METHODOLOGY FOR SHORT-RANGE
TRAVEL DEMAND PREDICTIONS

Analysis of Carpooling Incentives

By Moshe Ben-Akiva* and Terry J. Athertont

INTRODUCTION

Carpooling is not a new transport mode. Depending on the specific urban area and
the home and work locations within it, private automobiles used for work trips have
occupancies in the range of 1.2 to 1.4 persons per car [9]. The average occupancy
of carpools is about 2.5 [11]. Thus, at the lower occupancy level 13 percent of the
vehicles carry two or more persons and 28 percent of auto commuters are sharing
rides. This represents a greater share of work trips than that carried by public tran-
sport in most U.S. urban areas.

Some incentives to carpool to work have long been present: these include savings
in cost of auto operating and ownership, limited parking space, and poor transit
service for individuals who cannot drive or have no car available for the trip to
work. More recently attention has been focused on the potential of increased car-
pooling for reducing traffic congestion and fuel consumption and improving air
quality. Various strategies designed to increase ride sharing have been proposed,
and some have already been implemented.

This paper presents a methodology for predictions of changes in travel patterns
for short-range transport options, including carpooling incentive policies. The
methodology is based on the application of disaggregate travel demand models.
These models are based on the multinomial log:t probabilistic choice model. The
data used to estimate the coefficients of these models are taken from home in-
terview surveys, and represent a cross-section of households. The dependent
variables of the models are the reported travel choices made; the independent
variables are reported socio-economic characteristics, engineering measures of
travel times and costs, and survey estimates of employment and land use charac-
teristics in the urban area. To reflect accurately the response of travellers to alter-
native carpool incentives, the models represent the following direct and indirect ef-
fects on travel behaviour:

(1) shifts in mode of work trips from driving alone and transit to carpooling;
(2) alternative use of autos left at home for non-work travel; and
(3) changes in auto ownership levels.

The methodology is described in the following section. Results are then presented
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of prediction from a case study application of this methodology to various car-
pooling related policies. The paper concludes with a summary of major findings
and recommendations for further improvements in carpooling and short-range
demand prediction methods.

METHODOLOGY

This section describes the system of disaggregate travel demand models, used to
analyse carpooling incentives, and the procedure used to forecast changes in
aggregate travel patterns based on disaggregate predictions.

Disaggregate model system

From the viewpoint of an individual household, one can distinguish three dif-
ferent groups of travel-related decisions (Figure 1). First are the long-range or
major land use/locational decisions. These include changes in workplaces and
changes in residential location and type of housing. Second are the medium-range
decisions, which include automobile ownership and usual mode of travel to work.
(The auto ownership and mode-to-work decisions are highly interdependent, par-
ticularly for the primary worker in a household.) The third group are the short-
range or non-work travel decisions. The choices of frequency, destination, and
mode for a discretionary travel purpose should be considered simultaneously as a
choice between various travel possibilities available to the household.

In order to analyse the full set of impacts resulting from the choice of a proposed
transport service, it would be necessary to use demand models which explained all
household locational and travel decisions. However, if one is primarily interested in
the near term response (or if the effect on long-range decisions can be assumed to
be negligible), it is possible to use demand models formulated to predict household
travel behaviour conditional on current locational choices (i.e., long-run mobility
choices of employment location, residential location, and housing type are con-
sidered to remain fixed and medium and short-range decisions are predicted as
conditional on these long-run mobility choices).

To implement this basic framework of travel behaviour for short-range policy
analysis, four separate disaggregate travel demand models were integrated into a
single model system:

(1) a joint auto ownership/work mode choice model (for the household
primary worker only);

(2) awork trip mode choice model for secondary workers;

(3) an auto ownership model for households without workers; and

(4) a joint frequency, destination, and mode choice model for non-work
trips.

The structure of the model system is depicted in Figure 2. The specific models
are briefly described below. (More detailed descriptions are presented in an Ap-
pendix.)

The Joint Auto Ownership/Primary Worker's Mode Choice Model predicts the
probability of the joint decision on the household’s auto ownership and the primary
worker’s mode to work, conditional on the residence location and workplace. The
model predicts the following:
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probability that household t will own “a” automobiles and that the
primary worker, p, will choose mode m to work, given the
primary worker’s workplace d ; where

a = 0,1 and 2 or more autos, and

m, = drive alone, shared ride, and transit.

Five basic categories of independent variables are included in the model. These are:

p(a,m,|d,

(1) transport level of service to work;

(2) auto ownership costs;

(3) housing and locational attributes;

(4) spatial opportunity variables (i.e., accessibility for non-work travel);
(5) socio-economic variables.

This model is presented in detail in [3] (an earlier version is reported in [7]); and a
summary of the variables and estimated coefficients is given in the Appendix.

The Mode-to-Work Choice Model for Secondary Worker predicts the probability
of the choice of mode to work for each secondary worker in a multiple-worker
household, conditional on the worker’s household residence location and workplace
and the household’s auto ownership:

p(m,| d,, a) = probability that the secondary worker from household ¢ will
choose mode m to work given his workplace, d_, and household
auto-ownership, a; where
m_= drive alone, shared ride, and transit.

226



SHORT-RANGE TRAVEL DEMAND PREDICTIONS M. Ben-Akiva and T. J. Atherton

FIGURE 2

DISAGGREGATE CHOICE MODELS FOR SHORT RANGE TRAVEL DEMAND

FORECASTING
[Household]
[Household with no workers] [Household with workers)
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choice model
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worker’s mode choice model
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Mode to work choice model
for secondary workers
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v

Joint frequency-destination-
mode choice model
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This formulation essentially includes only the mode choice component of the
preceding model where household auto ownership is one of the independent
variables. It should be noted that the mode choice predictions from these models
are used in conjunction with another model that predicts the occupancy of shared
ride trips, which is usually in the range of 2 to 6 persons in a car. The model is
described in [3] and is summarised in the Appendix.

The Auto ownership choice model for household without workers predicts the
probability of auto ownership decision for a household withno workers, conditional
on residential location:

[T}

p(a) = probability that the household ¢ will choose to own “a” auto-
mobiles; where
a = 0, 1and 2 or more autos.

This model includes only the auto ownership component of the joint auto
ownership/mode choice model. It does not include as independent variables level-
of-service attributes for work trips. It does include, however, a variable for non-
work travel accessibility. This model is presented in detail in [3] and is summarised
in the Appendix.

Jownt frequency destination and mode choice model for shopping trips —The
trips estimated by this model are expanded to obtain estimates of all non-work
travel (i.e., home-based other trips and non-home-based trips). (As models for
other trip purposes become available, they can be added.) The model predicts the
following joint probability:

p{f. d, m|a, a,) =probability of household ¢ making a trip (f=1) for a specific
non-work purpose to destination d by mode m, conditional on
household auto ownership, @, and auto remaining after work
trips, a, (i.e., household auto ownership minus autos used by
workers in the household to go to work); where

m = auto and transit.

