
the binary model,
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9) The survey design wherein data were collected directly from travelers on the com-
peting modes proved adequate for the model development.

10) A model calibrated for a given urban subarea can be transferred and applied only
to other areas which exhibit similar population, service, and urban development
characteristics,

RECOMMENDATIONS

In order to develop a generalized planning procedure for express bus-fringe
parking services, the following extensions of this research are required:

1) Improvement of the problem oriented survey used here, and testing of subarea
origin-destination surveys. Both surveys should obtain psychological data on trip-
maker perceptions of comfort, convenience, and other nonquantifiable service measures,
Also, the survey respondents should be asked questions about competing modes as well
as their chosen mode. These additional data should improve the behavioral accuracy of
the model.

2) Investigation or the addition of psychological system measures in the models, i.e.,
comfort, convenience, reliability, etc,

3) Establishment of relationships between the perceived measures obtained through the
surveys and engineering measures of the same parameters.

4) Comparative analyses of binary vs. n-dimensional modeling strategies for the same
choices,

5) Calibration of an extensive set of similar models from a wide range of travel,

population, and urban conditions. Synthesis and analysis of this model set and explan- O
ation of the variation of the given parameters among the various models. Establish-

ment of a continuous range for each coefficient and guidelines for selecting coefficient

values for different study area classes.

6) Documentation of the methodology in a handbook which includes case study examples.
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Express Bus-Fringe Parking Planning Methodology
by

Fuat Can Kavak
Graduate Assistant

and

Michael J. Demetsky
Faculty Research Engineer

INTRODUCTION

This report documents the development of mathematical models designed to
predict travel choices relative to express bus-fringe parking services. Volume I of
this two-volume report, entitled PlanningCriteria for Express Bus-Fringe Parking
Operations, provides an analysis of general tripmaker comments and aggregate travel
behavior and includes a set of planning guidelines for express bus-fringe parking
operations. The interested reader is also referred to Volume I for information
concerning the study areas and services which provided the data for the models described
herein.

The express bus-fringe parking concept is an example of a short-term transit
improvement in selected urban subareas where area-wide travel models which represent
an arbitrary auto-transit choice do not apply. Also, models based on aggregate zonal
behavior are not sensitive to the travel choices under consideration because this transit
operation serves only a segment of the travel market along a corridor and provides
varying levels of service to different residential zones. The express bus-fringe parking
choice problem,therefore, provides an opportunity to apply disaggregate behavioral
modeling concepts to represent travel behavior for a well-defined subarea. While the
express bus-fringe parking concept is being widely researched (1,2,3,4) and imple-
mented throughout the country, there is no objective means available to forecast the
usage for alternative locations of anticipated services,

SCOPE OF THE RESEARCH

This report focuses on the conceptualization of choice processes, the formulation
and calibration of a mathematical model, and testing of the model for practical planning
applications. Accordingly, the specific objectives of this research are (1) to develop a
methodology for modeling travel choice behavior concerning express bus-fringe parking
transit services, and (2) to evaluate the application of the derived procedures for
planning express bus-fringe parking services.



Initially, a historical review of models of mode choice is made leading to the
state of the art, The properties which make disaggregate behavioral models preferable
to the earlier, more aggregated models are explained. Choices available to a typical
commuter residing within a generalized corridor are discussed and the modeling
strategies implied by his evaluation of these alternatives are stated. Survey data
collected for the Parham Express service in Richmond, Virginia, are examined to
determine a set of variables for building models and to define the service-market area.
Binary and n-dimensional choice models are developed and calibrated using alternative
methods for specifying the transportation system variables, The performance and
reliability of these models are tested using a set of comprehensive evaluation criteria.
Finally, the Parham Express model is applied to another fringe parking service (Princess
Anne Plaza in Virginia Beach, Virginia) and the results of this effort are used to recom-
mend a methodology for planmng such services.

REVIEW OF MODE CHOICE MODELS

Aggregate Models

Since 1955, when modal-split methodology was first introduced in a major region-
wide study,(5) there have been many attempts to model the modal choice process. The
earlier models were classified with respect to their placement in the transportation
planning process either as trip-end or trip-interchange models. (6)

The earliest efforts, (5:7,8, 9,10) which were trip-end type models, estimated
modal split before trip distribution. Accordingly, these models were not sensitive to
the relative characteristics of alternative transportation options. They primarily
emplo(%ed trip and tripmaker attributes and, in some cases, accessibility ratios were
used, { These models were of little value in forecasting because they were not
sensitive to changes in system characteristics, such as reductions in cost and time of
the transit mode., Thus, as stated by Reichman and Stopher, "...because the socio- O
economic measures incorporated are generally increasing (e.g., income, car owner-
ship, and level of education), predictions of future modal shares from these models
suggest that transit will be used by a dwindling proportion of the population, irrespective
of any changes in mode characteristics".

By the late fifties, trip-interchange models were developed to correct this lack
of sensitivity to system changes in the trip-end models. These models were employed
after trip distribution and, therefore, could be responsive to changes in system
characteristics for travel between specific zones. Early models of this type were
"diversion curves' which related transit usage to either travel time differences or
ratios., The 'diversion curve' technique had two major drawbacks. (6) It did not include
trip and tripmaker characteristics and could not be used in the planning of an entire trans-
portation system at one time., In 1961, Quinby suggested that total volume of trips should
be stratified into those with or without Central Business District (CBD) orientation by
trip purpose and into those with and without peak-period peak-direction status. 12) He
also used a Gompertz exponential curve formulation in his diversion curves, Following
Quinby's ideas, a large set of diversion curves stratified by trip purpose, time of day,



relative travel time and cost, relative level of service, and economic status of the trip-
maker were developed by the National Capital Transportation Agency. (13) However,
even these models used zones for grouping observations and neglected the fact that
there might be as much variation amon%lindividual observations within a zone as among
those between different pairs of zones. Thus, they were extremely sensitive to

the selection of traffic zones and, therefore, could not be transferred geographically.

The utility model developed by R. H. Pratt Associates, Inc. (15) represents the
final step towards the present state of the art, This model is established on the basis
of a meaningful theoretical framework which was lacking in prior models. First, it
was assumed that the individual choice of mode was utilitarian and based on mini-
mizing the disutiiity involved in making a trip. Second, a probabilistic approach was
introduced which related the probability of choice of mode to the normal distribution,
Finally, deviations from this normal distribution were attributed to predictable causes
such as captivity and resistance to long trips. The model structure was, however,
still aggregate as it employed zonal averages as explanatory variables. The only
disaggregation attempt was to stratify trips by three purposes, three income groups,
and sixteen captivity levels. In addition, the values of the parameters of the Pratt
model were based on judgment rather than statistical estimation.

