THE DEMAND FOR URBAN BUS TRANSIT

A Route-by-Route Analysis

By Roger W. Schmenner*

During much of the period since World War II, the intraurban bus transport
industry in America has been declining.1 However, a continued decline in total bus
transit ridership does not imply that all the bus routes of an area are doomed to
bankruptcy. Even within a decentralising urban area there may very well be
corridors of potential bus patronage which, with the proper combination of price
and service, can continue to support a bus line with little or no subsidy. The challenge
for bus companies, both public and private, is to identify them.

This challenge requires, among other things, an analysis of the demand for bus
transit along specific routes and of the sensitivities of that demand to changes in a
bus company’s policies. Moreover, if operating subsidies are required it is of interest
to know which routes within a sytem are being subsidised and what are their
characteristics. This paper undertakes a demand analysis which addresses itself to
these points. The sample developed for this study consists of bus routes in the three
medium-sized Connecticut cities of Hartford, New Haven, and Stamford, and uses
data over a ten-year period. Heretofore demand has not been analysed on a route
basis, nor have time-series data been incorporated into any demand study. Moreover,
the technique developed obviates the need for expensive origin and destination survey
data, which are generally not available for smaller cities.

The next section of this essay deals with some of the previous research on demand
for bus transit. The third section presents and explains an alternative demand model,
one that is defined for specific bus routes. The data used to estimate the model are
then briefly described. The model estimation results are the subject of a further
section, and a summary and conclustons complete the paper.

PREVIOUS WORK ON BUS DEMAND
The literature is not rich in well-conceived and careful studies of bus demand.
Most demand studies have used the conventional tools of urban transport planning:
trip generation, trip distribution, modal split, and network assignment. These tools,

*Assistant Professor, Graduate School of Business Administration, Harvard University. The author
is grateful to Peter Kemper, Richard Murnane, Richard Pratt, and John Quigley for commenting
on an earlier draft of this paper. The study, of which this paper is a part, was funded by the Pro-
gramme of University Research of the U.S. Department of Transportation, Contract No.
DOT-085-40099.

1The American Transit Association’s 1972-73 Transit Fact Book has numerous tables documenting
the general trends.
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developed largely by civil engineers and practised by a number of consulting firms,
suffer greatly from the segmented and sequential view they take of “the trip”.
Contrary to the implicit logic of these conventional techniques, the trip-maker does
not first decide to take a trip, then decide where to go, and only then decide how to
get there. Rather, all the trip-maker’s decisions on where, how, if and when are
made simultaneously. Demand analysis should not force a rigid and artificial sequence.2

Economic analysis has traditionally dealt with demand decisions as complex as
the travel decision, and its potential usefulness is great. Unfortunately, only two
bus-related urban transit studies by economists are worthy of much attention: one
by Gerald Kraft and Thomas Domencich of Charles River Associations [9] and the
other by Gary Nelson [17].3 Both studies stay true to the established nature of
economic demand functions, and both use sophisticated techniques to estimate the
relevant demand parameters.

The Kraft and Domencich study [9] makes use of a 19634 origin-and-destination
survey of the Boston area. In that study the authors explain the daily number of
trips from one traffic zone to another for a given trip purpose and by a general mode
category (transit or auto).4 This travel demand is posited to be a function of transit
fares, auto operating costs, travel time en roufe by transit and auto, access times
(walking, waiting, transferring) by transit and auto, and socioeconomic character-
istics of the zones at both ends of the trip. The estimation was carried out by regres-
sion analysis, the relevant price and service elasticities being constrained to fall
between pre-established values.

The results suggest that transit usage is insensitive to alterations in travel cost, and
only slightly sensitive to alterations in travel time. Kraft and Domencich estimate
own-travel price elasticities of transit demand at between —0:09 and —0-33, and
own-travel time elasticities of transit demand at between —0-30 and —0-71. All
cross-elasticities are zero, according to their estimates. Their results do confirm the
belief of many that fare reductions are not nearly so effective in attracting ridership
to transit as are service (time) improvements.

Nelson’s study [17] employs a different type of data base. Nelson’s units of observa-
tion are individual city bus systems, and not zone-to-zone movements within a single
metropolitan area. His model of bus operations is rather elaborate, consisting of a
demand equation, two supply equations and an identity. The endogenous variables
are the yearly number of passengers, the yearly bus-miles of service provided, the
fare, and the cost-revenue ratio which is typically used in regulating operations of a
private bus company.

The functional form of Nelson’s demand relationship is quite sophisticated, for it

2Both the conventional techniques and the model proposed in this paper are subject to the criticism
that they ignore the simultaneity of decisions on transport and on location for various land uses.
Modelling this simultaneity is difficult, and is not attempted here.

30ther studies relating to the demand for bus transit are listed in the References at the end of
this paper. Some of these studies differ in intent from those by Nelson and Kraft-Domencich, but
they all bear somewhat on the topic of bus demand.