The independent variables in the model fall into four classes:

(1) socio-economic characteristics of the household;

(2) attractiveness of destinations;

(3) mode-specific variables (e.g., auto availability); and

(4) transport level of service attributes.
The variables of auto ownership and auto remaining provide the linkage of work
and non-work travel. A transport service alternative that directly affects peak hour
auto travel will be predicted to have secondary effects on non-work travel because
of predicted changes in auto ownership and mode of travel to work. This model
includes minor modifications of the model reported in [1] and is summarised in the
Appendix.

Method of application

Obtaining aggregate predictions from disaggregate demand models requires
information on the distribution of the independent variables in the aggregate
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FIGURE 3

FORECASTING PROCEDURE—OVERVIEW

Disaggregate sample

l

For each household

predict response

[

Expand responses of sample
to estimate aggregate behaviour

group.' Full information (i.e., the disaggregate values for all members of the

aggregate group) is not available, and there are several procedures for using limited
information on the distribution of variables [6]. The sample enumeration
method is particularly suitable for short-range predictions. This procedure requires
a random sample of individuals from the aggregate prediction group. For short-run
predictions the home interview survey, used for model estimation, is still
representative of the actual distribution and can, therefore, be used for forecasting.
An overview of this procedure is given in Figure 3. Aggregate predictions are
obtained by applying the models for one household before going on to the next
household in the sample. This procedure does not require the development and
forecasting of complex distributions or the collection of any new data. At the same
time, the random sample approach does not make any simplifying assumptions; it
does not require the application of sophisticated numerical methods for
integration, and yet it can be extremely accurate, provided the sample is
representative. It is free from any aggregation bias, it does not constrain the
representation of policies to only group, or area-wide, average values, and it is
simple and inexpensive to perform. Furthermore, if the policy analysis is to focus on
particular socio-economic groups (e.g. the poor or handicapped), added
forecasting precision can be obtained by using larger appropriately weighted
samples.

"Substitution of aggregate means of the independent variables in a disaggregate model results in a
biased aggregate prediction whenever the disaggregate model is non-linear and the aggregate group is
not homogeneous with respect to the indepedent variables.
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To apply the sample enumeration procedure to forecast changes in travel
behaviour resulting from changes in transport service, a random sample of the
prediction group must first be selected. This sample needs to be large enough to be
representative, to an acceptable level of accuracy, of the distribution of population
characteristics of interest (for Washington, D.C., a sample of 800 observations was
sufficient for area-wide purposes.)

With a random sample of representative households established, the super-
imposition of a new alternative transport service is represented by altering the
values of the appropriate independent variable for those households in the
prediction group affected. Aggregate forecasts are then made by applying the
disaggregate models to each household in the sample and expanding these
predictions to represent the entire population.

The steps required for the forecasting process are summarised in Figure 4. For
each household the prediction process proceeds through each of the separate
disaggregate models (auto ownership, work mode choice, and non-work travel
demand) as shown in Figure 5. The required information on auto availability is
sequentially passed from model to model. First, the auto ownership model is used to
predict the marginal probabilities of choice by a household of alternative auto
ownership levels, conditional on existing employment and residential location.
These marginal probabilities are then passed to the work trip mode choice model,
which is applied separately to predict the probabilities of each worker in the
household choosing among available modes at each auto ownership level.

With knowledge of the mode choice probabilities at each auto ownership level
together with the probabilities of each auto ownership level, it is possible to
calculate the joint probabilities for each combination of the number of autos
remaining at home available for non-work trip purposes (i.e., 0, 1 and 2) and
household auto ownership level (0, 1 and 2+). These probabilities of possible
combinations of autos remaining and auto ownership are then used in the non-
work trip model, which is applied separately for each combination to predict the
probability of a household making a trip to each available destination by each
available mode. The resulting predictions of changes in household travel behaviour
are then transformed into changes in travel-related impacts (i.e., vehicle miles
travelled, fuel consumption, modal shares, etc.).

Advantages of the disaggregate model system

One of the most important advantages of this methodology is its sensitivity to a
wide range of transport policies and of types and population characteristics of
urban areas. Components of the disaggregate model system or variations of it have
been applied to Washington, D.C.; Birmingham, Alabama; Los Angeles; and New
Bedford, Massachusetts. In these studies, the models were used to predict travel
demand for a variety of population segments and a wide range of alternative
policies. The sensitivity of the models to market segments, geographical location
and city type is demonstrated in the list of explanatory variables included in the
models, given in Figure 6.

A second major advantage of the disaggregate demand modelling approach is
that it is transferable from one urban area to any other. It had been hypothesised
that, because disaggregate models are based on household or individual
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FIGURE 4
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FIGURE 6

List of Explanatory Variables included in the system of Disaggregate Travel
Demand Models

Socio-Economic Variables

Automobile ownership (can also be internally predicted)
Household income

License driver status

Number of licensed drivers in the household

Primary vs. secondary worker

Number of full time workers in the household

Number of adults (and children) in the household

Type of residence

Occupation

Land Use and Locational Variables

Distance

CBD work place

Employer size

Total employment

Retail employment

Net employment density
Retail employment density

Level-of-Service Variables
(For drive alone, shared ride and transit in peak and off-peak periods)
In-vehicle travel time
Out-of-vehicle travel time
Total door-to-door travel time
Out of pocket travel cost (fare for transit; operating costs, tolls and parking costs for auto)

information and do not depend on any specific zone system, their coefficients
should be transferable between different urban areas.

A disaggregate mode choice model which is sensitive to several key socio-
economic factors yielded statistically-equivalent coefficient estimates for widely
different urban areas [2]. Table 1 shows the coefficients of the level of service
variables obtained from the estimation of the mode choice model on data sets from
four urban areas of distinctly different sizes and urban forms. Except for the New
Bedford cost/income coefficient, all are remarkably similar. (The difference in the
cost/income coefficient can be explained by the generally low income of the New
Bedford sample). Note that this high degree of transferability can only be realised
if the model is well specified.?

