THE CAUSAL INFLUENCES OF INCOME
AND CAR OWNERSHIP ON
TRIP GENERATION BY MODE

By Thomas F. Golob*

OBJECTIVES AND SCOPE

This research is aimed at modelling the causal relationships at the household level
among income, car ownership, and trip generation by mode. An objective is to
assess the strengths of the competing influences on mobility of income and car
ownership. Specifically, what is the nature of the relationship between income
and mobility, if we control for differences in car ownership among households?
Second, what is the structure of competition and complementarity among modes
of transport after controlling for the causal influences of both income and car
ownership? Finally, can temporal changes in those causal relationships be
detected over a period of three years?

Our approach is to analyse the causal relationships by specifying and testing
simultaneous equation systems in which each equation represents the direct effect
of one variable upon another. The method is referred to as structural equations
(or structural relationships) modelling. It is a specific type of simultaneous
equations modelling in which each equation links two variables: the dependent
(affected) variable and a single explanatory (causal) variable.

Causal relationships are defined as stationary if they do not vary over time —
in this case, three years. It has been shown that there are significant time lags in
responses of trip generation to causal stimuli over this time frame (Goodwin,
1987; Kitamura and van der Hoorn, 1987). However, a non-contemporaneous
process can be stationary, and a cross-sectional model can provide acceptable
predictions if certain equilibrium conditions are met (Kitamura, 1986). In
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dynamic models estimated on panel data, it has been found that synchronous and
cross-lagged error terms are not significant when lagged responses are specified
(Golob and Meurs, 1987, 1988: Kitamura, 1987). The question remains whether
or not the lagged responses are stationary.

The models are applied to a panel data set, and the availability of repeated
measurements on the same housholds helps us to test the temporal stability of
the cross-sectional relationships. Household observations are for 1984 through
1986 from a nationwide panel survey in the Netherlands. Income is measured
in terms of four categories, and trip generation is defined in terms of vehicular
trips broken down into three vehicular modes: car, public transport (including
bus, tram, subway and train), and bicycle (an important mode in the Netherlands).

DATA

The sample for the ongoing Dutch National Mobility Panel consists of approx-
imately 1,800 households stratified by life cycle, income class, and community
type. The households are clustered in twenty communities spread throughout
the Netherlands, and surveys are conducted approximately every six months.
The survey is described in detail in J. M. Golob et al. (1986).

The present study uses data from waves one, three and five of the Panel,
collected in March in 1984, 1985 and 1986. Each wave involved a one-week
travel diary for all household members over eleven years of age (called “diary
keepers”). Our sample comprises the 647 households for which there were com-
pleted diaries for the same members in all three panel waves.

The analysis was at the household level because of the indivisibility of house-
hold car ownership and shared use of a car. Also, there is high correlation of use
of public transport within households because of the popularity of Dutch family
season tickets. All trip generation rates are in terms of trips per diary keeper, to
account for differences in household size. .

The Panel sample has been weighted to bring it into conformity with the
population of the Netherlands and to minimise bias from panel attrition and
respondent fatigue. A multi-stage weighting scheme developed by Meurs and
van Wissen (1987) is used in the present analysis: trips are weighted within each
wave by diary sequence day and mode to account for fatigue bias over days
(Golob and Meurs, 1986), and personal characteristics are weighted to account
for the original non-random sampling and for panel attrition (Kitamura and Bovy,
1987).

The specific variables used are listed with their means and standard deviations
in Table 1. Because a higher level of bias from respondent fatigue was observed
in the reporting of walking trips (Golob and Meurs, 1986), non-vehicular trips
are excluded from the present analysis. The four-category income variable is
broken into three dummy variables (for categories one, three, and four) in order
to capture possible non-linear income effects. It would also be useful to break
the car ownership variable into dummy variables to account for non-linear effects,
but the data did not provide enough detail, as only about 10 per cent of the 647
households owned more than one car in 1984.
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TABLE 1

The Variables

Variable Mean Standard
Deviation

Wave 1 (1984)