4The transit mode encompasses all sub-categories of public transit—bus, subway, streetcar, and
commuter railroad.
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builds in two assumptions: (1) declining elasticity of demand with additional bus-
miles of service, and (2) proportional decreases in the elasticity of demand with
increases in the average fare. Population, land area, auto availability, highway
capacity, income, and age measures are also entered into the demand equation.

The estimations of the model are accomplished by two-stage least squares. The
estimated elasticities of demand with respect to service (for which the only proxy
would be bus-miles) hover around one. The fare elasticities of demand average about
—0-75. The coefficient signs on the other variables of the demand model are as
expected, although the levels of significance are often low.

Nelson’s study is carefully done. If it can be criticized it is for its data base, a
cross-section sample of bus transit firms: such data may very well be too highly
aggregated to provide a true picture of bus demand. System-wide fares and bus-miles
may be insufficient to isolate the true effects of fare and service level changes on the
riding habits of individuals or on the ridership along particular bus routes.

Thus, while both the Kraft-Domencich study and the Nelson study estimate
elasticities of demand with respect to fare and with respect to service, the two sets of
demand elasticities are not directly comparable. Nelson’s estimates refer to the
sensitivity of system-wide bus ridership, and the Kraft-Domencich estimates refer
to the sensitivity of trip-taking between zones by a generalised transit mode. One
could have hoped that the two sets of elasticity estimates would be the same, but
problems of aggregation may very well explain the divergent results.5 Neither set of
estimates refers directly to the ridership along particular routes; yet it is precisely
ridership along particular routes which affects bus company profits, and which
public policy on operating subsidies should recognise.

The present study breaks some new ground, since its units of observation are
individual routes at particular points in time. This approach is particularly congenial
for small cities which, typically, cannot afford origin and destination surveys. How-
ever, the approach has some potential drawbacks, especially in relation to system-
wide effects like transfers or competing routes. Limiting this study to medium-sized
cities has reduced in importance of these drawbacks, since bus systems in such
cities are normally of particularly simple radial design, with few transfers and with
few routes which could be termed competitive.

A DEMAND MODEL FOR BUS ROUTES

A demand schedule conveys information on the amount of a good which a particular
group would buy at different prices during a given period of time. Lower bus fares,
other things being equal, can be expected to lead to more bus service being con-
sumed—either because people abandon other transport modes to ride buses or
because the lower fares induce them to take trips they would not otherwise take.
However, measuring the amount of bus service “consumed” during a given period

sThe level of aggregation can be important to the results, as Orcutt ¢ al. have shown in “Data
Aggregation and Information Loss”, American Economic Review, September 1968.
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is not as clear-cut a chore as measuring the consumption of whiskey sours or golf balls.
Bus companies supply, for a price, seat-miles at given service frequencies during
designated hours of the day. People can then be viewed as demanding those seat-
miles. But they do not pay for exactly what they demand, as they do for most other
goods; people do not pay for seat-miles per se. Rather, for a fixed fare, different
people consume varying quantities of bus service.

Much as with other goods, one can speak of the demand for bus transit by an
individual or by groups of people. A convenient grouping in this case is the group of
people who ride a given bus, generally living or working along its route. While
individual riders will demand different quantities of bus service, the group as a
whole can be regarded as demanding so many seat-miles or seat-hours of bus transit,
given different levels of service and given different prices. Which form most appro-
priately measures price is debatable, because the “bus corridor’ group could look
at fare itself or at fare per mile in determining whether or not to take the bus.

Like the demand for other goods and services, the demand for bus transit is not
determined by price alone. The nature of bus service (particularly its service charac-
teristics) and the prices and natures of substitute goods also influence the quantity of
bus service demanded.6 The auto is clearly the most important substitute for the bus;
for the medium-sized cities in the present sample the auto is the only substitute.
Socioeconomic characteristics, such as population and income along a particular
route, also play a part in determining demand for bus transit. Besides income, the
socioeconomic variables that are typically related to bus transit demand include age
and racial composition of the population,” auto availability, and employment
opportunities near the route.8 It is frequently argued that the lower the group’s
income and auto availability, the higher its age, the blacker its skin, and the greater
its employment opportunities, the greater its demand for bus transit.

- The level of service is as important to bus demand as any of these other factors;
the more frequent the service, the greater the expected ridership. The level of service
provided along a route can be measured in two ways; and, as discussed below, the
way service is measured has a bearing on the definition of the model’s dependent
variables. For a fixed route, the level of service is directly related to the number of
bus-miles or bus-hours? run and can thus be defined in that way. Alternatively,
service can be defined in terms of headways, the time intervals between buses along
a route. The two are equivalent, since one can be directly transposed into the other.

6Complementary goods are, of course, also important, but there is no other good which could
readily be labelled a complement to bus service.

7The argument is that the black community’s “taste” for public transit is more pronounced than
that of the white community. One might suspect, moreover, that race and income are highly corre-
lated. However, the census tract data for Hartford, New Haven and Stamford do not really support
this view. The correlation coefficients (simple 7’s) between income and percentage black for the
three cities are —0-486, —0-053, and —0-343, respectively.