?A test of transferability of a disaggregate mode choice model which did not include socio-
economic variables failed [12].
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TABLE1

Transferability of Work Mode Choice Model to Different Cities

Variable Coefficient/ “t-statistic)
New Bedford Washington Los Angeles  San Francisco
Out-of-pocket-travel —87.3 —28.8 —24.4 —22.2
cost divided by income (—1.6) (—2.3) (—2.1) (—2.9)
In-vehicle travel time —0.0199 —0.0154 —0.0147 —0.0188
(—0.5) (—2.7) (—2.3) (—3.6)
Out-of-vehicle travel —0.101 —0.160 —0.186 —0.181
time divided by distance (—2.9) (—4.1) (—4.0) (—3.6)

The Washington coefficients were also used to predict aggregate model shares in
Birmingham, New Bedford, and Los Angeles. The predicted values were extremely
close to observed values and not statistically different from those obtained from
using locally estimated coefficients. In transferring the Washington coefficients to
other urban areas, it was found that updating of the constants was all that was
required. Note that if a model is used only to predict the magnitudes of changes in
travel behaviour (relative to present conditions) resulting from a particular change
in service from present levels, rather than to predict absolute magnitudes of travel,
then the constants do not affect the results, and the only important consideration is
the transferability of the coefficients. This is especially valuable in achieving rapid
dissemination to a number of urban areas of efficient short-range methods of
analysing policy.

The most significant test of a predictive model’s validity is the comparison of
predicted changes with actual observation from “before and after” a change in
transport service. Two such tests of the work model for choice of mode were
conducted, using an incremental form of the logit model. The specific examples se-
lected for model validation were the Shirley Highway preferential lane project and
the Santa Monica diamond lane project. No disaggregate sample was available for
either; the model was applied to both using average values for selected market
segments.

The incremental form of the logit model predicts revised travel behaviour on the
basis of existing travel behaviour and changes in level of service, rather than
employing the full model to recalculate choice probabilities from the full set of
independent variables. This approach greatly reduces data requirements. No
knowledge is required of detailed socio-economic and level-of-service data; only
existing shares and proposed changes in level of service are necessary.

Derivation of the incremental form of the logit model is relatively straight-
forward, and is described below. The general logit model predicts the probability
that any individual will choose mode ¢ from the set of alternatives 4, and is given by
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eVi
Pz =——
t14) T eVm
meEA
where
m,i = travel alternatives,
A = the set of available alternatives,
P(i| A) = the probability of choosing alternative z, and
V,= the systematic utility of alternative z.

Any change in transport policy will result in a change in at least one level of
service variable (X ,) and therefore a change in the utility function, since the utility
function is the weighted sum of transport level of service and socio-economic
variables, or 1’.= X 6, X;;. The revised probability resulting from a change in

k
utilities is given by:

eV,' + AV;

Z eVm+AI;;
meA

P'(i |A) =
where:

AV,

the change in utility for alternative i
=2 ®k AX,'k

the coefficient of the k£ variable,

A X, = the change in the k" independent variable for alternative , and

P'(i] A) = the predicted probability of choosing alternative i after the
change.

Dividing both the numerator and denominator by EA eV'm, we get:
m

. AV;

PilA)-e

Z Pim|A)edVm
meEA

P'(i14)=

The first test of the work mode choice model was conducted for the construction
of new preferential lanes on the Shirley Highway; these lanes extend to the south-
~ west from the centre of Washington, D.C. In 1971 an express bus service began on
these lanes, and the bus service was also improved by increasing coverage and
adding new buses designed for greater comfort of passengers. In late 1973, carpools
with four or more occupants were also permitted to use the preferential lanes. In
addition to the improved bus service and carpool preferential lanes, commuters’
mode choices were affected between 1970 and 1974 by other factors, including
increases in the price of gasoline. All these factors were expressed in terms of
changes in the level of service attributes and introduced into the work mode choice
model to predict changes in corridor modal shares from 1970 to 1974.
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The results are given in Table 2. As shown, the error of the predicted bus
ridership in the corridor is —2.9%, while the error in predicting the change in bus
ridership is —13.5%. It can be concluded, in view of the small prediction errors,
that the work mode choice model has captured the changes in mode choice
behaviour due to changes in the level of service attributes.

The second test of the work mode choice model was undertaken for the Santa
Monica freeway diamond lane project, which was implemented on 15 March 1976
and later discontinued on 13 August 1976. When this project began, use of the
median lane was reserved for carpools with three or more persons and buses. The
initial result was severe congestion in non-preferential lanes and on alternate
parallel arterials in the corridor, as well as long delays at entrance ramps, while the
preferential lane was sparsely used. However, by the tenth week of the project (the
point in time for which the model is applied), conditions had changed. Travel
times in non-preferential lanes had dropped to their original pre-project level, and
ramp delays had decreased somewhat. Preferential vehicles still enjoyed 15-20 mph
speed differential.

At the same time, significant improvements were made to transit service in the
corridor. These improvements included: express bus service to the Los Angeles
CBD, improved distribution and feeder service, park and ride lots, and extended
route coverage. In all approximately 50 new buses were put into service to effect
these improvements.

Each of these factors was expressed in terms of changes in level of service at-
tributes and introduced into the work choice model. In addition, a dummy
variable, which captures the promotional/awareness aspects of carpooling
programmes (see discussion in Appendix) was set equal to one.

The predicted and observed mode shares for the tenth week of the project for the
corridor are given in Table 3. The predictions for the transit mode share are
reasonably accurate, but the predicted changes in both 2 person and 3 + person
carpool shares overestimate those observed. One probable reason for this is that,
because only ten weeks had elapsed at the time “after ” data was recorded, travel in
the corridor had not yet passed the transitional period. It is also possible that
seasonal effects (which are not accounted for in the analysis) may have a significant
impact on the observed changes in travel behaviour.

RESULTS

The model system described in the previous section was used to analyse the ef-
fectiveness of a number of transport policies both in promoting the use of car-
pooling for work trips and in reducing vehicle miles travelled (VMT). The specific
policies analysed include:

1) Employer-based carpool matching and promotion;
2) Preferential parking measures;

3) Preferential traffic control; and

4) Fuel price increases.

The predicted impacts for each of these policies for the Washington, D.C.,
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TABLE 2
“Before and After” Shirley Highway Validation Test

Corridor Modal Shares Average
Auto
Auto Bus Occupancy
1970 Base 67.8 32.2 1.44
1974 Actual 57.3 42.7 1.47
1974 Predicted 58.5 41.5 1.47
Error in 2.0% —2.9% 0.0%
prediction*
Change in Corridor Average
Modal Shares Auto
Occupancy
Auto Bus
Actual changes —10.5 10.5 0.03
Predicted —9.3 9.3 0.03
change
Error in 13.59% —13.5% 0.0%
predicted
change**

Given by (Predicted — Actual)/Predicted
**  Given by [(Predicted —Base) — (Actual —Base)]/(Predicted — Base)

metropolitan area are summarised in Table 4.° For each policy, the predicted per-
centage changes from base values are presented for work trip mode shares (drive
alone, shared ride, and transit), work trip auto occupancy, vehicle miles travelled
(work, non-work, and total), and fuel consumption. Note that these percentage
changes represent area-wide percentage changes resulting from a policy, regardless
of what proportion of the area-wide population was actually affected by that
policy. A more detailed tabulation of the results for each policy, along with a
description of the policy and how it is represented in the model system, is given
below. For purposes of comparison, Table 5 presents the base values for work trip
modal shares and auto occupancy, vehicle miles travelled, and fuel consumption
corresponding to each of the population segments defined in the more detailed
presentation of the results.