Current Developments

In an attempt to improve upon the limited predictive power and lack of theory
of the aforementioned models, current research is directed towards building disaggre-
gate behavioral models. (16 6,17,18,19,20,21) These models are disaggregate in the
sense that they take the indwldual as the primary unit of decision making; they are
behavioral in character since they are based on theories of individual behavior. Most
disaggregate behavioral models are also probabilistic because they predict the
probabilities of mode choice,

Current probabilistic mode choice models can be classified into three groups
depending upon the modeling approach: discriminant, probit, or logit analysis.
Linear multiple regression, on the other hand, has been considered an inferior approach
due to various deficiencies inherent in its structure, Behavioral researchers believe
that the response of individuals to changes in system characteristics varies in dlfferent
ranges of the choice curve; therefore, the linearity assumption is inadequate. (17,22,23)
Furthermore, the predlctlons of the lmear model are unbounded and may not fall in the
(0,1) probabllzty interval,

While a recent study by Talvitie 24) indicates that any tl}gge of the aforementioned
methods can be used with equal success, Stopher and Lavender ) found that discrimi-
nant analysis was clearly inferior to problt and logit models. The latter finding seems
to be more acceptable mainly due to conceptual shortcomings inherent in discriminant
analysis and is supported also by researchers like Watson(?3) and Warner. 21) In

terms of statistical characteristics, probit and logit models yield comparable results,
however, the lo%it methodology is easier to use and interpret and consumes less
computer time, (29) For the above reasons, the logit methodology was used for this
research,
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Warner21) was the first to apply logit analysis to modal choice analysis. (26)
Theil(26) extended this technique to deal with more than two modes at a time, but appli-
cation has 7g)enera,-,\lly been restricted to binary choice situations; Stopher(18) Demetsky
and Hoel@7), Wigner(28) and Watson(23) have built various disaggregate mode choice
models that deal with only two modes at a time. Recently there have been attempts to
use the logit model in a multimodal sense as well. Rassam, Ellis, and Bennett
developed an n-dimensional logit model and used it to build models for Washington
Airport Access(29) and the city of San Diego(30), Inglis(31)derived a multimodal logit
model for a short journey starting from the binary choice model.

The logit model relates the probability of mode choice to a linear function of
explanatory variables., The relation is of a nonlinear type which restricts the probability to
the (0, 1) interval while the function can assume values from -~ to+eo .. The maximum
likelihood technique is the common method for estimating the parameters of the logit
model. Finally, these models can be used to specify aggregate group behavior based
on observed choices rather than rely on the forced assumption of common zonal
behavior that was typical of the earlier aggregate based models. A mathematical
description of the logit model is given in Appendix I.

THE CHOICE PROCESS AND DATA ANALYSIS

Choices Available Within a Generalized Corridor

The express bus-fringe parking choice problem is associated with the typical
commuter residing within a defined service area and having real travel choices. The
travel decisions at the zone of residence concern either the use of transit (local bus or
the express bus) or the exclusive use of the automobile., The local bus is assumed to
run from the zone of residence to the CBD, while the express bus commuters must
first travel to the fringe lot, Accordingly, there are potentially various means available
for traveling to the fringe lot to access the express service including parking at the lot,
a collector bus, walking, kiss-'n-ride, car pool, bicycle, and motorcycle. Those who
use the automobile exclusively for the trip to the CBD also have a route choice,

Modeling Strategies .

There is considerable uncertainty as to how commuters evaluate the choices
discussed above. One approach assumes that the commuter simultaneously considers
all of the choices at his zone of residence. This conceptualization suggests a multi-
modal choice situation at the corridor level and is illustrated in Figure 1. Figure 2
represents another approach wherein it is assumed that the commuter makes his
decisions in a sequential manner, All secondary choices are conditional upon a primary
auto-transit decision and are considered as the submodal split, (32,33) With the
exception of the express bus access modes, all decisions are binary which require
aggregation of transit and auto characteristics to provide average system attributes
for input to the model, (34)

N
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All Person Trips

Fhp> 7 e

Local Auto | |Car Pool Kiss Coll, Park Bicycle Car
Bus to to to 'N Bus & N or Walk Pool
CBD CBD CBD Ride Ride Ride 'N Ride | | 'N Ride
4
Route 1 Route 2

Figure 1, Flow chart for the n-dimensional choice model,

All Person Trips

Auto Trips Transit Trips
Route 1 Route 2 Express Bus Local Bus
Park 'N} | Car Kiss 'N} | Collector Bicycle
Ride Pool Ride Bus & Walk

Figure 2, Flow.chart for the binary choice model,
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Data Reduction

The description of the Parham Express service was given in Volume I, and the
system and tripmaker data employed in this analysis of travel behavior include the
following:

1. System Data

(a) Highway travel distances

(b) Highway travel times

(c) Transit costs

(d) Transit running times

(¢) Excess times {i.e., transit access, from parking lot to
destination, etc,)

2., Behavioral data

(a) Bus survey
(b) Auto survey

The questionnaire used for the bus survey is shown in Figure 3, It was distributed
on a weekday at the beginning of the bus trip and collected as riders left the bus, or it
was returned by mail. The license numbers of auto travelers entering the expressway
during the same time period (7 a.m. to 9 a.m.) on the two ramps in the vicinity of the
fringe lot were recorded and questionnaires mailed. The auto survey form is shown in
Figure 4,

In urban areas, the most regularly made trips are of the home based work type.
Due to this regular trip patterr, the individual tripmaker is very likely to be familiar
with many facets of his current and alternative modes of transportation, the available
routes, etc. Thus, he would be expected to make his mode choice decisions in con-
formity with the commonly made behavioral assumption concerning complete knowledge
of alternatives. Accordingly, only home based work trips are considered here, and
since this study deals with a service catering only to work trips (on the day of the survey
96.6% and 98.7% of auto andbus trips, respectively, were work trips), the reduction
in the data set due to the exclusion of other than home based work trips is negligible,

In the bus survey 302 questionnaires were handed out and 285 were returned,
After incomplete forms were eliminated, 229 usable responses remained. Due to the
fact that the license numbers of all vehicles entering the freeway could not be recorded,
traffic counters were employed to provide a control tota! for the population. This
figure was determined to be 4, 030 auto trips, from which 1, 165 valid questionnaire
responses were obtained, or a 28,9% sample, Of this sample 381 responses concerned
work trips'to the CBD. It was further assumed that the sample was representative of
the trip end distribution of the total population aud, accordingly, the 381 responses were
assumed to be a 28.9% sample of CBD destined work trips by auto.

_6 -



This Survey is Sponsored by the Virginia Department of Highways
THE FOLLOWING QUESTIONS CONCERN THE BUS TRIP YOU ARE NOW MAKING

1f possible, please fill out this questionnaire during this trip
and return it to our personnel who are on board this bus. If this is

POR OFFICIAL
inconvenient, please fill out this questionnaire at your pleasure and USE ONLY
return it in the postage-paid envelope.

1. Where did you initially begin your trip?

(specify address - number and street name)

2. Was the place you came from: (check one) "
home
work ] - other (specify) L

3, Trip purpose. The reason for this trip was: (check one)
return home shopping
work recreation
school other (specify) L

4, Time you began your trip: A M,

5. How did you get to the Parham Road Lot to board this bus?
drove and parked another bus
car passenger-car parked walked, how many minutes
dropped off-car not parked other (specify)

6. What time did this bus leave the Parham Road Lot? AM,

7. Where will you.get off this bus? (check one)
8th & Clay Main & 1lth
9th & Broad Main & 10th
Broad & 10th Main & 8th
Broad & 12th 7th & Franklin
Broad & l4th 7th & Grace
l4th & Franklin ____ 7th & Broad
14th & Main 7th & Clay

8. How will you get to your destination after leaving this bus? (check
walk, how many minutes taxi one)
another bus other (specify)

9. What is your final destination?

: specify address (number and street name) or building

10. Time you expect to arrive at your destination: A.M.,

11. 1If this bus service were not available, how would you make this trip?
drive a car another bus N
ride as a car passenger other (specify)
participate in a carpool

12. 1If you drove a car or rode as a car passenger for this trip in the
past, why did you switch to this bus?