Household income under $17,000 Hf1/year 0.13 0.38
Household income 24,000 —38,000 Hf1/year 0.37 0.48
Household income over 38,000 Hf1/year 0.27 0.44
Number of cars 0.87 0.54
Car trips per week per diary keeper 12.42 8.43
Public transport trips per week per diary keeper 1.37 2.87
Bicycle and moped trips per week per diary keeper 8.57 8.02

Wave 3 (1985)

Household income under $17,000 Hf1/year 0.10 0.30
Household income 24,000—38,000 Hf1/year 0.41 0.49
Household income over 38,000 Hf1/year 0.27 0.44
Number of cars 0.90 0.56
Car trips per week per diary keeper 11.43 7.99
Public transport trips per week per diary keeper 1.24 2.61
Bicycle and moped trips per week per diary keeper 7.64 7.53

Wave 5 (1986)

Household income under $17,000 Hf1/year 0.09 0.28
Household income 24,000—38,000 Hf1/year 0.41 0.49
Household income over 38,000 Hf1/year 0.31 0.46
Number of cars 0.89 0.55
Car trips per week per diary keeper 11.29 7.91
Public transport trips per week per diary keeper 1.17 2.52
Bicycle and moped trips per week per diary keeper 6.95 7.04
METHODOLOGY

Structural equations modelling is a type of covariance analysis, in which path
analysis (Duncan, 1975; Heise, 1975) is included as a special case. Overviews of
covariance analysis methods can be found in Bielby and Hauser (1977), Heise
(1975), and Kenny (1979). In structural equations modelling (Goldberger and
Duncan, 1973; Duncan, 1975; Joreskog, 1977), each equation in the simul-
taneous system represents a unidirectional relationship of cause and effect
between two variables; that is, each equation represents the direct effect of
one variable upon another. This is a special case of simultaneous equations in
which each equation has a single explanatory variable. In general, any variable
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in the model system that is an explanatory variable in one or more equations
can also be a dependent variable in other equations. If there is no equation in the
system in which a specific variable is dependent, then that variable is exogenous
in the system; otherwise it is endogenous.

Structural equations models of travel behaviour have been developed by den
Boon (1980), Golob and Zondag (1983), and Golob and Meurs (1986). Den
Boon (1980) pioneered a cross-sectional structural equations model of car usage.
Golob and Zondag (1983) developed a cross-sectional structural equations model
of mobility with latent variables both for the sets of exogenous variables (for
example, a latent variable representing “socioeconomic status™) and for those of
endogenous variables (for example, latent variables “car mobility” and “dis-
cretionary activities”). Structural equations with latent variables (developed by
Joreskog, 1970, 1973; Wold, 1973, 1975) provide an extremely powerful and
general approach combining psychometric and econometric methods (Fornell,
1982); but the model specified in Golob and Zondag (1983) did not fit the data
particularly well.

Golob and Meurs (1986) applied a dynamic structural equations model of the
interrelationships of demands for five modes, using data from the Dutch National
Mobility Panel. The model captured three types of relationships: temporal
stability or inertia, contemporaneous complementarity and competition, and
potential substitution or shifts in demand over time. However, the model did not
attempt to explain levels of demand in terms of causal variables such as income
and car ownership.

Causality and its temporal stability can also be investigated by other methods,
and Kitamura (1987) provides an alternative approach using a discrete choice
specification with a single dependent variable.

ASSESSING MODEL GOODNESS-OF-FIT

The parameters of an identified structural equation system can be estimated
by the use of either generalised least squares (Browne, 1974) or maximum likeli-
hood (Joreskog, 1970; Anderson, 1973). The objective function for least squares is

F, =% trace [(S— ) W]? Q9]

where S(k x k) is the sample variance-covariance matrix, 2 (k x k) is the variance-
covariance matrix reproduced by the model, and W (k x k) is a weight matrix
(which is the identity matrix for unweighted least squares). The objective
function for maximum likelihood is

F, =log |Z| + trace (ST~ 1) — log IS| — ¢ )

Both objective functions approach zero as.S and ¥ become identical (Bentler and
Bonett, 1980). Lee (1977) showed that F, and F, become equivalent as the
residuals in the matrix (S — Z) approach zero and the weight matrix W in
equation (1) estimates X!,

The method of maximum likelihood estimation was used in the present
research, as implemented in the LISREL VI program (Joreskog and Sorbum,
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1984) introduced by Joreskog (1973). Two-stage least-squares estimates were
used as initial estimates, and in practice the least-squares and maximum likelihood
estimates were only slightly different. The maximum likelihood estimates have
been shown to be robust under deviations from the underlying assumption of
multinormal distributions (Boomsma, 1982).