Employer-Based Matching and Promotion
This policy represents the implementation of employer-related carpool incentive
programmes such as intra-company advertising, carpool matching assistance,

*It should be noted that the resulting impacts could vary significantly for other urban areas.
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TABLE 3
“Before and After " Santa Monica Freeway Validation Test

Corridor Modal Shares

Drive 2 Person 3+ Person

Alone Carpool Carpool Bus
Base 70.1 22.3 6.0 1.6
Actual 66.6 22.2 7.6 3.6
(10th Week)
Predicted 66.7 21.3 8.4 3.5
Error in 0.1% —4.2% 9.5% —2.9%
prediction*

Change in Corridor Modal Shares

Drive 2 Person 3+ Person

Alone Carpool Carpool Bus
Actual change —3.5 —0.1 1.6 2.0
Predicted —3.4 —1.0 2.4 1.9
change
Error in —2.9% 90% 33.3% —5.3%
predicted
change**

Given by (Predicted — Actual)/Predicted
**  Given by [(Predicted —Base) —(Actual —Base)]/(Predicted — Base)

promotion, etc. Because incentives such as these cannot readily be quantified in
terms of travel time and travel cost, the representation of this particular policy in
the model system presents somewhat of a problem. Included in the work choice
model is a dummy variable which picks up the effects of carpooling promotion
programmes by employers which do not materialise into time and cost incentives.

Since carpooling incentives such as these are feasible only for organisations with a
relatively large number of employees, the most logical criterion for determining the
availability of such incentives to an individual worker is employer size. For this par-
ticular policy, a lower bound of 100 employees was used to differentiate between
large and small employers. Thus, this dummy variable was set equal to one for
those workers employed by organisations with at least 100 employees, and zero
otherwise.

The results of this policy are given in Table 6. As shown, the implementation of
carpool matching assistance and promotion programmes by large employers results
in a 4.4 percent area-wide increase in the number of workers in carpools.
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Note that while work trip VMT is reduced by 0.62 per cent, the increased number
of autos remaining at home (and therefore available for use by other family mem-
bers for other trip purposes) results in an increase of 0.17 per cent in non-work trip
VMT, which offsets 36 per cent of the work trip VMT savings.

The potential area-wide effectiveness of this policy is muted somewhat by two
conditions existing in the Washington, D.C., area. These are:

1) Carpool incentives are available only to those workers employed by large
employers, and they comprise only 68 per cent of the work force; and
2) 44 per cent of the work force already has these incentives available.

The result is that only 24 per cent of the working population is affected by this
policy. In other urbanised areas, where the initial level of employer-based carpool
incentives is lower and/or a greater proportion of the work force is employed by
large employers, the policy would be more effective in increasing carpooling and
reducing VMT.

Preferential Parking Measures
Two sets of preferential parking measures are analysed. These are:

1) a programme implemented by large employers (i.e. those with more than
100 employees) giving subsidised preferential parking locations to carpool
vehicles; and

2) this same employer-based programme of carpool incentives coupled with
area-wide parking price disincentives aimed at single-occupant vehicles.

The first set of measures is represented in the model system by setting parking
cost equal to zero and decreasing walk time from parking location to final
destination for the shared-ride alternative, and increasing walk time for the drive-
alone alternative for those workers employed by large employers.* In addition to
these employer-based carpool parking incentives, the second set of measures in-
cluded minimum parking charges for the drive-alone alternative of $2.00 in the
CBD and $1.00 elsewhere in the metropolitan area (for work trips only).

The predicted results of these two parking policies are given in Tables 7 and 8. In
the first policy (Table 7), the shared-ride share increases significantly, while the
shares of both drive-alone and transit decrease. In the second policy (Table 8) an
even greater increase in shared ride is predicted. In this case, however, while the
drive-alone share drops markedly, the transit share shows a slight increase. This oc-
curs because the first policy consists primarily of carpool incentives, and therefore
shared ride will draw from both drive alone and transit. In the second policy,
however, the drive-alone disincentive dominates, and more commuters shift from
drive alone to transit than from transit to share ride. As one would expect, since
this second policy is primarily a pricing disincentive, workers from lower income
households are most severely affected.

‘The magnitude of these changes in round trip walk times is —4.27 minutes for shared ride and
+1.64 minutes for drive alone. These values were calculated from the cumulative walk time
distribution for parked vehicles during the peak period in the Washington area, together with the per-
centage of all autos used for carpools.
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Preferential Traffic Control

This policy consisted of preferential lanes for multiple occupancy vehicles and was
analysed on an area-wide basis by identifying those trips that would use facilities for
which a preferential lane policy would be feasible. This approach was taken rather
than analysing one specific facility because the relatively small sample used in
forecasting (i.e., 800 households for the entire Washington, D.C., metropolitan
area) results in an extremely small and statistically unreliable subsample of ob-
served work trips on any given facility.

Once potential locations of preferential lane and ramp treatment were identified
for the Washington area, differential time savings were estimated as follows for
three broad categories of work trips. For trips from outside the beltway to the inner
core, a differential of 16 minutes was used (8% of sample). For trips (a) from out-
side the beltway to inside the beltway, (b) along the beltway, and (c) from inside the
beltway to the inner core, a differential of 8 minutes was used (31% of sample). For
all other trips, e.g., outbound commute, circumferential within the beltway, etc.,
no time savings were assumed (61% of sample.) No time savings were assumed for
non-work trips. These travel time differentials were based on the following assump-
tions:

1) average base speed of 35 mph on all facilities,

2) average preferential lane speed of 50 mph,

8) average non-preferential lane speed of 30 mph, and

4) average preferential lane facility lengths of 10 miles and 5 miles respectively
for the first two categories of work trips mentioned above.

The specific changes in round trip travel times resulting from these assumptions are
given in Table 9.

The predicted impacts of this preferential lane policy are given in Table 10. As
shown, the shared-ride mode share increased 2.99%, while that of transit increased
by only 1.1%. The reason for this difference becomes evident if one looks at the
results for workers residing in suburban areas. Here, the difference is even greater,
suggesting that, for those workers for whom preferential lanes are most attractive,
transit availability is somewhat limited. Here again, the decrease in work trip VMT
is partially offset by increased non-work travel.