13. Do you have any recommendations as to how this bus service could
be improved?

14. How many licensed drivers reside in your household? (count your-
self)

15. How many cars are owned by members of your household?

16. Could you have used one of the cars to make this trip? yes no
17. Please indicate your: Sex: Male ___Female
Age Group: under 16 16-24 25-44 45-65 over
— - 65

18. What is the combined annual income of all members of your household?
$0-$4000 ___$4000-$8000 ___$8000-$12000 over $12000

THANK YOU

Figure 3, Bus survey questionnaire.

-7 -
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This Survey is Sponsored by the Virginia Department of Highways

A vehicle registered in your name was observed entering 1-64 eastbound
at Parham Road between 7:00 s.m. and 2:00 p.m. on August 21, 1973 . It
would be appreciated if you or the person who drove that vehicle on this
trip would answer the following questions and return the questionnaire in
the postage-paid envelope.

POR OFFICIAL
USE ONLY
Errors in recording license plates do occur. If this form was ]
sent to you by error, please check here and return ____. Otherwise,
please continue. e
1. Where did you begin this trip?
.pecif_y address (number and street name)
2. Was the place you came from: (check one) ma—
home
____ work other (specify) L]
3. Trip purpose. The reason for this trip was: (check one) ]
return home shopping
work recreation
school ___ other (specify)
4. Time you began your trip: . AM,./P.M,
5. What was your final destination?
specify address (number and street name) or building
6. Time you reached the above address: AM,/PM,
7. What was the vehicle parking cost? § per
8. After you parked the automobile, how did you get to your final
destination?
walk, how many minutes taxi
bus other (specify)
.
9. Do you use your car during the business day? yes ___ no
10. Do you usually make this trip: (check one)
—. alone
( carrying passengers, how many?
within a carpool, how many members (count yourself)?
11. Could you have used the express bus from the Parham Road Lot for
this trip?
yes, but I chose not to because —
___ no, because
not aware of this service |
12. Are there any improvements possible regarding the Parham Express
bus service which would make it acceptable enough to influence you
to use it? ___ yes __ no 1If yes, what might they be?
13. How many licensed drivers reside in your household (count your-
self)?
14. How many autos are owned by members of your household?
15. Please indicate your: Sex: ___Male ___Female
Age Group: __under 16 ___16-24 __25-44 __ 45-65 __ over 65 el

16. What is the combined annual income of all members of your house-
hold?
___$0-$4000 ___$4000-$8000 ___$8000-$12000 __ over $12000

THANK YOU

Figure 4, Auto survey questionnaire.
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Because the usable auto responses constitute a 28,9% sample, a similar pro-
portion of bus user responses was used in order that the data set be proportionately
representative of the auto and bus populations, as would be the case in 2 home inter-
view survey. Since such a requirement may result in statistical bias, a program was
used to randomly select a 28.9% bus sample.

Since the model is designed to reflect only real choices, captive riders were
removed from the data set. Individuals were classified as transit captives if their
alternative mode choice was another bus and if they indicated that they could not have
used a household automobile to make the trip. A tripmaker was considered to be an auto
captive if he needed a car for his job or worked at a location in the CBD which was
remote from a transit stop. The development of the data set is summarized in Table 1.
The transportation system data were obtained from the transit operator and the Virginia
Department of Highways and Transportation, and were supplemented with traffic
engineering measurements,

Table 1

Data Set Summary

Sample Description Num)]zleli T;igr?cent N unfbttletx? T?Zf‘cent
1. Total trips 302 100 4030 100
2. Number of valid questionnaires 229 94 1165 29
3. CBD trips 229 76 381
4. Choice CBD trips 222 74 223
5. Number calibration used for model 87 29 223 29

The data analysis provided in Volume I was interpreted to develop basic hypo-
theses for stratifying the travel market into homogeneous choice groups and to assist
in specifying explanatory variables for structuring a model. The initial observations
concerning the appropriateness of specified explanatory variables are summarized in
Table 2,



& -

Table 2

Initial Observations on Relevant Variables

Variables Examined Significant Variables (denoted by x)
Primary Choice Access Choice
Auto Ownership X
No. Autos/No. Licensed Drivers X X
Sex X X

Household Income

Age b4 X
Travel Cost X
Residence Zone (location) X
Travel Time X

Due to datalimitationsonly two access modes were considered — park and ride and kiss
and ride.

MODEL DEVELOPMENT

Disaggregate behavioral models were calibrated for the choice processes illustrated
in Figures 1 and 2. The binary choice strategy assumes that tripmakers make a basic
choice between the private and public modes of transportation, while the multimodal model
shows that all potential modes or modal combinations are considered simultaneously,

The multimodal choice model is conceptually superior to a binary choice consideration,
however, there exists no evidence as to which model would perform best in this situation.
Therefore, both modelling concepts were applied and comparative evaluations performed
using the test criteria given in Appendix II.

Binary Choice Model

The basic form of the binary logit model used here is

P _e_(_}_(f)___, 1)
b1 1 eGM) ~
where Py, is the probability of chosing the express bus, and G(x) is a linear function
of explanatory variables. The parameters of this function were estimated using a com-
puter program developed by J. G. Cragg, University of British Columbia, and adapted to
the CDC 6400 by P, R. Stopher of Northwestern University (see references 22, 35 and 36
for a detailed description of the estimation procedure),

_.10_



Three primary split models and a sub-modal split model were tested, Similar
socioeconomic variables were used in each of the three primary split models, but the
nature of the specification of the time and cost measures was varied. Since the acces-
sibility of the lot from the residential zone proved to be an influential factor on travel
behavior a surrogate measure of accessibility was initially entered as a discrete variable
taking on values of 0, 1 or 2 for Accessibility Groups 1, 2 and 3, respectively, Zones
located adjacent to the zone with the lot comprised Accessibility Group 1. If a zone's
minimum travel time route to the CBD fell in close proximity to the fringe lot it was
classified as Accessibility Group 2. Accessibility Group 3 included those zones whose
shortest route to the CBD did not come close to the lot (see Volume I for derivation of
Accessibility Groups). This discrete variable had the second highest correlation with
the probability of choice (0.289) and its coefficient exhibited a significant t-statistic,
Furthermore, when a separate model was calibrated for each accessibility group it
was found that the coefficients of the time and cost variables differed considerably
among the models, In the following applications, separate models are calibrated for each
accessibility level as well as a single model based on all of the data.

A listing and definition of all of the variables used in developing the models is
given in Table 3. The three types of models presented are named according to the
manner by which the time and cost measures are entered: the difference, log of ratios,
and relative values models,

The Difference Model

The system characteristics used in the difference model shown in Table 4 include
the running time, excess time, and cost differences. The values for the reported mode
choice were obtained directly from the survey responses concerning perceived times
and costs, while the measures for the alternative mode were estimated by averaging the
perceived data for each zone. The use of averaged data for the alternate mode presents
potential problems; but, since the survey provided no information on the alternative
choice, this was essentially the only option available.

The estimated coefficients exhibited the expected signs. All of the system
variables were significant at the 0. 05 level with the exception of the excess time, which
was significant at the 0. 10 level for Accessibility Group 3. The chi-square test rejected
the hypothesis that all of the coefficients, except the constant, were equal to zero at the
. 005 level, Probabilities of choice at zero difference were in agreement with the
assumptions concerning the bias of the accessibility groups as stated in Appendix II.,

The model predicted the original data almost perfectly; however, the value of e5 was the
highest among the three models (11, 18%).