80ther socioeconomic variables could be mentioned here such as rents, housing values, and
employment characteristics of the population. These wre included in the early stages of the analysis
but were not at all influential.

9Daily bus-miles are the miles travelled by a bus, for any reason, from the time it leaves the garage
until it returns. The bus-hour is defined analogously.
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Defining the dependent variables

Ideally, as stated above, the demand for bus service should be measured in seat-
miles or seat-hours. Unfortunately, it is very difficult in practice to measure actual
seat-miles or seat-hours consumed. For the cities in this sample neither these data
nor data on ridership exist. However, revenue data do exist for individual routes, in
the form of revenue per bus-mile or per bus-hour of operation. And, since average
fares are known, revenue data are very reasonable proxies for actual ridership data.

Thus, in defining the dependent variables one has the choice of using revenue
outright or of using revenue divided by average fare to form an estimated ridership;
both approaches carry the same information. Given the above discussion of service
levels, one also has the choice of (1) using total revenue per route and controlling for
service by the introduction of either a bus-miles (bus-hours) variable or a headway
variable, or of (2) using the given revenue data per bus-mile or per bus-hour and
controlling for service through a headway variable alone. The calculated impact of
service on revenue would be the same in each case, since for fixed routes a doubling
of bus-miles (or bus-hours) run implies a halving in headways.10 There are thus four
choices for the dependent variable, each carrying as much information as the others:
(1) estimated ridership, (2) estimated ridership per bus-mile or per bus-hour, (3)
revenue, and (4) revenue per bus-mile or per bus-hour. Solely for reasons of con-
venience, revenue per bus-mile (per bus-hour) has been chosen.

The model summarised

More specifically, for particular points in time this demand study related (i)
average revenue per bus-mile along a route and (ii) average revenue per bus-hour
along a route to the following influences on bus demand, all defined at the appro-
priate point in time:

(1) average bus fare for the route, or average fare per mile for the route (the
own-price)—it is unclear which specification for “price” is the more
appropriate,

(2) the sum of average auto operating costs over the route and average down-
town parking costs (the price of the substitute good)—if fare per mile is
used, auto costs per mile is also used,

(3) peak hour bus headway (i.e. time between buses) along the route (a
measure of service, and plausibly related to the average waiting times
associated with bus travel),

(4) average bus and auto speeds along the route (another service measure),

(5) population within two blocks of the bus route,

(6) season from which data are derived (bus demand is lower in the summer
vacation months), and

10The elasticity of revenue with respect to headway is straightforwardly related to the elasticity
of revenue per bus-mile (or bus-hour) with respect to headway. Let R be revenue, b be bus-miles
(or bus-hours), p be fare, ¢ be ridership, and % be headway. The headway elasticity of revenue is

g : s . . 0q ok 9bjoh
simply %Z / %’:— The headway elasticity of revenues per mile or per hour is —qg A but given the

direct relationship between bus-miles (or bus-hours) and headway the second term in this expression
is a constant, —1, when evaluated at the means.
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(7) route-related socioeconomic variables such as:
(a) median family income,
(b) age over which a quarter of the population is older,
(c) age under which a quarter of the population is younger,
(d) median auto availability,
(e) percentage of families with no access to auto,
(f) percentage of population which is black,
(g) large-scale employment and hospitals within two blocks of the bus
route,
(h) enrolment in schools along the route, and
(i) shopping centres along the route.

Weighting some independent variables

A demand relationship dealing directly with routes, such as that advanced above,
holds one advantage over some other demand studies—the revenues estimated by
this model’s independent variables are precisely the quantities relevant to a bus
company’s ability to make a profit. However, this route orientation creates some
ambiguity for some of the independent variables, since these variables are derived
from census tract data and have to be specially assembled into bus route form.
The bus route itself can be viewed as a swath through a series of census tracts. The
swath used for this study is two blocks on each side of the bus route. Accordingly,
the model’s socioeconomic independent variables are defined as weighted averages
of individual census tract values. The weights are the estimated populations of those
portions of individual census tracts within the swath of a bus route as a fraction of the
total estimated population within the bus route’s swath. Formally

F,. P,
1) .
where
W, is the weight for the ith census tract,

F; is the fraction of the tract’s area within the swath of the bus route, and
P; is the tract’s population.
The independent variables are then defined as
V=3 (W, W) (@)
where
V, is the independent variable defined for the route and
V; is the value of that variable for tract z.11
This weighting scheme assumes that the census tracts are perfectly homogeneous
in composition. This is a strained but (in view of data limitations) a necessary
assumption.
As stated above, the price of bus service can be taken as either fare or fare per
mile. Fare or fare per mile along a route, however, is an ambiguous term. The fare