Fuel Price Increases

Two policies were analysed in which the price of gasoline was increased. In one
case, the base price was doubled; in the other, base price was tripled. Unlike the
preceding policies presented here, these policies are not directed only towards work
trips, but also directly affect weekday and weekend non-work travel.

These policies are represented in the model system by increasing the portion of
auto travel cost represented by fuel costs. In this case fuel costs comprised 70 per
cent of auto operating costs, while, on average, auto operating costs accounted for
50 per cent of auto travel cost, the remainder being parking costs. Therefore
doubling the price of gasoline, for example, would result in approximately a 35 per
cent increase in auto out-of-pocket travel costs.

The impacts predicted for these policies are given in Tables 11 and 12. In both
cases the reduction in non-work travel is greater than that predicted for work trips,
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TABLE 9

Changes in Travel Times Resulting from Preferential Lane Policy

Work Trip % of Change in Travel Time
Category Work Trips Drive Alone Shared Ride Trans:t
a. 8 +6 —10 —10
b. 31 +3 —5 —5
c. 61 0 0 0

despite the increased auto availability for non-work trips. This is in agreement with
the notion that non-work trips, being more discretionary in nature, are more
sensitive, or more elastic to changes in travel costs. Note that, while travel costs
increase by the same amount for both drive-alone and shared-ride vehicles, the
assumption that costs are shared equally among carpool members results in a
significantly smaller cost increase per person for shared ride. Because of this the
shared-ride mode share increases, although transit shows the larger gain in mode
share. As would be expected, this policy affects low-income households most
severely.

Summary

In addition to the results tabulated here, a more comprehensive list of carpool
strategies has been analysed for both Washington, D.C., and Birmingham,
Alabama, using an earlier version of the model system described in this paper [3].
Also, similar studies evaluating the effectiveness of alternative carpooling policies
have been conducted by others [10], [5]. A direct comparison of the results from
these studies is difficult because of differences in data used and policy definition,
but it appears that the results reported here are in general more conservative than
others.

CONCLUSION

The large number of potential carpool strategies can be classified into four broad
categories:

1) employer-based actions;

2) parking availability and cost;

3) traffic regulation and control; and

4) travel cost.
A specific carpool strategy would either be an “incentive”, i.e., directly induce
workers to share rides by improving the level of service attributes available to

carpools, or a “disincentive”, i.e., indirectly induce carpooling by worsening the
level of service attributes for solo drivers.
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The main findings from the analysis of various carpooling strategies are:

1) Carpooling ‘“‘incentives” will attract transit as well as drive-alone
commuters. However, the potential area-wide increase of ride sharing is
small; therefore decrease of VMT is small.

2) Auto “disincentives” are far more effective than carpooling “incentives” in
increasing ride sharing and transit use. However, these policies are less
acceptable to the public and therefore less likely to be implemented.

3) Therefore, a coordinated programme package of both “incentives” and
“disincentives” could effectively increase carpooling and reduce congestion,
VMT and fuel consumption. In particular, significant parking incentives
and disincentives appear to be the most effective way of increasing
carpooling.

4) Carpooling strategies directed at work trips result in increased auto travel
for non-work purposes because of increased auto availability during work
hours for non-working members of a household. The increased non-work
VMT offsets by approximately one third the reduction in work VMT.

The applicability of the methodology presented in this paper was demonstrated
for an analysis of carpooling strategies, and more generally could be used to analyse
a wide variety of short-range transport service alternatives. There are a number of
areas in which this methodology could be expanded and improved:

1) Aggregate and facility-specific supply models which relate a performance
measure (usually travel time or speed) to volume of vehicles should be used
together with the travel demand models to predict a new equilibrium in
cases with significant effects on congestion.

2) The implementation of carpooling strategies and other short-range
transport policies can lead to significant changes in automobile type and
age distribution and, in the long term, to changes in land use patterns.
Disaggregate models of these aspects of consumer behaviour need to be
developed and incorporated into the model system.

3) The existing non-work model should be expanded to include all non-work
travel purposes and the prediction of non-home-based trips.

4) Further transferability tests of the models’ coefficients, in particular those
of the non-work models, and validation tests of the model system with
“before and after” observations, are required.

5) Empirical models need to be developed which explicitly consider inter-
household sharing for non-work trips as well as alternative forms of ride
sharing for work trips (e.g. van pooling, shared taxis).

APPENDIX

Description of the Disaggregate Models
In this Appendix the four disaggregate travel demand models used in the model
system are described in more detail. The specific models used are:

1)a joint auto ownership work mode choice (for the household primary
worker only) model;
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2) a work trip mode choice model for secondary workers;
3) an auto ownership model for households without workers; and
4) a joint frequency, destination, and mode choice model for non-work trips.

The analytical form used is the multinomial logit model:

e Vit

T eVit
je4
P(i | A,) = the probability of behavioural unit ¢ selecting alternative ¢ from a
set of alternatives 4,

P(i14,) =
where

V, =the systematic utility of alternatives ¢ to behavioural unit ¢,

K
= X Xpie O,
k=1

X ,;, =the kthindependent variable for alternative 7 and behavioural unit ¢,

, = the coefficient of the k* variable, and

K =the number of coefficients.

The coefficients are estimated by the maximum likelihood method using
observations of the chosen alternative and the values of the independent variables
for a sample of behavioural units. For a detailed description of this model see [8].

Joint Auto Ownership/Primary Worker’s Mode Choice Model

This model predicts the probability of the joint decision of the household’s auto
ownership and the primary worker’s mode to work, conditional on the residence
location and workplace:

Pfa,m, | d ,) = probability that household ¢ will own a automobiles and that the
primary worker, p, will choose mode m to work, given the primary
worker’s work place d ,;

a =0, 1 and 2 or more autos, and

m, = drive alone, shared ride, and transit.

b
The model variables and coefficients as estimated for Washington, D.C., 1968
sample are shown in Tables A.1 and A.2. The model is presented in detail in [3].
The model includes five basic categories of variables which influence auto
ownership. These are as follows:

1) transport level of service to work
2) auto ownership costs

3) housing attributes

4) spatial opportunity variables

5) socio-economic variables.

Transport level of service to work variables influence directly the primary
worker’s choice of mode to work, and therefore influence auto ownership through
the interdependency of auto ownership and mode-to-work represented by the joint

250



SHORT-RANGE TRAVEL DEMAND PREDICTIONS M. Ben-Akiva and T. J. Atherton

structure of the model. The traditional level-of-service measures commonly
included in mode choice models are employed: in-vehicle time (round trip
minutes), out-of-vehicle time (round trip minutes), and out-of-pocket cost (round
trip cents). Empirical tests indicated that out-of-vehicle time is perceived to be
more onerous for short trips than for longer ones. Hence the ratio of out-of-vehicle
time to highway travel distance was used. In-vehicle travel time was used directly to
reflect the disutility of time spent in travel. Out-of-pocket travel costs for each
alternative enter the model as an annual commuting cost in the “remaining
income” variable discussed later. These out-of-pocket travel costs include auto
running costs, tolls, parking charges, and, for transit, fares. The level-of-service
measures of both the two auto modes and the transit mode appear in the model,
each in its respective utility function, with expected negative coefficients.