_11_
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Table 3
Variables Used in Models
Independent Variable Symbol
Sex 0 =female; 1 = male Xq -
Age 0 = (25-44); 1 = otherwise X
No, household autos
No. licensed drivers ' X3
Running time difference x4 = RT, - RTy)
Excess time difference x5 = (ET, - ET}) W
Total cost difference xg = (Cq - Cb)
Natural log of ratios of total times Xy = Ln (T4/Tp)
Natural log of ratios of total costs Xg = Ln (Ca/ Cp)
Ta - Tb o
Total time difference divided by average Xg =m -
total time a b
Total cost difference divided by average | X10 = Ca - Cp
total cost (Cy +Cp)/2
Accessibility Groups @)
Group 1. Trips from zones adjacent to zone where lot is located.
Group 2. Trips from zones whose minimum time route to the CBD passes through the
area where the lot is located,
Group 3. Trips from zones whose minimum time routes to the CBD are out of the way
from the lot,

Dependent Variable

Calibration: Py =0 for auto trips
P}, =1 for bus trips

Application: P}, = probability of bus choice

Note: a = auto measure; b = express bus measure

_12_
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Table 4
The Difference Model (Binary Case)

Estimated Model Coefficients

Independent* Accessibility Accessibility Accessibility All
Variable Group 1 Group 2 Group 3 Data
Xy -1,1080 -1.3083 0.7016%* -0.4901**
X, 1.1720%* 0.3846** 1.5550 1.0520
X3 -2,1763 -4, 3375 -3.4558 -3.2798
X4 0.1083 0.2383 0.2326 0.1891
Xy 0.0378 0. 0490 0.0591 0.0369
Xg 0.1530 0,3752 0.5803 0.2262
Constant 2.1544** 4.5191 0.9981** 2.6365

Evaluative Measures

2

X 23.51 28.77 35.84 80. 04

ey 0.08% 0.77% 0.26% 0.40%
P}, at zero diff. 0.573 0.500 0.251 0.480

e, - - -— 11.18%

* Variables are defined in Table 3.
** Indicates the variables or constant was found to be nonsignificant at the . 05 level,

The Log of Ratios Model

The difference model makes the assumption that the mode choice decision is
based on the absolute values of the differences in times and costs. In this respect the
model implies that the choice between travel times of 15 and 20 minutes is equivalent
to a choice between 35 and 40 minutes when all other variables are kept constant, The
log of ratios model shown in Table 5 was introduced to correct this fault and it predicted
two significantly differing transit choice probabilities for the hypothetical travel times
indicated above (0.214 and 0.430, respectively), The time and cost variables were
calculated by taking the natural logarithm of the ratio of auto time or cost to bus time or
cost, Also, since the auto data included some observations where excess time was equal

- 13 -
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to zero (i.e., Ln 0 =negative infinity), total time figures rather than a running time and
excess time breakdown were necessary for this model.

In the log of ratios model all coefficients exhibited the hypothesized signs. All

the system variables were significant at the 0, 05 level,

test for the Accessibility Group 2 and Group 3 models, respectively. The chi-square
test was satisfactory at the 0. 05 significance level, Probabilities of choice at zero

difference were as hypothesized. The model predicted the original data almost perfectly,

and the value of eg was the second best among the four models.

Table 5

The Logarithm of Ratios Model (Binary Case)

Estimated Model Coefficients

Accessibility Accessibility All
Group 2 Group 3 ~Data
-1.2840 0.8103%** ~-0. 5259 **

0.3235%* 1.4357 1.0838
-3.8899 -4, 6697 -3.5466
10, 5250 8.3734 6.4931

4.4247 4,5293 3.3654

4,030 2.0240%* 2.7782

Evaluative Measures

Independent* Accessibility
Variable Group 1
X1 -1.3291
Xs 1.1447
X3 -2, 3681
X7 4,1488
X8 3.3688 .
Constant 2.3994
x2 29. 60
e 0.13%
Py at zero diff, 0.559
62 -

* Variables are defined in Table 3.

32,41 35.96 93,7
0.15% 0.18% 0.61%
0.543 0.245 0.455
- -- 3.2%

** Indicates variable or constant was found to be nonsignificant at the 0, 05 level,

..14_
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The Relative Values Model

A further model form, given in Table €, uscd time and cost differences relative
to a hase cost and time, Since it was not knowr whether the actual mode taken or the
alternate mode was considered as a base by tripmakers, the average of the total times
and costs of the alternative choices was used as a reference measure,

The general characteristics of this model, although slightly better, were similar
to those of the log of ratios model. The values of the estimated coefficients were within
8% of those of the latter model and the same variables were significant, The relative
values model satisfied the expected sign test and had the lowest ey value, Probabilities
of choice at zero difference complied with the hypothesized trend.

A ranking of the resulting models in view of their performance with respect to
the test criteria discussed in Appendix II is shown in Table 7, The relative values model
scored highest and was used to derive the various descriptive measures of group travel
hcehavior,

Table 6

Relative Values Weighted by Average Model
(Binary Case)

Estimated Model Coefficients

Independent * Accessibility Accessibility Accessibility All
Variable Group 1 Group 2 Group 3 Data
X4 -1, 3416 ~1,3092 60,8207 ** ~0,5294**
X5 1,1430 0, 3443~~ 1,4384 1,0883
X3 -2,3536 -3.9319 -4,7317 -3.373%
Xg 4,2932 10,8990 8.3377 6,06793
XlO 3.3990 41,7335 4,7733 3.571%
Constant 2.3732 41,3230 2,0465*" 2,7839

Evaluative lMeasures

x2 30.05 33,03 36,20 94.8
e, 0.21% 0.22% 0.24% 0.85%
Py at zero diff, 0.554 0.532 0.236 0.451
_ N . 5 997
82 . 4

* Variables are defined in Table 3.
** Indicates variable or constant was found to be nonsignificant at the 0,03 level
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Table 7

Binary Choice Models Ranked by Performance and Reliability Criteria

Performance Model
Tests
Relative Val. Log of Ratios Difference

Compatibility 1 2 3
Significance*

of Variables 1 2 3
Chi-square test 1 2 4
Expected sign OK OK OK
Prediction 1 2 4
Probability, zero

diff, OK OK OK
Final Ranking 1 2 3

* Refers to significance of individual variables,

Descriptive Measures of Travel Behavior

The models were used to derive fundamental descriptive measures of the travel
behavior namely, sensitivities, elasticities of choice, and the tripmaker's value of time.
Sensitivity analysis measures the change in the probability of choice of a given mode
relative to a change in one of the explanatory variables. Table 8 shows the sensitivity
of the bus choice to a 10% change in each of the system variables and the ratio of number
of household autos to the number of drivers. Since sensitivity depends on the units of
the variables used, it is not a direct measure of tripmakers' responsiveness to changes
in system characteristics. The use of elasticity, a relative measure, can overcome this
shortcoming. The elasticity, denoted by E, is a dimensionless number defined as the
relative percentage change in the probability of the specified choice which results from
a one percent change in any of the explanatory variables. (37) Mathematically, the
elasticity of the probability of using mode m, py,, with respect to a given variable X is
stated as .

Em,k = (3 pm/pm) /(3 Xk/Xka (2)

_16_
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Table 8

Sensitivity Analysis
(Binary Case)

Change in Probability of Bus Choice due to 10%* Change in

Ta Tb Ca Cb X3

0.079 -0, 079 0.039 -0, 043 -0, 042

Ti =Time, mode i

Ci = Cost, mode i

X3 = Number of household autos/Number of licensed drivers
a =auto

b =bus

* keeping all other variables constant.

The probability of using the express bus was found to be elastic relative to all of
the system variables and the auto/drivers measure, the elasticity of auto choice was found
to be elastic only with respect to time (i.e., E,y k > 1). The aggregate elasticities
computed for each mode are given in Table 9. These results support the hypothesis that
auto users are more attached to that mode than are users of the express bus service to
their mode. Also, the high values of time elasticities indicate that tripmakers weight
travel time more than travel cost in mode choice decisions. Both results agree with the
theory and findings in other studies. (38) Ninety percent confidence intervals for the
true values of elasticities are also provided in Table 9.