1Variables (g), (k), and (i) dealing with employment, school enrolment, and shopping centres are
not modified by this weighting scheme. The actual value of each of these variables is used for each
route.
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charged may not be uniform along the route, since the route itself generally com-
prises a series of fare zones. Like the other independent variables, the route fare is
defined as a population-weighted average of the fares and fares per mile associated
with individual census tracts. In this way, those fare zones which are more heavily
populated and which could be expected to provide more of the route’s ridership are
given greater weight in determining the “average’ fare or fare per mile for the route.
Weighting zone-defined variables according to (1) and (2) above leaves open the
possibility that variable values will imply that certain routes are similar when in
fact they are very different. For example, a derived route median income of $10,000
may be the result of a route swath through all $10,000 income census tracts or a
swath half through $5,000 income tracts and half through $15,000 income tracts.
If bus ridership is associated with low incomes the weighted mean route income
variable will not capture the income differences between the two routes. This
possibility has been allowed for by calculating route standard deviations for all the
variables derived by the weighting scheme of (1) and (2). The greater the standard
deviation, naturally, the more disparate are the census tract portions comprising
any route swath.
In sum, then, the model can be formally written as
R, =f(F,, AC,, H,, BS,, AS,, P, Y,,....,DS,....) (3)
where
R, is revenue per mile or revenue per hour along the route,
F, is the route’s average fare or fare per mile,
AC, is the cost of operating an automobile, including downtown parking,
H, is the route’s peak period headway,
BS, and A48, are the route’s bus and auto speeds, respectively,
P, is the estimated population within two blocks of the route,
7, is the route-averaged median family income,
$D, is the computed route standard deviation in income,
and the dots indicate that other socioeconomic variables and their standard devia-
tions could also be included.

Estimation

A variety of functional forms of this demand relationship can be estimated. In
particular, the specification and estimation should explore the possibility that the
elasticities of demand with respect to fare and service levels vary in regular ways with
changes in the levels of fares and service. In addition, multiplicative functional
forms may be more appropriate than additive ones, because comparisons between
the bus and auto modes are better made relatively than absolutely. Relative com-
parisons of modes are not likely to vary along the length of a route nearly as much
as absolute differences would.

In the typical market, price and quantity are simultaneously determined. For this
reason a demand relationship such as (3) above is usually estimated using a simul-
taneous equations technique such as two-stage least squares. Urban bus service,
however, is sold in no ordinary market. Bus companies are typically regulated by
state agencies which rule on all changes in fare or service. It is true that fares (and
service levels), over time, might be expected to rise in response to decreasing earnings
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(or in response to increasing peak load counts), and that state regulatory agencies do
grant changes in fare and service levels; but the regulatory lags involved are often
significant. Coping, then, with the interaction of fare and revenue (and of headway
and load counts) suggests the development of lagged response models. But such
models are generally recursive in nature and thus not subject to simultaneous
equations estimating problems. For this reason, the coefficient estimates of fare and
headway do not require two-stage least squares techniques.

Moreover, it should be noted that fare changes occur only in the final year of the
data used for New Haven and Stamford. Over most of the period for these cities,
and over all the period for Hartford, fares are constant. Variations in the fare and
fare per mile variables are essentially variations across routes, caused by differences
in route length and in the definition of fare zones.

DATA

The data for the estimation of this demand relationship are derived largely from
two sources: the private bus company which serves the three cities of Hartford,
New Haven, and Stamford; and the U.S. Census. As a routine part of its operations
over a number of years, the bus company kept records by route on its revenues per
bus-mile and its revenues per bus-hour. These revenue data for this study span the
period 1962 to 1973, although not all years were available for any of the three
metropolitan areas. Bus operating data such as peak period headways, bus speeds,
daily duration of service and the like were also available from the bus company.

Most of the socioeconomic data were derived from 1960 and 1970 U.S. Census
data for census tracts. The other data for the study were developed from a variety
of sources. The data on large employers were derived from local Chamber of Com-
merce publications. The price index used came from Bureau of Labor Statistics
sources. The cities themselves provided information on parking cost and auto speed,
and the state provided information on schools. The costs of operating an auto were
developed from U.S. Department of Transportation data.

ESTIMATION RESULTS

a. Initial Comments

The model as introduced above permitted the inclusion of a wide variety of socio-
economic variables. As it turned out, many of them were highly correlated with one
another. It made little sense to keep so many very similar variables, so the number of
socioeconomic variables entered into the estimations has been greatly reduced.
Only six—median family income, third quartile age of the population, percentage
of the population which is black, large scale employment along the route, school
enrolments, and shopping centres—have been included in the results displayed in
Tables la—1d. These variables were chosen because they were among those least
correlated with one another, and they also make sense from a theoretical standpoint.
Collinearity among even these six variables, and between these and other variables
of the model, has not been eliminated for each city of the sample, but it has been
considerably reduced. Multicollinearity unfortunately also occasioned the aband-
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ment of all the calculated standard deviations for the population-weighted socio-
economic variables; these standard deviations are all highly correlated with their
variables’ weighted means.