Even when the above three types of level-of-service variables are used, certain
effects which influence mode choice (such as the frustration of being in congested
traffic, and the high variance of peak hour travel time in heavily used travel
corridors) are not measured. It is these effects which typically cause mode choice for
downtown-oriented trips to be different from that for non-CBD trips. In order to
capture this effect, a dummy variable for CBD-oriented work trips is used. This
variable enters the drive alone and shared-ride utility functions with the expected
negative coefficients.

Auto ownership costs are the primary deterrent to high auto ownership for
households with multiple drivers. However, the cost of owning a car is highly
dependent on the type of car owned. Small cars with their low purchase prices and
good gas mileage are far cheaper to maintain on an annualised basis than larger,
less efficient autos. Because data were not available on car type in the data set used
for model estimation, an average annual ownership cost per auto was used ($1000
for 1968).

Housing attributes can be represented by a large number of possible variables.
However, upon careful consideration of the way in which a household selects the
number of cars it wishes to own, it was decided that only one main influence,
whether the household resided in a single family dwelling, merited consideration.

Single family houses typically have driveways, or are generally located in areas
which have readily available on-street parking, while the reverse generally applies
to multiple family dwellings. Thus one would expect that, all else being equal, the
utility of multiple car ownership would be substantially higher for those residing in
single family homes than for apartment dwellers.

The spatial opportunities variable represents a composite of the attributes of all
non-work trips, and is constructed by combining the level-of-service characteristics
of various possible non-work trips with the relative likelihood of the household
making each trip. Expressed mathematically, this spatial opportunity measure is
determined as follows:

Accessibility of a household in zone /by mode m = ¢, , . P(i,d m)

d
where:

P(i, d, m) is the probability of the household travelling from ¢ to d by mode m, and
t,4m 1s some measure of the level of service from 7 to d by mode m.

wdm
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TAaBLEA.1

Auto Ownership Model— Definition of Variables

Variable Code Definition

1. Dy, = 1, for zero autos; shared ride
0, otherwise

2. D, = 1, for one auto; drive alone
0, otherwise

3. Dy = 1, for one auto; shared ride
0, otherwise

4. D, = 1, for one auto; transit
0, otherwise

5. D, = 1, for two autos; drive alone
0, otherwise

6. D, = 1, for two autos; shared ride
0, otherwise

7. D = 1, for two autos; transit
2t
0, otherwise

8. AALD, = No. of autos/licensed drivers, for drive alone
0, otherwise
9. AALD, = No. of autos/licensed drivers, for shared ride
0, otherwise
10. Z = household annual income—800* No. of persons in the
household — 1000* No. of autos—250* daily round trip travel cost (in
$)
11. IIT, = 1, if household lives in a single family house, for two autos
0, if otherwise
12. IVTT = daily round trip in-vehicle travel time (in minutes)
13. OVTT/DIST = daily round trip out-of-vehicle travel time (in minutes)/one way
distance (in miles)
14. AALD = No. of autos/licensed drivers
15. R, = car generalised shopping travel cost/transit generalised shopping travel

cost, for one auto
0, otherwise

16. R, = car generalised shopping travel cost/transit generalised shopping travel
cost, for two autos
0, otherwise

17. DCITY, = 1, if work place is in the CBD, for drive alone
0, otherwise

18. DCITY, = 1, if work place is in the CBD, for shared ride
0, otherwise

19. TOPTC = 250* daily round trip out-of-pocket travel cost (in $)
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Variable Code Definition

20. GW, = 1, if worker is a civilian employee of the federal government, for shared
ride
0, otherwise
21. NWORK, = No. of workers in the household, for shared ride
0, otherwise
22. DTECA, = employment density at the work zone (employees per commercial acre)*
one way distance (in miles), for shared ride
0, otherwise
Alternatives:
Os = zero autos; shared ride to work
Ot = Z€ero autos; transit to work
Ic = one auto; drive alone to work
1s = one auto; shared ride to work
1t = one auto; transit to work
2¢ = two + autos; drive alone to work
2s = two + autos; shared ride to work
2t = two + autos; transit to work
TABLEA.2
Auto Ownership Model—Estimated Coefficients
Variable Coefficient t-statistics
1. Zero autos; shared ride constant D, —1.62 —4.70
2. One auto; drive alone constant D, 5.22 7.91
3. One auto; shared ride constant D, 5.18 7.64
4. One auto; transit constant D, 5.66 8.76
5. Two autos; drive alone constant D, 6.61 7.68
6. Two autos; shared ride constant D, 6.47 7.37
7. Two autos; transit constant D,, 6.50 7.21
8. Auto availability (drive alone only) AALD 3.22 6.22
9. Auto availability (shared ride only) AALD 0.472 0.90
10. Remaining income InZ 1.55 5.33
11. Housing type (two autos-only) HT, 1.04 6.18
12. In-vehicle travel time 1vrTT -0.0129 —2.41
13. Out-of-vehicle travel time divided by distance OVTT/DIST —0.0795 —2.33
14. Auto availability AALD —4.49 —6.60
15. Shopping relative accessibility (one auto only) R, —1.99 —2.42
16. Shopping relative accessibility (two autos only) R, —2.80 —3.24
17. CBD work place (drive alone only) DCITY —0.704 —2.21
18. CBD work place (shared ride only) DCITY —0.549 —1.91
19. Out-of-pocket travel cost TOPTC —0.00267 —3.81
20. Government worker (shared ride only) GW, 0.347 2.49
21. Number of workers (shared ride only) NWORK 0.322 3.14
22. Employment density (shared ride only) DTECA, —0.000131 —0.30

253



September 1977 JOURNAL OF TRANSPORT ECONOMICS AND POLICY

In the household’s selection of auto ownership, the absolute level of non-work
trip accessibility is of very little importance. What is relevant is whether the
household will typically use car or transit for shopping trips; hence it is the cost of
using car relative to the cost of using transit which influences auto ownership. For
this reason, the following variable was developed:

: : . expected generalised car cost for shopping travel
Generalised price ratio = P g PpPIng

expected generalised transit cost for shopping travel

Note that the cost of taking transit when transit is not available (as in many
suburban zones) is for practical purposes infinite; in such cases, the value of the
generalised price ratio is zero.