The value of time is found by calculating the change in cost due to a unit change
in the time variable, keeping all other variables, including the choice probability, constant,
Accordingly G(x) must remain unchanged if the choice probability remains constant.
Using this fact, it has been shown that (37

96 | a6 /a6 (3)
dT. 3 T, 9 C;
J J L
where, i =a,b a = auto
j=a,b b =bus

and dC;/dT; is the rate of commodity substitution, and the change in the value of the cost
of mode i (_d]Ci) for a unit change in the travel time of mode j ('de) is the value of travel

time,
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Aggregate Elasticities of the Probability of Choice

Table 9

(Binary Case)

E nat Measure Transit Auto
Auto Time 2.81 -1.11

( 2.03, 3.59)*

(-1.42, -0.80)

O

¢

Transit Time -2,.80 1.11
(-3.58,-2,02) ( 0.80, 1.42)
Auto Cost 1.39 -0, 55
( 1.00, 1,78) (~0,71, -0, 39)
Transit Cost -1.51 0,60
(-1.94,-1,08) (-0.77, -0.43)
#Autos/#Licensed Drivers -1.47 0, 58
(-2.05, -0.89) (0.36, 0.80)

*90% confidence limits

The value of travel time for the study population was estimated by substituting
the appropriate terms for each mode in the above relationship, which results in four
expressions of the value of travel time for average sample values, These four values
of time relate to changes in the cost associated with each of the two competing modes
due to a unit time change in either mode. The average values of bus and auto time were
calculated to be $2.10/hr. and $2.69/hr. respectively, showing that bus users value time -
differently than automobile travelers, These values of travel time were found to be 39.6%
and 50,8% of the wage rate for the bus and auto users respectively,

Since travel time was not separated into the running and excess time components
in the relative values model, the difference model was used to estimate individual values
for excess time and running time. The values obtained were $2. 33/hr, for the running time
and $4.55/hr, for the excess time, which amounted to 44% and 85.8% of the wage rate
respectively.
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Submodal Split Model

The next step in the binary choice modeling strategy is the submodal split analysis
of the access modes. Since only a very small representation of the pedestrian, bicycle,
and auto passenger modes was obtained in the sample data, only the park n' ride and
kiss n' ride access modes were considered. A single model without time and cost
measures was investigated because both choices concerned auto travel, which made the
accessibility and time and cost measures invariant,

Three independent variables — sex, age, and the ratio of autos to licensed drivers —
were used in the model, and the variables were entered one by one to test their signifi-
cance (see Table 10). Among the three variables only the aforementioned ratio was
significant at the 0,05 level, The sign of the ratio variable indicates that as the number
of cars increase in a household, the probability of driving the car to the fringe lot and
parking it increases. The model reproduced the data almost perfectly with a negligible
error of 0,03%. However, €9 was considerably high at 7,68% but was still within a
tolerable level,

Table 10

Submodal Split Model Coefficients and t-value

2
Model Constant X3 Xl X2 X
1, 3.2231 -5,5835 42, 67
(4. 56) (-5.83) .
2, 3.5231 -5.6901 -0, 3500 43,21
(4. 26) (-5.81) (N.S.)
3. 3.4796 -5,7146 -0. 3259 0.1001 43,26
(4. 09) (-5.79) (N.S.) (N.S.)

For Model No. 3 e, =0.03% and e_ =7.68%

1 2

N.S. specifies nonsignificance at the . 05 level,
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The N-Dimensional Choice Model

The n-dimensional choice model described in Appendix I was calibrated using a
computer program developed by Peat, Marwick, Mitchell & Co, This program estimated
the parameters of Gy (X)'s of the n-dimensional logit model using the method of maximum
likelihood as applied to the case of m modes., The final model, the fully competitive
model, was obtained by applying the variational technique described in equation 8 of
Appendix I, with Q and a taken to be equal to 1/3 and 2, respectively.

The n-dimensional choice model analyzes the choice process among three modes:
auto, park'n ride, and kiss'n ride, This development included only two models: the
relative values model, since it had proven to be the best of the binary choice models; and
the difference model, which provided separate estimates of excess time and running
time. Definitions of the variables used in building these n-dimensional models are
given in Table 11,

The Difference Model

The system variables used in the difference model are shown in Table 12 and
include running time, excess time, and cost differences. The estimated coefficients
exhibited the expected signs. All of the variables were significant at the 0. 05 level and
the chi-square test proved the hypothesis that some of the coefficients were significantly
different from zero at the . 005 level. The model predicted the following average proba-
bilities of choice: 0.266 for park'n ride, 0,672 for auto and_, 062 for kiss'n ride,
respectively, However, the observed split was considerably different, 0,187, 0.737
and 0, 076, respectively, an indication that the model overestimates the park'n ride
mode and underestimates the alternate modes, Accordingly, the values of e. (15,6%)
and e, (14,0%) were substantially higher than those values obtained for the binary choice

models,

The Relative Values Model

The relative values model, as shown in Table 13, employed time and cost differences
relative to total time and costs. The estimated coefficients had the expected signs and
all of the variables were significant at the , 05 level, with the chi-square test satisfactory
at the 0. 005 significance level. The model predicted average probabilities of choice of
0.268 for park'n ride, 0,671 for auto, and . 061 for kiss'n ride, which were considerably
different than the observed values, The ey and ey values were 16, 1% and 13. 4%,
respectively., The relative values model performed better than the difference model,
which conformed with the results of the binary choice analysis,

_.20_.
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Table 11

Variables Used in the n-dimensional Choice Models

Independent Variable

Sex 0 =female; 1 =male

Age 0 = (25-44); 1 = otherwise

No, household autos 0 if <1; 1 if 21
No, lic, drivers

Total time difference
divided by avg. total
time

Total cost difference
divided by avg, total
cost

Running time difference
Excess time difference

Total cost difference

Symbo}
Xy
X
X3
< —ta” Tt
4 (Tq +T))/2

Ca-Ct

%5 7C_ C,)/2

Xg =RT, - RT,
Xy =ET, - ET,

Xg=Cy - C

Note: a = auto measure; t = express bus measure
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Table 12 : O

The Difference Model
(Multimodal Case)

Estimated Model Coefficients

Base Mode (Park and Ride) ' @
Gd X)=0
Auto Mode
Ga X) = —0.7922X1 - 1.8985X2 ~ 0. 12078X6 - 0¢,2256X7 - 0. 0374X8 +1, 6400
Kiss and Ride Mode C/
G X) =-1.8436X, ~ 1.8992X, - 3.4187X5 + 1.9789
and
Yd = pd (1 + Qud)
Ya pa (1 +Qua) _

Yk = pk 1+ Quk)
where Yq, Y,, and Y| are the estimated probabilities of the fully competitive

M 4
model, Q =1/3 and uj = p; - 2 Pj

= .
and
P e®
1+ea +e k
G
Pa ” Geo?;X) G, X)
l+e a +e k
C

pkzl—pd‘pa

Evaluative Measures

x% = 142,86 with 8 d., o.f.

ey =15.6%; e, =14, 0%
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Table 13

The Relative Values Model
(Multimodal Case)

Estimated Model Coefficients

Base Mode (Park and Ride)