Several functional forms of the model have been estimated : notably linear, log-log,
and log-linear specifications. The linear and log-linear specifications were somewhat
less successful than the log-log form, so they are omitted from the results depicted
in Tables la-1d.

Tables 1a-1d, it should be noted, present the results only for the time series of
route cross-section data.12 The model has been estimated for each city separately
and for a pooling of the three cities.13 All observations with missing values for any
variable have been omitted. Because bus speed is affected by the number of people
climbing aboard a bus, bus speed and revenue are likely to be jointly determined.
To cope with this problem, two-stage least squares estimation was employed, with
route length serving to identify bus speed.

b. Discussion of the regression results of Table I

Tables 1a—-1d display the regression results for all three cities of the sample and for
the pooling of the cities. Four different regressions were run for each city sample and
for the pooled sample. In general, the estimates, their significance levels, the R2s, and
the F-statistics are encouraging.

It was expected that the population, employment, percentage black, third quartile
of age, bus speed, shopping centres, auto costs, and high schools variables should all
be positively related to revenue per mile and revenue per hour. Increases in any of
these variables should have brought about increases in the revenue measures. On the
other hand, it was expected that increases in route median family income, the
summertime dummy, and auto speeds would lead to decreases in bus revenues.
Previous work on bus fares and headways suggests that the coefficient signs for both
these variables should be positive: that is, increases in fares or headways should
increase revenues, since demand, according to these studies, is price and service
inelastic.

The degree to which the actual coefficient signs conform with the a priori expecta-
tions is shown in Chart 1. The chart indicates the frequency with which the expected
signs are realised. In general, the estimations sustain the @ priori expectations. Of the
inconsistencies, apart from headway and fare, auto cost per mile and income were the
only variables to give chronically contrary results for more than a single city. The
unexpected positive sign for the income variable may be an indication of the down-
town worktrip orientation of higher income families. The positive sign for the auto-
cost-per-mile variables cannot be readily explained.

12An analysis of covariance was performed to determine the suitability of pooling different years
of data for the same city. The results confirmed that the Stamford and New Haven data could be
readily pooled, but that the Hartford data could be pooled only with respect to the intercepts and not
with respect to the slopes.

13Roughly equal numbers of observations from each city are included. Analysis of covariance does
not justify the pooling of these cities, but the pooling was done anyway in an effort to bring more data
to bear in the regressions and thereby reduce the influence of multicollinearity.
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TABLE 1A

Demand Estimations—Hartford
Time Series of Cross Sections in Log—Log Functional Form

Regression
() @) ® *)
Dependent variable used Revenue[mile  Revenue/mile  Revenue/hour  Revenue[hour
Independent Variables
Constant —23-374 —16-250 —15-622 —16-799
Headway (minutes) —0-229 —-0-105 —0-294 —0-116
(—6-48) (—2-46) (—8-57) (—2-72)
Fare (dollars) —1-996 —2-453
(—6-60) (—8-36)
Fare/mile (dollars/mile) 0-106 0-198
(1-25) (2-34)
Car cost (dollars/trip) —0-242 0-271
(—1-66) (1-92)
Car cost per mile (dollars/mile) 1-894 2-220
(7-05) (8-31)
Car speed (miles/hour) 0-243 —0-181 0-250 —0-096
(2-90) (—3-29) (3-09) (—1-76)
Estimated bus speed (miles/hour) 1-473 —0-686 0-894 —0-160
(3-10) (—3-81) (1-94) (—0-89)
Population (per 10,000 people) 1-106 1-047 0-784 1-244
' (5-38) (6-68) (3-93) (7-99)
Employment (per 10,000 people) 0-176 —0-196 0-057 —0-289
(3-58) (—6-77) (1-20) (—10-01)
School (number of students) —0-015 0-020 —0-038 0-023
(—1-64) (2-41) (—4-36) (2-86)
Median family income 0-503 0-429 1-140 0-695
(8-57) (3-95) (8-34) (6-43)
Age, third quartile (years) 0-675 2:741 —1-034 2-327
(1-26) (7-12) (—1-99) (6-08)
Proportion black 0-223 0-319 0-094 0-315
(6:17) (14-27) (2-68) (14-21)
Summer (0-1 dummy) —0-053 —0-047 —0-050 —0-042
(—2-17) (—1-96) (—2-11) (—1-76)
Shopping centres along route —0-102 —0-293 —0-090 —0-285
(—2-80) (—10-25) (—2-54) (—10-05)
R2 0-725 0-732 0-614 0-606
F 81-44 8465 49-19 47-61
Observations 416 416 416 416

Note: ¢ statistics are shown in parentheses.
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TABLE 1B

Demand Estimations—New Haven
Time Series of Cross Sections in Log—Log Functional Form