For assessing model goodness of fit, it can be shown (Bentler and Bonett,
1980) that the statistic

v=nF;, 3)

where n is the sample size and F; represents F; (equation (1)) or F, (equation
(2)), is asymptotically chi-square distributed, with degrees of freedom given by

d=k(k+1)2—1 4)
This statistic, which is used in comparing nested models, has been shown to be
biased under deviations from normality (Boomsma, 1982).

An adjusted goodness of fit index has also been proposed (Joreskog and
Sorbum, 1984):

AGFI =1 — [k(k + 1)/2d]1 () — GFI) (5)
where
GFI =1 — trace (2718 — D?/trace (£7'S5)?

and k, d, Z and S are defined as before. The AGFI is independent of sample size
and is robust against deviations from normality, but its distributional properties
are unknown. It is useful in comparing non-nested models.

Finally, the root mean square residual is defined by

k i 1
RMSR=1[2 T 3 (S; — 03)*[k(k + 1)]* (6)
i=1 j=1
where S;; and o;; are the individual elements of matrices S and X. This index is
also useful in comparing non-nested models.

A BASE MODEL ESTIMATED ON POOLED DATA

The first step in determining the causal relationships among the income, car
ownership, and modal trip rates was to estimate a model of structural relation-
ships for the variance-covariance matrix computed on the pooled data of the three
cross sections (1984, 1985 and 1986). This establishes a base comparison for
testing the stability of the causal relationships.

The model was postulated to have ten error-term parameters: variances for
each of the seven variables and three error-term covariances for the income-
class dummy variables. These ten parameters take the income interrelationships
out of consideration in the structural equations. As there are 28 free entries in
the variance-covariance matrix of the seven variables, the estimation of ten error
parameters leaves a maximum number of 17 possible structural parameters, with
at least one degree of freedom reserved for evaluation of goodness of fit. The
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following hypotheses guided specification of the model:

Car ownership will be an increasing function of income level, and is
exogenous to all trip rate variables. (Three links are proposed to car owner-
ship: a negative one from the income class 1 dummy variable, and positive
ones from the income class 3 and 4 dummy variables).

Car ownership has an effect on all modal trip rates: a strong positive
effect on car trips, and negative effects on public transport and bicycle
trips. (Three links proposed.)

Incomes affect public transport and bicycle trip rates directly, as well
as through car ownership; however, the influence of income on car trips
is channeled only through car ownership. (Six links: two from each income
dummy to public transport and bicycle.)

Finally, a hierarchy with feedback exists among modal trip rates, with car
demand being a dominant substitute for public transport, which in turn is
a substitute for bicycle demand, which is in turn a (weaker) substitute for
car demand (Golob and Meurs, 1987). (Three links: one from car trips to
public transport trips, one from public transport trips to bicycle trips, and
a feedback link from bicycle trips to car trips.)

This specifies a system of fifteen simultaneous equations, which can be shown
to be identified (Goldberger, 1964). In estimating the system, we found that the
coefficient of one link (that from the income class 3 dummy to public transport
trips) was insignificantly different from zero at the p = 0.05 confidence level
(based on one-tailed tests). In addition, one new link was effective in improving
the explanatory power of the model; this link was from public transport trips
to car trips. The final model structure is depicted in the path diagram of Figure 1.
The likelihood chi-square statistic of equations (2) and (3) is 1.54 with 3 degrees
of freedom (p = 0.67); this indicates that the model cannot be rejected. The
adjusted goodness-of-fit index in equation (6) is 0.998, indicating an excellent
replication of the variance-covariance matrix. The coefficients of the structural
equations are listed together with their z-statistics in Table 2. This model can be
readily interpreted in terms of causes and effects:

Car ownership, which is a function of income, has relatively strong direct
effects on trip making by all three modes.