Gd X)=0
Auto Mode

G, X) = -O.8776X1 - 1,9550X2 - 3.8446X4 - 4,9552X5 +1,.8503

Kiss and Ride Mode

G, X) =-2. 06()0X1 - 1.9900X, - 3.6907Xg + 2, 1623
and

Y4 =Py (1 +Quy)

o
I

P, (1+Qu)
Y = Py 1+ Quk)
where Yd’ Ya and Yk are the estimated probabilities of the fully competitive

M 2
model, Q =1/3 and u, =p; - Z P;

j=1
and
py, = L
d 1 +eGa(X) +eGk(X>
RENC.Y)

p =
a 1 +eGa(X) +eGk(X)

Pp =1-Pq P,

Evaluative Measures

x2 = 157,97 with 7 d.o.f.

e; =16.1%; ey = 13,4%
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Descriptive Measures of Travel Behavior

The multimodal choice model was used to derive measures of travel behavior
similar to those obtained with the binary choice model, i.e., sensitivities, elasticities
of choice, and the traveler's value of time. Table 14 shows the sensitivities for the
three modes considered here,

The elasticities of choice given in Table 15 were derived by applying equation
2 to a multimodal situation, Of the fifteen cases examined, the probability of choice
was shown to be inelastic in only three: Park 'n ride choice to the ratio of automobiles
to licensed drivers, and auto choice to auto cost and transit cost, The probability of
transit choice was highly elastic with respect to travel time. Ninety percent confidence
intervals for the true values of the aggregate elasticities are shown in Table 15,

The values of bus and auto time were calculated to be $1,46/hr, and $2.01/hr.,
respectively, or 27.5% and 37.9% of the wage rate, 39) The difference model was used
to estimate the values of excess time and running time separately. The values obtained
were $3.62/hr. and $1.94/hr., respectively, which amounted to 68, 3% and 36.6% of
the wage rate.

Table 14,

Sensitivity Analysis
(n-dimensional Model)

Explanatory Measures Change in Probabilities Due to 10% Change in
Park 'n Ride Auto Kiss 'n Ride

Auto Time 0. 084 0,072 0.013
Transit Time 0.056 0,068 0.013
Auto Cost 0. 040 0. 049 0. 009
Transit Cost 0. 044 0. 053 0.010
#Autos/#Licensed

Drivers 0.014 0,082 0.016

_24_

O



)
-

o

v

€J

Table 15

Aggregate Elasticities of the Probability of Choice
(n-dimensional Model)

Explanatory Park 'n Ride Auto Kiss 'n Ride
Measure
(90% conf, int,) (90% conf, int,) ©0% conf, int,)
Auto Time 2.16 -1,07 2.14
( 1.29, 3.03) (-0.64, -1,50) ( 1.28, 3.00)
Transit Time -2,09 1,01 -2, 14
(-1.25, -2.93) ( 0.60, 1.41) (-1.28, -3,00)
Auto Cost 1.49 -0.73 1.47
( 1.03, 1.95) (-0.50, -0.96) ( 1.01, 1.93)
Transit Cost -1,64 0.79 -1.64
(-1.13, -2.15) ( 0.55, 1.03) (-1,13, -2.15)
#Auto/#Lic.
Drivers -0.52 1.22 -2.63
(-0. 38, -0.66) ( 0.88, 1,56) (-1.90, -3.36)

Comparison of Binary and Multimodal Choice Models

Both the binary and the n-dimensional choice models exhibited satisfactory statistical
performance. The estimated coefficients in each model were all shown to be different
from zero at the . 05 level, with the exception of sex in the binary models, Similarly, both
models had high chi-square values. The elasticity figures were comparable but the
confidence intervals were wider for the n-dimensional model and the values of time for
the n-dimensional model were 20% to 30% less than the corresponding values for the binary
choice model,
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Both models satisfied the expected sign test. However, the n-dimersional model
failed to reproduce the data as well as did the binary choice model. While the binary
choice model had negligible e and reasonable e, values, the percentage of misplaced
trips amounted to 16, 1% in then-dimensional case, which overestimated the park'n ride
and underestimated the other modes. This fact suggests that the decision process shown
in Figure 1, i.e., all available modes are simultaneously evaluated by the commuter
at his zone of residence, might not be valid for the fringe parking situation, However,
this should be considered as a tentative conclusion, since data limitations might have
affected the performance of the multimodal choice model, Thus, the verification of
the superiority of the binary choice models in the general case requires further study.

PLANNING APPLICATIONS

The models developed from the Parham Express data were examined for their
transferability in predicting the usage of a similar service in another city. Data from
the Princess Anne Plaza service in the Virginia Beach-Norfolk Area were used for
this test. The set of zones comprising the potential market area for the Plaza Express
is given by Figure 5. Analysis of the data revealed that all 23 of the zones produced a
majority of the auto (73,8%) and express bus trips (89,2%) and, accordingly, the test
data were restricted to the 23 zones underlined in Figure 5.

The primary assumption underlying the transferability of models from one study

area to another is that both maintain similar land use activity and transportation systems.

In this respect, a preliminary analysis of various aggregate descriptions of travel
behavior and urban development is helpful in deciding when a model can be transferred
from one area to another, A comparison of the market area and service characteristics
of the Richmond and Virginia Beach services revealed the following differences.

1) 32_ 7% of the auto trips originating within the market area of the Parham Road Lot
were destined to the CBD, while the same statistic was only 16, 6% for the Virginia
Beach area. ”

2) Average household income was about 25% higher in the Parham Road market area. (40)

3) The Virginia Beach service appears to be less satisfactory than the Parham Express
relative to the frequency of service, (the express bus headways were 10 and 15 minutes
in Richmond compared to 30 minutes in Virginia Beach) longer travel times, insecurity,
and inconvenience at the lot and the downtown end of the trip.

4) Parking costs in the CBD are lower in Virginia Beach compared to Richmond. In,

Norfolk 75.9% of the downtown parkers pay less than 50 cents a day compared with 55.1%
in Richmond,

..26..
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Based on the above information and the Parham Road lot experience, the following
three hypotheses regarding application of the Richmond model to the Princess Anne Plaza
lot were tested, -

1) The models calibrated with the Parham Express data will fail to reproduce Virginia
Beach data within a reasonable accuracy due to different market area and service
characteristics.

2) The value of travel time in Virginia Beach will be less than that of Richmond, since
the average income is less,

3) The probability of choice will be biased in favor of the automobile mode in Virginia
Beach such that even when the values of the system characteristics of the competing
modes are equal, the probability of choosing the bus will be lower than for the Parham
Express market area, Furthermore, the choice elasticities of automobile with respect
to time and cost variables should be lower than in Richmond.