Regression
(1 @) ©) (4)
Dependent variable used Revenue|mile  Revenue/mile  Revenue[hour  Revenue[hour
Independent Variables
Constant —1-980 —8-786 —4-552 —8-626
Headway (minutes) —0-386 —0-276 —0-339 —0-260
(—4-36) (—6-39) (—3-70) (—7-16)
Fare (dollars) —1-195 —0-970
(—1-81) (—1-42)
Fare/mile (dollars-mile) —0-633 —1-026
(—1-84) (—3-55)
Car cost (dollars-trip) —0-217 —0-156
(—2-05) (—1-43)
Car cost per mile (dollars/mile) —3-173 —4-725
(—3-50) (—6-22)
Car speed (miles/hour) —0-185 0-326 —0-138 0-420
(—1-14) (2-30) (—0-82) (3-52)
Estimated bus speed (miles/hour) 0-454 —0-798 0-818 —0-338
(1-07) (—3-45) (1-87) (—1-74)
Population (per 10,000 people) —0-164 0-962 —0-011 0-975
(—0-31) (2-94) (—0-02) (3-55)
Employment (per 10,000 people) —0-077 0-229 —0-131 0-164
(—0-62) (3-33) (—1-02) (2-84)
School (number of students) 0-004 —0-058 —0-008 —0-077
(0-19) (—2-73) (—0-43) (—4-35)
Median family income (dollars) 0-455 —0-065 0-579 —0-496
(2-28) (—0-27) (2-81) (—2-42)
Age, third quartile (years) —0-581 —1-585 —0-179 —1-629
(—1-48) (—4-67) (—0-44) (—5-72)
Proportion black 0-109 —0-209 0-160 —0-216
(1-63) (—2-23) (2-32) (—2-75)
Summer (0-1 dummy) —0-087 —0-092 —0-079 —0-088
(—4-30) (—5-08) (—3-79) (—5-83)
Shopping centres along route 0-072 —0-059 0-051 —0-086
(1-69) (—1-48) (1-16) (—2-57)
R2 0-931 0-944 0-821 0-905
F 90-20 113-72 30-59 63-72
Observations 101 101 101 101

Note : t statistics are shown in parentheses.
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TaBLE lc

Demand Estimations—Stamford
Time Series of Cross Sections in Log—Log Functional Form

Regression
(1) @) 3) (%)
Dependent variable used Revenue[mile  Revenue/mile  Revenue/hour — Revenue|hour
Independent Variables
Constant 6-462 1-694 11-638 3-044
Headway (minutes) 0-082 0-132 0-197 0-285
(1-75) (2-77) (3-87) (5-31)
Fare (dollars) —0-818 —1-055
(—7-03) (—8-32)
Fare/mile (dollars/mile) —0-039 —0-175
(—0-28) (—1-09)
Car cost (dollars/trip) 0-208 0-354
(3-52) (5-48)
Car cost per mile (dollars/mile) —1-068) —1-159
(—3-55) (—3-43)
Car speed (miles/hour) 0-083 0-197 0-144 0-355
(1-21) (2-31) (1-92) (3-69)
Estimated bus speed (miles/hour) —1-488 —1-187 —1-201 —0-681
(—9-28) (—967) (—6-88) (—4-94)
Population (per 10,000 people) —1-575 —1-852 —1-671 —2-252
(—8-15) (—8:37) (—7-94) (—9-06)
Employment (per 10,000 people) 0-184 0-307 0-134 0-339
(4-38) (12-47) (2-93) (12-27)
School (number of students) 0-018 0-013 0-022 0-013
(6-27) (4-86) (6-97) (4-53)
Median family income (dollars) 0-465 —0-104 0-810 0-128
(4-42) (—0-98) (7-06) (1-07)
Age, third quartile (years) 1-:205 3-465 —0-486 3-293
(1-67) (5-41) (—0-62) (4-58)
Proportion black —0-008 0-016 0-016 0-148
(—0-19) (0-18) (0-33) (1-49)
Summer (0-1 dummy) —0-061 —0-058 —0-048 —0-045
(—2-82) (—2-59) (—2-05) (—1-79)
Shopping centres along route 0-041 0-030 0-053 0-032
(1-25) (0-91) (1-51) (0-85)
R2 0-863 0-851 0-784 0-750
F 81-24 73-30 46-74 38-36
Observations 181 181 181 181

Note: t statistics are shown in parentheses.
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TasBLE 1D

Demand Estimations—All Cities Pooled
Time Series of Cross Sections in Log—Log Functional Form