In addition to the influence each income class has on bicycle travel
through the intermediate car ownership variable, each income class is idio-
syncratic in its level of bicycle trips. Bicycle travel appears to have a very
special place in Dutch travel demand.

There are direct causal linkages from the highest and lowest income classes
to trip-making by public transport. For a given level of car ownership, public
transport travel is a superior economic commodity (with a negative link from
the income class 1 dummy and a positive link from the class 4 dummy).

For given levels of income and car ownership, public transport trips are a
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TABLE 2

Coefficients of the Base Model Estimated on the Pooled Data

Linkage
From To Coefficient t-Statistic Standardised
coefficient
Income class 1 Number of cars -0.34 -8.10 -0.19
Income class 1 Public transport trips -0.74 -3.51 -0.09
Income class 1 Bicycle trips 3.84 6.20 0.16
Income class 3 Number of cars 0.18 5.95 0.16
Income class 3 Bicycle trips 2.27 5.18 0.15
Income class 4 Number of cars 0.42 12.97 0.34
Income class 4 Public transport trips 0.86 6.01 0.14
Income class 4 Bicycle trips 1.89 3.79 0.11
Number of cars Public transport trips —-0.71 -1.73 —-0.15
Number of cars Car trips 8.11 13.40 0.55
Number of cars Bicycle trips —4.87 —-11.69 —-0.36
Public transport trips Car trips 0.73 1.96 0.24
Public transport trips Bicycle trips -0.79 -5.90 —-0.27
Car trips Public transport trips —-0.16 -3.13 —0.50
Bicycle trips Car trips —-0.29 -7.23 -0.27

decreasing function of car trips, but car trips are an increasing function of
public transport trips. That is, use, as well as ownership, of cars implies less
use of public transport; but, for a specific number of cars, more use of public
transport implies more use of cars.

Use of public transport implies less use of bicycle, all else being equal.

Finally, use of bicycle implies less use of car, all else being equal.

The relative strengths of the linkages in the model are indicated by the co-
efficients of the scale-free standardised solution, and these are listed in the last
column of Table 2. The strongest link, as expected, is from number of cars to car
trips (a standardised coefficient of 0.55). However, the negative link from car
trips to public transport trips is also relatively strong; this indicates that car travel
is a dominant substitute for public transport. The next strongest links are from
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TABLE 3
Total Effects for the Base Model Estimated on the Pooled Data

Affected Variable

Affecting Variable Number Public Car Bicycle
of cars Transport Trips Trips
Trips
Income class 1 —0.34 0.18 —4.18 5.37
Income class 3 0.18 —0.26 0.82 1.60
Income class 4 0.42 —0.01 3.46 —-0.16
Number of cars 0.00 —1.96 7.64 -3.33
Public transport trips 0.00 —0.13 0.82 —0.68
Car trips 0.00 -0.14 -0.13 0.11
Bicycle trips 0.00 0.04 -0.25 -0.03

car ownership to bicycle trips (—0.36) and from income class 4 to number of cars
(0.34). Finally, there are strong links from public transport trips to bicycle trips
(—0.27), from bicycle trips to car trips (—0.27), and from public transport trips
to car trips (0.24). Two of these three links indicate substitution between modes;
the last link indicates complementarity in mobility levels.

The total effects of every variable on each endogenous variable are represented
by the coefficients of the reduced-form equations for the system of simultaneous
equations. The total effects for the model of Figure 1 and Table 2 are listed in
Table 3. Number of cars and car trips are both increasing functions of income,
while bicycle trips are a decreasing function of income. However, public transport
trips are non-monotonically related to income: the middle income class shows a
strong negative effect on public transport trips; the lowest income class has a
strong positive effect; and the highest is at an intermediate level.