The first hypothesis was tested by applying the Parham Express binary relative
values model (Table 6), Since only a small data base was available for the Plaza
Express and trips could not be realistically stratified by accessibility levels, the Richmond
model based on the entire data set was used. This model overstated the number of bus
riders on the Plaza Express by 39,6%. Next, the Parham model for Accessibility Group
3 was applied because the data analysis revealed similar model split levels for this group
of Richmond area tripmakers and commuters in Virginia Beach. The resulting prediction
was an improvement over the first, but an error of 27, 2% was reported. From these
results it was concluded that models developed for the Parham market area could not be
directly applied to market areas with different area characteristics and transport services,

Difference and relative values models were calibrated from the Virginia Beach data,
wherein sex and age were found to be insignificant at the 0,05 level. The relative values
model is shown in Table 16, Table 17 shows that the values of the coefficients of the
variables in this model are considerably different from those of a similar model based
on the Richmond data,

The second hypothesis stated that the value of travel time would be lower for the
Virginia Beach commuters than for their counterparts in Richmond. The estimated values
of travel time for the Virginia Beach sample were $1.92/hr. and $1.27/hr. for the time
spent in auto and bus, respectively. These values were 28.6% and 39. 5% less than the
corresponding values of $2, 69 and $2. 10 for the Parham Express study area, These
findings thus support the hypothesis that the value of time in the Plaza Express market
area is less than that for the Parham Express area.
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Table 16
Relative Values Model Calibrated with Virginia Beach Data
(Estimated Binary Choice Model Coefficients)
X3 Xg X10 Const, X2 e, €,
-3.2961 2.8514 2.0156 1.2444 15,85 0.12% 16.0%
Probability of choosing bus at equal system variables = 0. 196
Note: These variables are as defined in Table 3.
Table 17
Comparison of Coefficients obtained from Richmond and Virginia Beach Models
Explanatory Richmond Model Virginia Beach
Variable Accessibility Group 3 Model
X, N.S. N.S.
X, 1.4834 N.S.
Xq -4,7517 ~3.2198
Xg 8.5377 2.9728
X10 4,7783 1.9312
Const. 2.0465 1,1625

Note: These variables are as defined in Table 3.

For the Plaza Express the probability of choice of bus at the indifference level
was estimated to be 0.196, much less than that of the Parham area model (0.451). This
finding agrees with the stated hypothesis. The sensitivities and elasticities were estimated
using previously described methodology, and are given in Tables 18 and 19, respectively.
As hypothesized, the elasticities for automobile were much less than the values obtained
for the Parham area, which supports the third hypothesis which stated that the bias in
favor of the auto mode was considerably higher in Virginia Beach than in the Parham
Express market area,
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The preceding analysis indicates that a model based on a single lot in a given area
is biased by a number of factors which influence the local travel behavior such as the
income and population distributions, parking policy and availability at the CBD, the
scheduled hours of service, the accessibility of the lot, and so forth. In order to provide
a meaningful planning methodology for forecasting the usage of anticipated express bus-
fringe parking services, locally biasing variables must be accounted for. Accordingly,
comparisons must be made among similar models calibrated from projects in different
urban areas to derive hypotheses concerning variability in choice behavior relative to
area characteristics and local transportation policy. This strategy will also assist in
showing the effect of lot size and location on usage. Ultimately it is envisioned that a
planner should be able to select a specific model from an available set which was derived
under circumstances similar to those of his study area,

Table 18

Sensitivity Analysis (Va. Beach Data)

Change in Probability of
Bus Choice Due to 10% Change* In

Auto Time .032
Transit Time -.033
Auto Cost .023
Transit Cost -. 022
#Autos/#Licensed Drivers ~.035

* Keeping all other variables constant.

Table 19

Aggregate Elasticities of the Probability of Choice
(Va, Beach Data)

Explanatory

Variable Transit Auto
Auto Time 1,71 -0.39
Transit Time -1,77 0.41
Auto Cost 1.23 -0.28
Transit Cost -1:18 0.27
#Autos / #Licensed Drivers -1.87 0.43
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EXTENSIONS

The potential for widespread application of the technique developed in this research
for planning new services is now addressed. It was shown earlier that for the methodology
to be of practical value, it is necessary that models be transferable among subareas which
show similar travel behavior. In this respect, it is assumed that a comprehensive set
of models has been calibrated for a wide range of tripmakers, areas, and service
characteristics. It is also assumed that a relationship which maps engineering measures
of the service characteristics into perceived values is available. This is necessary
since the models are developed with data relating the perceptions of tripmakers, whereas
objective system measures must be used when planning new services. Finally it is
assumed that the planner is concerned with a particular corridor and a set of feasible
sites for developing the service,

The following analysis procedure is recommended for each potential site,

1) Define an approximate market area that will be served by the proposed service, A
criterion based on the accessibility of the fringe parking lot from the zone of residence
relative to the CBD is suggested. It can be assumed that the market area is made up of
three hypothetical rings of residential zones, The first ring consists of those zones
which are adjacent to the zone wherein the fringe lot is located. The second ring includes
a set of zones whose minimum travel path to the CBD passes close to the lot and/or the
travel time via the fringe lot to the CBD is reasonably close to the minimum direct travel
time. For practical purposes, a third ring of residential zones can be assumed to include
those zones which touch the first and/or the second rings but are not included in either
category. The definition of such a market area, then, determines the boundaries of the
study area.

2) Collect socioeconomic data and measures of the transportation system in the market
area, The socioeconomic information needed includes the zonal sex and age distribution,
automobile ownership, and the number of trips which terminate at the distination served
by the transit service. Income data are also necessary for the value of time analysis,
and for inter-area comparisons. The required transportation system data include the
average cost and travel time per trip via each mode of transportation. Table 20
summarizes the data requirements and their potential sources.

A preliminary survey is suggested for the assessment of auto and transit captivity
figures in the market area., A survey might also provide a better estimation of the
number of zonal work trips terminating at the destination zone of the service than the
census data. In a comprehensive transportation planning process a distribution model
such as the gravity model can also furnish an estimate of trip end points..

3) Summary statistics of the data described above should be compared with those of

the study areas for which models have been calibrated and an appropriate model selected.
For example, if only the models calibrated for the two fringe parking-express bus
situations discussed here (Parham Road and Princess Anne Plaza) were available, the
former would be selected to represent a high income market area with a fringe parking
lot located at a distance of 10 miles or less from the CBD and a planned frequency of
service of 15 minutes or less. The model for the Princess Anne Plaza lot, on the other
hand, could be applied to a situation where existing conditions are heavily biased in

favor of the automobile. (For example, a fringe parking facility more than 10 miles from
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the CBD with low parking rates, and located in an area where CBD work trip destinations
comprise a relative small share of the areawide total.)

The elements of a generalized forecasting procedure for work trips originating at
a given zone are summarized by Figure 6, Application of this methodology to each of
a set of alternate lot sites will show which location optimizes patronage and/or best
satisfies the planning objectives,

Table 20

Data Requirements for Evaluating Potential Lots

Data Source
A, Socioeconomic
1. No. of zonal work trips terminating at destination census survey or gravity
zone of service (e,g., no, of CBD work trips) model output
2, Estimates of captivity to either mode preliminary survey
3. Zonal distribution of workers by sex census or survey
4, Zonal distribution of workers by age census or survey

5. Average zonal auto ratio; No. household autos/
No, licensed drivers census or survey

B, Transportation System

1. Average cost per trip via each alternative network simulation

2, Average total travel time per trip via each network simulation
alternative

3. Zonal classification relative to lot accessibility network simulation

(3 groups in Richmond model)
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Total work trips originating
at zone i destined to CBD
during express bus hours

%

Total free choice trips =
total work trips - captive
trips to either mode

&

Estimate primary split using binary choice
model with corresponding accessibility level

Y

Estimated # of
auto trips

!

[

Estimated # of
transit trips

Auto person trips

Total express
patronage =
estimated # of
transit trips +
total captive
transit trips

Estimate

Secondary split

|

Y

Estimated # of
express trips

Y

i

Estimated # of
local bus trips

Total express patron-
age =estimated # +
express captives

!