Regression
O @ (3) 4)
Dependent variable used Revenue/mile  Revenue[mile  Revenuelhour  Revenue[hour
Independent Variables
Constant —0-474 0595 —0-250 —0-573
Headway (minutes) —0-144 —0-085 —0-166 —0-075
(—3-93) (—2-25) (—4-36) (—=1-77)
Fare (dollars) —0-790 —0-991
(—6-61) (—=7-99)
Fare/mile (dollars/mile) —0-120 —0-154
(—2-31) (—2-66)
Car cost (dollars/trip) 0-242 0-452
(5-29) (9-51)
Car cost per mile (dollars/mile) —0-588 —0-753
(—2-61) (—2-99)
Car speed (miles/hour) —0-178 —0-110 —0-219 —0-076
(—4-30) (—2-64) (—5-10) (—1-63)
Estimated bus speed (miles/hour) —0-887 —0-614 —0-459 0-171
(=7-27) (—7-08) (—3-62) (1-76)
Population (per 10,000 people) 0-169 —0-026 0-243 —0-048
(1-89) (—0-28) (2-62) (—0-46)
Employment (per 10,000 people) —0-004 0-041 —0-056 0-038
(—0-22) (2-37) (—2-91) (1-95)
School (number of students) 0-013 0-009 0-011 0-006
(4-80) (3-14) (3-98) (1-72)
Median family income (dollars) 0-410 —0-020 0-669 0-067
(4-79) (—0-29) (7-53) (0-85)
Age, third quatile (years) —0-711 0-150 —1-132 —0-011
(—2-58) (0-52) (—3-95) (—0-04)
Proportion black 0-072 0-109 0-042 0-101
(5-73) (5-23) (3-24) (4-36)
Summer (0-1 dummy) —0-052 —0-045 —0-038 —0-027
(—1-97) (—1-60) (—1-39) (—0-86)
Shopping centres along route 0-006 0-005 —0-016 —0-000
(0-32) (0-27) (—0-84) (—0-02)
R2 0-642 0-595 0-428 0256
F 54-49 44-68 2277 10-44
Observations 409 409 409 409

Note: t statistics are shown in parentheses.
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CHART 1
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I

II.

III.

Iv.

Coefficient signs completely consistent with expectations

Hoartford
Car cost/mile
Population
Percentage black
Summer
Fare per mile

New Haven
Summer

Stamford

Car cost
Employment
School
Summer
Shopping
Headway

Cogfficient signs mostly consistent with expectations (3 out of 4)

Hartford
Age

New Haven

Stamford

Percentage black

Age

Coefficient signs half consistent, half inconcistent with expectations

Hartford

Car cost
Car speed
Employment
School

Bus speed

Coefficient signs mostly inconsistent with expectations

Hartford

Coefficient signs completely inconsistent with expectations

Hartford

Income
Shopping
Headway
Fare

New Haven Stamford
Population
Car speed
Employment
Income
Percentage black
Shopping
Bus speed

New Haven Stamford
School Income

New Haven Stamford
Car cost Car cost/mile
Car cost/mile Car speed
Age Population
Headway Bus speed
Fare Fare

Fare per mile

Fare per mile

All cities pooled

Car cost

Car speed
School
Percentage black
Summer

All cities pooled

All cities pooled

Population
Employment
Shopping

All cities pooled
Income
Age
Bus speed

All cities pooled

Car cost/mile
Headway
Fare

Fare per mile
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The perverse coefficient sign for the shopping centre variable in Hartford may
be due to the particularly decentralised layout of shopping centres in the Hartford
area. As for the other coefficient signs which are inconsistent with expectations—age
in New Haven and population in Stamford—it may simply be that intuition for those
cities fails. One could argue that, since younger people make more total trips than
older people, bus revenues ought to decrease with age, even though higher percent-
ages of older people use transit. The negative sign on the population term in Stamford
is more baffling.

Most of the estimated coefficients attain statistical significance, at least at the
5 per cent level, most of the time. Considering then the consistency of sign and the
levels of significance for most of the variable coefficients and the fit of the estimating
equations, the posited demand model offers some promise for dealing with revenues
and riderships along urban bus routes.

c. The sensitivities of revenue and ridership to fares and headways

As discussed earlier in this paper, Kraft—-Domencich [9] and Nelson [17] have
estimated fare elasticities of demand at between —0-1 and —0-8, and service (time
in one study, bus-miles in the other) elasticities of demand at between —0-4 and
—1-0. The warning was then given that these elasticities are not comparable,
because the two studies use different measures of demands—zone-to-zone movements
in one and system-wide ridership in the other. These elasticities, especially the fare
elasticities, nevertheless stake out the boundaries of what several other studies have
found. In general, then, previous work points to inelastic demand both with respect
to fare and with respect to service.

It should be emphasised that this study differs from those of Kraft-Domencich
and Nelson in both the model and the data base employed. The unit of observation
is the route; and revenue, rather than ridership, is the dependent variable. In addi-
tion, bus headways are explicitly treated here, and the relevant fare measure is given
either as an estimate of the fare the average rider pays or as an estimate of the fare
per mile the average rider pays. Furthermore, time series data are available, and
with these it is possible to make elasticity estimates which are not simply cross-
sectional.

The estimates in Tables la—1d reveal that the fare elasticity of demand does
appear to be elastic. In general, the results indicate that increases in the fare or fare
per miles along a route lead to reductions in revenues per mile or revenues per hour.
The fare coefficients of these log-log models are related to the fare elasticity by
dlog R/ olog f = (1 +E), where R is revenue per mile or revenue per hour, fis fare
or fare per mile, and E is the appropriate fare elasticity of demand. This relationship
has been used to derive the fare elasticities given in Table 2.