Kitamura (1987) found that there was no significant influence of car owner-
ship on total household weekly generation of trips. Present results (Table 3)
show substantial effects of car ownership on trip generation if we compare the
effects on the three modes. The strong positive effect on car trips is partially
balanced by negative effects on both public transport trips and bicycle trips; it
can be speculated that there would also be a negative effect on walking trips.
Thus, the influence of car ownership on trip generation is masked if we use an
aggregate measure of total trips by all modes.

The reciprocal links between car trips and public transport trips, and the
reciprocal links between car trips and bicycle trips (one link of which is through
public transport trips as a mediating variable), make it possible for each of the
three travel mode variables to influence itself in a “feedback’ of causality.
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MODELS ESTIMATED AT EACH POINT IN TIME

Tests on the same model for all years

The exact model estimated on the pooled data can be tested as an effective
representation of the cross-sectional relationships at each of the three points in
time (1984, 1985, and 1986) for which observations are available on the same
647 households. Tests are conducted by fitting the model error terms at each
cross section while constraining the structural parameters to be identical to those
listed in Table 2. These models are called “fully-constrained” models because all
structural parameters have fixed values. The ten error term variances and co-
variances are the only free parameters in the fully-constrained models, so there are
18 degrees of freedom in estimating the goodness of fit for each year.

The results of the tests of the base model are shown in Table 4. According to
the results of the chi-square likelihood ratio tests of equations (2) and (3), the
base model calibrated on the pooled cross-sectional data cannot be rejected as
an effective description of the causal structure at each of the three points in
time. However, it is known that the chi-square test is sensitive to model mis-
specification, violations of basic assumptions of multivariate normality, and other
practical data problems (Bentler and Bonett, 1980). Consequently, further tests
are needed before secure conclusions can be drawn regarding the stability of the
causal relationships involving income, car ownership and trip generation.

Partially-constrained models at each year

The non-rejection of the base model at each year indicates that there is some
temporal stability in the causal relationships over the three years. However,
another index of the degree of stability is provided by the Root Mean Square
(RMS) Residual measure of the goodness of fit of equation (6). As the magnitudes
of the variances and covariances between the seven variables do change sub-
stantially over time, the RMS Residual provides a measure of the relative
explanatory power of the model at each point in time and as applied to the
pooled data. According the the RMS Residual, the fit of the base model for 1985
is different from that for 1984 or for 1986, and all three years are substantially
different from the fit to the pooled data (RMS Residual = 0.018).

The base model can be relaxed by releasing one or more fixed structural
parameters at each point in time. This leads to hierarchical (or nested) models in
which the model with one or more relaxed parameters (called the ‘‘partially-
constrained” model) is a special case of the generic fully-constrained model. If
the partially-constrained model results in a significant improvement over the
fully-constrained model, this indicates that the causal structure involving income,
car ownership, and trip generation by mode is not stationary. This can be tested
by a chi-square difference test involving the maximum likelihood statistics
(Bentler and Bonett, 1980). The degree of freedom in each chi-square difference
test is equal to the number of parameters freed in the partially-constrained model.
The specific of parameters chosen are those that minimise the maximum likeli-
hood statistic. 4
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TABLE 4

Tests on the Base Model at Each Cross Section

Year Chi-Square Degrees Critical Adjusted Root Mean Square
of (0.05) Goodness-of-Fit (RMS)
Freedom Value Index Residual
1984 13.76 18 28.87 0.991 0.617
1985 13.64 18 28.87 0.991 0.363
1986 19.06 18 28.87 0.987 0.668
TABLE 5
Results of Hierarchical Tests of Improvements to the Model
when Model Parameters are Freed from Restraint
Freed Parameters Decrease Critical
in (0.05)
Year  No. Linkage Chi-Square Chi-Square
1984 4 Income class 4 —> Number of cars 10.33 9.49
Income class 4 —>  Bicycle trips
Number of cars —> Bicycle trips
Public transport trips = Car trips
1985 3 Income class 4 —>  Number of cars 8.06 7.82
Income class 1 =  Number of cars
Income class 3 Bicycle trips
1986 5 Income class 4 —>  Number of cars 16.03 11.07
Income class 1 —> Number of cars
Income class 3 =  Number of cars
Number of cars —>  Bicycle trips
Car trips —>  Public transport trips