Figure 6,

Total local bus patron-
age = estimated # +
local bus captives
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APPENDIX 1
THE LOGISTIC MODEL

The Binary Choice Model

Let X; = X174, X2i, . . .Xpj) be the ith observation vector of explanatory
variables where Xi; specifies the kth attribute of observation i, Then, by Bayes Theorem
the posterior probability that an observation came from the bus population (b), given the
values of the ith observation vector, Xj, becomes:

PXjlb) Pb)

= PEIb)Pb) +PXila) P(@) t=1)

PbiX;j)

where:
P () = prior probability of bus choice

P(@a) =1- P(), and

P (X;/m) = probability of observing the ith vector of explanatory variables, Xj,
given that the observation came from mode m (m = a for auto, m =b for bus). If this
expression is divided by P(a/Xi) and the natural logarithm of both sides is taken, it
becomes:

PHIX;) P (X;1b) P () ]
b 5ax) = I Pxile " P (-2)

The right hand side of equation I-1 has been shown to be a linear function of the
observation vector in the multivariate normal case. (1) The model developed in this study
employs discrete variables as well as continucus variables, and therefore the joint
distribution of the explanatory variables is not multivariate normal. However, a linear
functional form can still be assumed in this model where a maximum likelihood approach
has to be used to estimate the unknown parameters. Under this assumption, Equation
1-2 becomes:

P (b iX;)
in m-; = GXj) (I-3)

where G(Xj) is the function which is linear in parameters to be estimated. Equation
I-3 can be further simplified to obtain the well-known logit model for individual i:

K

PhiX;) =————p 1-4
! 1+ eG(Xi) ( )

I-1



For a group of people this equation can be written as:

LG
B = GX)

1+e

where is the proportion choosing the bus and G(X) is the function of average char-
acteristics of the group,

The graph of the logit model is S-shaped, which agrees with the common assumption

(I-5)

made in behavioral models; i.e., the marginal utility of increments of a commodity, say

time difference, is highest in regions where the difference between the two modes is
close to zero, and conversely approaching zero in regions where the difference is
substantial. The logit curve is shown in Figure I-1,
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Figure I-1, Logit curve,

The Multimodal Choice Model

A natural extension of the binary logit model shown in Equation I-5 to a multi-
modal form is:

(I-6)

O
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where Py is the probability of choosing mode k and G (X) is a function of explanatory
variables describing mode k which is linear in estimated parameters, The symbol M
denotes the total number of modes in competition.

Equation I-6 is known as the n-dimensional logit model and has been developed
to account for the limitations of the binary choice model. (2, 3,4) However, the
n-dimensional logit model, per se, is incomplete and violates two basic hypotheses
pertaining to individual tripmakers, (®) The first of these concerns the property of
independence from irrelevant alternatives which states that the ratio of the probability
of choosing one mode to the probability of choosing another is indepgpdent of the total
set of alternatives available, (6) The ratio of Pi/P; reduces to eCk®) /eGjX) and
therefore depends only on variables that describe modes j and k. Consequently, the
ratio will never be affected by an changes in the explanatory variables of other modes,
which clearly violates rational behavior, Secondly, it can be shown that the inclusion
of a new mode reduces the share of each mode by the same percentage. (5) This clearly
contradicts behavioral theory(.7» 8) as noted by Amos Tversky. @)

", . . it appears that the addition of an alternative to an offered set
thurts!' alternatives that are similar to the added alternative more
than those that are dissimilar to it. "

Therefore, in this context a new mode should compete most strongly with the mode
that it most resembles and the use of an n-dimensional model should be restricted to
distinct and/or dissimilar alternatives.

Some current research is concerned with the development of fully competitive
choice models (5,10, 11) which, in addition to conforming with the basic assumptions
made in deriving models given in Equation I-6, satisfies the following condition that is
essential in correcting the shortcomings of the n-dimensional logit models:

p
-g-—_— (——15-) £ 0 fori# jork (I-7)
ti P;

where D¢j denotes the tth attribute of mode i. McLynn(5 »10) gerived a general model

starting from the n-dimensional logit model using a method similar to the variational
technique. This model was related to Py in Equation I-6 as follows:

Y =p (1 +Quy) (1-8)
where Yk is the modified probability of choosing mode k and Q is a constant such that

0 £Q X1/3. Furthermore, . is assumed to be a function of all explanatory variables,
not just the variables used in describing mode k.

I-3



McLynn also found that for specific values of u, Equation I-8 conformed with S
the behavioral properties inherent in the assumptions previously made; i.e., independence
from the irrelevant alternatives property does not hold and the introduction of a new
mode does not reduce the share of the existing modes by the same proportion, This
family of equations describing v were given as

M
__a-1 a 1-9)

where a is a constant such that a.i 2. The reader is referred to references (5, 10,
and 11) for a more detailed description of the fully competitive models.

U
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APPENDIX II
TEST CRITERIA

Measures used to evaluate the performance and reliability of both binary and
multimodal choice models can be grouped into two categories, The first category reiates
to the structure of the models: compatibility of the models, probability of choice at
one point of indifference, and statistical tests. The second category concerns the
predictive power of the models, and the criteria based on the difference between the
actual and predicted number of users,

Model Structure

Compatibility

The calibrated model should be compatible with the basic behavioral assumptions
associated with disaggregate models of mode choice, This compatibility requires that
the mathematical form of the variables entered in these models reflects the tripmakers’
rationality, consistency, complete knowledge of alternatives and limited resources.
Another important requirement is that the estimated parameters should have the
expected signs, The sign of a parameter should be such that an increase in the time
and/or cost of one mode, every other variable being kept constant, should result in an
increase in the probability of choosing the alternate mode(s),

Probability of Choice at the Point of Indifference

Ideally, the binary logit curve should correspond to 50% probability of choice
when the values of system characteristics of the competing modes are equal, since
this is the point where the traveler should be indifferent to either mode, However,
this figure is difficult to attain in situations where cne mode is more compatible to
the geographic area than the others, The express service, for instance, is not a
viable alternative for the travelers who reside in zones thaf fall into Accessibility
Group 3. The lot is out of way of their best route to the CBD, and therefore, the express
is almost always considered to be an inferior mode, which creates a bias in favor of the
attomobile., Another difficulty arises due to the omission of some psychological
variables, such as comfort and convenience, which are believed to play a major part in
the decision making process of the travelers, 't 2,3

Statistical Tests

The statistical tests used to evaluate the significance of the estimates are
based on the distribution of maximum likelihood estimators when the sample size is
large and approaching infinity, It has been shown that for a sufficiently large sample
size the maximum likelihood estimators are normally distributed, (4) This property
makes it possible to estimate the variance~covariance matrix of the sample and to
perform the t test to evaluate the signiticance of each estimated parameter,



A second test is based on the property that minus twice the logarithm of a like-
lihood ratio has asymptotically a chi-square distribution, This property is used to test
the hypothesis that all parameters except the constant are equal to zero against not all
having zero values. (4)

Prediction Tests

A conventional way to test the predictive power of a model is to compare the
expected number of users to the actual. The prediction error, ey, is defined in

percentages as
M
%=Z
i=1

The expected number of express bus riders is estimated as follows: Let Z; be a random
variable indicating whether or not the ith person chose the express bus according to the
following rule:

Actual no: - Expected no:
Actual no,

x 100 (1I-1)

1 if ith person chose the bus
0 otherwise
Then, the expected value of Zj becomes

E(Zj) = 1.Pp; + 0. (1-Py;) (I1-2)

where Pp; denotes the probability of choosing the express bus for the ith individual and
the expected number of express bus riders becomes

N N N .
E(Y Zy) = X EZ) = TP (IT-3)
i=1 i=1 i=1

In the case of the multimodal choice model the expected number of users of mode q can
be obtained in a similar manner:

N
E, (number) = zl Yip (I1-4)

Another relevant test used here is the methodology suggested by Watson, ()
which involves using one-half of the data to calibrate the model and the other half for
the purpose of prediction. The prediction error, ey, is defined similar to eq.

O
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