These fare elasticity estimates are very much larger in absolute value than those
of any of the previous studies. The reasons for this disparity are not obvious. Several
pertinent observations can be made, however, based on further regression work:

(i) The full sample for each city was separated into two subsamples according
to whether fares or fares per mile were high or low. This was done in an
effort to identify any changes in the fare elasticity which result from
changes in the level of the fare itself. The results were largely inconclusive.
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TABLE 2

Fare Elasticity Estimates for Sample Cities, Derived from
Regressions in Table 1

Fare Measure Hartford New Haven Stamford

Average fare —3-00, —3-45 -2-20, —1-97 —1-82, —2-06
Average fare per mile —0-89, —0-80 —1-63, —2-03 —1-04, —1-18

However, demand elasticities with respect to fare per mile become
somewhat more elastic with an increase in fare per mile itself. ‘
(if) The sample was also broken down into primarily central-city-contained
routes and routes which served more suburban locations. Here, no
significant differences in the estimated fare elasticities were detected.

(iii) When individual year cross-sections are run, rather than the time series
of cross-sections of Table 1, the resulting elasticity estimates, although
sometimes very different, are not systematically different from the results
of the time series of cross sections estimation.

The fare elasticities of Table 2 should be interpreted carefully. Fares in this study
differ largely because of cross-sectional differences in route lengths and fare zone
definitions. Only in New Haven and Stamford does the fare itself change, and then
only in the last year of the sample. The regression results and observation (i) above
suggest that the longer routes, those with the higher fares, do not generate over time
the ridership per mile that the shorter, lower-fare routes do. This result may be the
consequence of fare alone, but it may also be influenced by other factors not captured
elsewhere in the model and entering only through the fare variable.

Headway elasticities of demand can also be derived from the results in Tables
la—1d. As stated, headway is the time interval between successive buses along a
route. Elasticity estimates of demand can be found in Table 3.14 :

As Table 3 makes clear, alterations in the headway along any route could not be
expected to affect ridership to any important extent. The elasticities do not differ
from —1 by very much. These results could be interpreted to mean that the existing
headways are close to optimal. The service in Hartford and New Haven could be
more frequent and Stamford’s could be less frequent, but large alterations in head-
way need not be made. These elasticities estimates are somewhat more elastic than
other “service” elasticities calculated in other studies, although direct comparisons
of the estimates are inappropriate, since “service” is defined in different ways in
these studies.

14These estimates make use of the following relationship between revenue per bus-mile or. per
bus-hour (R/b) and headway (k), also found in footnote 10:
o(R[B) h 2g h 8 h
oh "Rb 0h q ohb
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TABLE 3

Headway Elasticity of Demand Estimates for Sample Cities,
Derived from Regressions in Table 1

Hartford New Haven Stamford
Headway —1:11 to —1-29 —1-26 to —1-39 —0:92 to —0-71

As was done for fares, the sample in each city was separated into low headway
and high headway subsamples. The results were inconclusive. However, when the
sample is divided into largely city-contained and suburb-serving routes it was found
that the suburban route subsample is more likely to yield inelastic values of the
headway elasticities than the more city-contained route subsample.

SUMMARY AND CONCLUSIONS

This paper reports on a bus transit demand model developed exclusively for
individual bus routes within a city. This orientation permits direct analysis of the
profits for particular routes, an important matter for the future operations of bus
companies. The approach is not without disadvantages. Aggregation of data into
routes plays a special role for the model and could influence the estimates in unfore-
seen ways. In addition, the model is not well suited to calculating revenue estimates
where there are many transfers or where special point-to-point express service is
offered. Moreover, if data were pooled over many years, it would be well for this
model to include a variable or two to describe changes in trip patterns over time.
Employment along the route as a fraction of total area employment would be one
candidate.

These limitations of the model aside, the results reported for Hartford, New
Haven, and Stamford are quite satisfactory. The fits are good and many of the
model’s variable coefficients carry the anticipated sign and are significantly different
from zero. The results suggest that models of this type can be used successfully to
isolate potentially profitable routes within a metropolitan area and to forecast
likely changes in ridership from changes in route or neighbourhood characteristics.
The need for a model like this is especially pronounced in smaller cities which suffer
greatly from data limitations.

Estimates have been made of the sensitivity of route ridership to fares and head-
ways, factors which can be altered by a bus company. The fare elasticity of demand,
as estimated, lies in the elastic range, a result which differs sharply from other
studies touching on the subject. Headway is another variable which consistently
achieves statistical significance. Its estimated elasticity of demand lies very close
to —1. Other things being equal, fare appears to be a stronger influence on demand
than headways, given the prevailing levels of each. These results would thus support
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the lowering of fares on the longer routes (say by adopting a single fare zone for an
area) while keeping headways relatively high there. This suggestion, radical in
terms of past studies, should however be carefully scrutinised and re-evaluated with
successive batteries of data.
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