As generalised shopping travel cost by car increases, the value of the generalised
price ratio increases. One would expect this increase in car cost to result in greater
use of transit. Consequently, the likelihood of high auto ownership should decrease.
To reflect this hypothesis, the coefficient of this variable should be negative, since it
measures the effect of shopping accessibility relative to the zero auto-transit
alternative.

Socio-economic variables. The variable AALD is the number of autos divided by
the number of licensed drivers in the household, and measures the need for
additional autos in the household. The difference between A4ALD and the more
specific auto availability variables, A4LD_and AALD , is that they appear in
different utilities as measures of different effects, the former (44ALD) an incentive
for owning more cars and the latter (A4LD_and AALD ) an auto availability effect
on mode choice. The modal chice variables, 44LD_ 2 and AALD_, indicate
increased car mode preference when autos per licensed driver increases, while the
auto ownership variable, A4LD, indicates increased auto ownership preference
when the number of licensed drivers increases. The estimates of the coefficients of
AALD and AALD _are highly significant.

Because of the large number of important monetary measures (i.e., household
income, auto ownership costs, and out-of-pocket travel costs) and the effect that
household size has on disposable income, we have not introduced separate variables
for each, but combined these four attributes into a single variable. This is done by
the “remaining income” variable, as follows:

Remaining income (annual dollars) = household annual income — $800
X (household size) —$1,000 X (no. of autos in the alternative) —250 X
(round trip out-of-pocket cost in dollars of the work trip of the
alternative).

The value of this variable is an approximate measure of the amount of money a
household has left over after expenditures on essential goods (assumed to be $800
per household member per year in 1968), auto ownership costs ($1,000 per auto
owned in 1968) and work trip cost (250 round work trips per year). An alternative
with zero auto ownership results in an increased value of remaining income, re-
presenting the availability of income the household would otherwise have to
allocate to the purchase, maintenance, and operation of a car if it had chosen to
own one.
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This variable should not enter the utility functions linearly; the utility a low-
income family derives from an extra dollar is probably much greater than that of a
high-income family. Thus, the marginal utility of money should decrease as the
value of remaining income increases. This hypothesis is reflected by using the
natural log of remaining income as an independent variable, rather than simply
the value itself. The coefficient of this variable in the utility function should always
be positive, reflecting the fact that, all else being equal, households would rather
have more money than less.

Three additional variables are included to account for the choice of the shared-
ride mode. The government worker variable is a dummy variable, taking the value
of one if the worker is a civilian employee of the Federal Government and zero
otherwise. This variable is a proxy representing the existence of employer-provided
incentives for forming carpools. To use this variable for predicting increases in
carpooling resulting from employer incentives, employer size (i.e., number of
employees) was used as the criterion for determining whether or not a particular
employer would provide such incentives. Unfortunately, these data were not
available for each individual worker, and therefore it was necessary to use the zonal
distribution of employer size to derive the probability of a worker being employed
by a large employer.

Another variable, DTECA , is formed as the product of the one-way trip distance
(miles) and the employment density at the destination. This variable captures two
factors affecting the choice of the shared-ride mode:

1) the opportunites available for sharing a ride, which increase with
employment density at the destination; and ‘

2) the probability of having the same route as another commuter, which
increases with trip length.

A third variable relating to the opportunity for sharing a ride is the number of
workers in a household, which accounts for workers from the same household
sharing a ride.

Mode to Work Choice Model for Secondary Worker

This model predicts the probability of the choice of mode to work for each
secondary worker in a multiple worker household, conditional on the worker’s
household residence location and workplace and the household’s auto ownership:

p(m|d, a) = probability that the secondary worker from household ¢
will choose mode m to work, given his workplace d_ and
household auto ownership; where

m_= drive alone, shared ride, and transit.

This formulation essentially includes only the mode choice component of the
preceding model, where household auto ownership is one of the independent
variables. The model specification and estimated coefficients are shown in Tables
A.3 and A.4. The variable definitions are essentially identical to those given for the
joint auto ownership/mode to work model.
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TABLEA.3
Work Mode Choice Model— Definition of Variables

Variable Code Definition
1. D, = 1, for drive alone
0, otherwise
2. D = 1, for shared ride

5
0, otherwise

3. OPTC/INC = round trip out-of-pocket travel cost (in cents)/household annual
income (in dollars)
4. IVTT = round trip in-vehicle travel time (in minutes)
5. OVTT/DIST = round trip out-of-vehicle travel time (in minutes)/one way distance (in
miles)
6. AALD_ = No. of autos/licensed drivers, for drive alone
0, otherwise
7. AALD, = No. of autos/licensed drivers, for shared ride
0, otherwise
8. GW, = 1, if worker is a civilian employee of the federal government, for shared
ride
0, otherwise
9. DCITY, = 1, if work place is in the CBD, for drive alone
0, otherwise
10. DCITY; = 1, if work place is in the CBD, for shared ride
0, otherwise
11. DINC_ = household annual income —800* No. of persons in the household (in §),
for drive alone and shared ride
0, otherwise
12. NWORK; = No. of workers in the household, for shared ride
0, otherwise
13. DTECA; = employment density at the work zone (employees per commercial acre)*
one way distance (in miles), for shared ride
0, otherwise
Alternatives:
c = drive alone
s = shared ride (car pool)
t = transit

It should be noted that the mode choice predictions from these models are used
in conjunction with another model that predicts the occupancy of cars used for
shared-ride trips, which is usually in the range of 2-6 persons. This model is
described in detail in [3].
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TABLEA.4
Work Mode Choice Model—Estimated Coefficients

Variable Coefficient t-statistic
1. Drive alone constant ) D, —3.24 —6.86
2. Shared ride constant D, —2.24 —5.60
3. Out-of-pocket travel cost divided by income OPTC/INC —28.8 —2.26
4. In-vehicle travel time vTT —0.0154 —2.67
5. Out-of-vehicle travel time divided by distance =~ OVTT/DIST  —0.160 —4.08
6. Auto availability (drive alone only) AALD, 3.99 10.08
7. Auto availability (shared ride only) AALD, 1.62 5.31
8. Government worker (shared ride only) GW, 0.287 1.78
9. CBD work place (drive alone only) DCITY, —0.854 —2.75
10. CBD work place (shared ride only) DCITY, —0.404 —1.36
11. Disposable income (drive alone and shared
ride only) DINC 0.0000706 3.46
12. Number of workers (shared ride only) NWORK; 0.0983 1.03
13. Employment density (shared ride only) DTECA, 0.000653 1.34
TABLEA.S
Auto Ownership Model for Households with No Work Trips
Variable Coefficient t-statistics
1. One auto D1 6.54 11.3
2. Two autos D2 7.08 8.75
3. Remaining income Inz 1.88 4.82
4. Housing type (two autos only) HT2 0.734 2.27
5. Auto availability AALD 2.04 —5.15
6. Shopping relative accessibility (one auto only)  RI —5.31 —6.50
7. Shopping relative accessibility (two autos only) R2 —6.11 —6.24

Auto Ownership Choice Model for Household Without Workers
This model predicts the probability of auto ownership decision for a household
with no workers, conditional on residential location:

P,(a) = probability that the household ¢ will choose to own a
automobiles, where

a = 0,1 and 2 or more autos.

The model specification and estimated coefficients are given in Table A.5. A
detailed description of this model is given in [3]. This model includes only the auto
ownership component of the joint auto ownership/mode choice model. It does not
include as independent variables level-of-service attributes for work trips. It does
include, however, a generalised composite variable for non-work travel acces-
sibility.
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Joint Frequency Destination and Mode Choice Model for Shopping Trips

The trips estimated by this model are expanded to obtain estimates of all non-
work travel (i.e., home-based other trips and non-home-based trips). (As models
for other trip purposes become available, they can be added.) The model predicts
the following joint probability:

P,f, d, m|a,a,) = probability of household ¢ making a trip (f=1) for a
specific non-work purpose to destination d by mode m,
conditional on household auto ownership, a, and auto
remaining after work trips, a, (i.e., household auto
ownership minus autos used by workers in the
household to go to work); where

m = auto and transit.

The variables used in this model and the estimation results are shown in Tables
A.6 and A.7. This model is based on the model developed by Adler and Ben-Akiva
[1] with minor modifications.

The variables in the model fall into four classes:

1) socio-economic characteristics of the household;

2) attractiveness of the destination;

3) mode-specific variables (e.g., auto availability for shopping travel);
4) transport level-of-service attributes.

Socio-economic characteristics of the household—The number of persons in the
household enters the frequency zero utility function with a negative coefficient,
indicating that the larger the household, the lower the probability of not making a
shopping trip on a given day.

Household family income is also included in the frequency zero utility to reflect
the ability of a household to stock large quantities of goods and thus avoid the
general disutility of travel. The positive coefficient implies that households with
higher income (everything else being equal) can stock more goods and therefore
can make fewer shopping trips.

Attractiveness of the destination—The retail employment density of alternative
shopping destinations is used as an attraction variable which enters destination
specific utility functions. The positive coefficient of this variable indicates
preferences for denser shopping areas. A second destination specific variable is the
total land area of the destination zone. This “size” variable is included to account
for the spatial aggregation of alternative destinations. Another attraction variable
is a destination specific dummy variable taking the value of one if the destination is
within the CBD, and zero otherwise.

The final attraction variable is the retail employment density (employees per
acre) in the household’s residence zone. This variable is an attempt to account for
walk trips to shop by representing the availability of suitable shopping destinations
within walking distance of the home. The expected positive coefficient of this
variable in the frequency zero utility function indicates that a household residing in
an area with dense retail employment is less likely to make a vehicular shopping
trip, but rather will be more likely to walk to do its shopping.
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TABLEA.6

Shopping Joint Travel Demand Model— Definition of Variables

Variable Code Definition
1. DC 1, for car
0, otherwise
2. OVTT/DIST round trip out-of-vehicle travel time (in minutes)/one way distance (in
miles)
3. IVTT+OVTT round trip in-vehicle travel time + round trip out-of-vehicle travel time
(in minutes)
4. OPTC/INC round trip out-of-pocket travel cost (in cents)/household annual
income (in code*)
5. AAC No. of autos available to household —No. of autos used for work trips
by workers in the household, for car
0, otherwise
6. AOC No. of autos available to household, for car
0, otherwise
7. AREA total land area in acres
8. REMP/AREA retail employment at shopping destination (in No. of employees)/total
land area in acres.
9. DCBD 1, for CBD shopping destination
0, otherwise
10. DF 1, for zero frequency
0, otherwise
11. HHSF No. of persons in the household, for zero frequency
0, otherwise
12. DENF retail employment density in residence zone (employees per acre), for
zero frequency
0, otherwise
13. INCF household annual income (in code*), for zero frequency
0, otherwise
Alternatives:

No trip (zero frequency), variables (1)-(9) are equal to zero. Trip to shopping destination d and by
mode m, for all relevant shopping destinations (including the CBD), and for car and transit
modes.

*Income code (in 1968 §)

NS =

If

[SAE )

It

0—2,999

3,000 —-3,999
4,000--5,999
6,000 7,999

= 8,000 9,999

6 = 10,000—11,999
7 =12,000—14,999
8 = 15,000—-19,999
9 = 20,000 —24,999
10 = 25,000 +
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TABLEA.7
Shopping Joint Travel Demand Model— The Model Coefficients

Variable Coefficient  t-statistic
1. Car constant DC —0.571 —2.22
2. Out-of-vehicle travel time divided by distance OVTT/DIST —0.051 —3.31
3. Total travel time In(IVTT+OVTT) —2.42 —16.63
4. Out-of-pocket travel cost divided by income OPTC/INC —0.0191 —3.39
5. Autos available for non-work trips (car only) A4A4C 0.663 2.94
6. Autos available to the household (car only) A0C 0.854 5.14
7. Total land use in (AREA) 1.00 —

8. Retail employment at destination/total land
area in (REMP/AREA) 0.296 6.99
9. CBD destination constant DCBD 0.808 2.83

10. Frequency zero constant DF 2.52

11. Household size (frequency zero only) HHSF —1.83 —4.38

12. Retail employment density at the origin

(frequency zero only) DENF 0.000068 0.16

13. Household income (frequency zero only) INCF 0.047 1.27

Mode specific variables—The number of autos owned by the household enters
the auto utility functions. The expected positive coefficient indicates that more
available autos increases the likelihood of shopping travel by car. In addition to this
variable, the number of autos available for daytime shopping purposes (i.e., the
total autos available to the household minus the number used for work trips) also
enters the auto utility functions. The formulation of this latter variable reflects the
hypothesis that work trips are more regular and important to the household than
non-work trips, and therefore the number of autos available for daytime shopping
is conditional on work mode choice.

Transport level of seruvice attributes include: in-vehicle travel time (round trip
minutes), out-of-vehicle travel time (round trip minutes) and out-of-pocket travel
cost (round trip cents). The variables for cost and excess time are formulated
similarly to those in the work mode choice model — out-of-vehicle time is divided by
distance, and cost is divided by income. The in-vehicle travel time variable, which
is included directly as a measure of disutility in the work mode choice model, was
restructured to be total travel time (in-vehicle plus out-of-vehicle) and enters the
utility function in logarithmic form. This formulation is used on the hypothesis that
a person’s sensitivity to absolute changes in total travel time decreases for longer
trips.
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