The results of releasing structural parameters are summarised in Table 5.
According to the chi-square difference tests for nested models, significant model
improvements are obtained with the freeing of four parameters for the 1984
cross section, three for 1985, and five for 1986. For each point in time the freed
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parameter sets were unique, because no other combination of parameters could
account for decreases in maximum likelihood chi-square statistics that were
greater than the critical values. As expected, the greatest improvement in model
fit was for the 1986 time period, for which the fit of the fully-constrained model
was poorest (Table 4).

Most of the freed parameters represent causal effects of income class variables,
and most of these represent links from one of the income class variables to
car ownership. Changes in income level and car ownership are apparently
asynchronous. This result is consistent with theories of lagged income effects in
car ownership. In addition, the temporal instability might indicate threshold and
inertia effects: small changes in income that result in changes in income class may
be insufficient to motivate changes in levels of car ownership.

Free models at each cross section

Unconstrained estimations of the structural model depicted in Figure 1 were
computed from the cross-sectional data for each year. These unconstrained, or
“free”’, models provide criteria for further evaluating the explanatory powers of
the fully-constrained and partially-constrained models.

The coefficient estimates for the free models are listed in Table 6. An evalu-
ation of temporal stability is, at best, difficult with the models of Table 6,
because essentially every parameter has a different value for each year. This
highlights the advantage of comparing partially-constrained models, provided
that those models are effective in explaining causal relationships at each point
in time.

In order to evaluate the explanatory power of the three types of models at
each point in time, goodness-of-fit indices are compared in Table 7. On the basis
of the maximum likelihood chi-square statistics, the partially-constrained and
unconstrained models, which are nested (hierarchical), are insignificantly different
for 1984 and 1986 for any number of degrees of freedom (where the differences
in chi-square are 3.23 and 1.69, respectively). For 1985 the chi-square difference
is 5.06 because of the relatively poorer fit of the partially-constrained model, but
this difference is small by comparison with the difference in degrees of freedom.

The adjusted goodness-of-fit indices and coefficients of determination for the
endogenous variables show very little difference between the partially-constrained
and the unconstrained models. Differences are greatest, however, for 1985,
indicating that this point in time is the most atypical of the three. The R? values
for all years are relatively low. Thus, the models can reproduce the variance-
covariance matrices of the variables, but the off-diagonal elements in these
matrices reveal only moderately strong interrelationships among the variables.

The only goodness-of-fit index which discriminates between the partially-
constrained and free models is the RMS Residual statistic. These statistics indicate
that the unconstrained models provide more accurate replications of the variance-
covariance matrices, but are similar to the partially-constrained models in terms of
explanation of causal relationships. The remaining interpretations of the temporal
stability in causal structure are in terms of the partially-constrained models.
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TABLE 6

Coefficients of Unconstrained Models at Each Cross Section

Linkage Coefficients
in Free Models
From To 1984 1985 1986
Income class 1 Number of cars —-0.29 —0.24 —-0.54
Income class 1 Public transport trips —0.63 -0.91 —-0.89
Income class 1 Bicycle trips 3.42 4.25 3.73
Income class 3 Number of cars 0.24 0.23 0.07
Income class 3 Bicycle trips 2.09 3.15 1.95
Income class 4 Number of cars 0.40 0.55 0.31
Income class 4 Public transport trips 0.91 0.74 0.98
Income class 4 Bicycle trips 2.62 1.73 1.74
Number of cars Public transport trips 0.03 -1.07 —0.63
Number of cars Car trips 9.34 7.11 8.11
Number of cars Bicycle trips —6.52 —4.84 —3.68
Public transport trips Car trips 1.12 0.47 0.80
Public transport trips Bicycle trips -0.99 —-0.80 -0.74
Car trips Public transport trips -0.25 -0.14 -0.15
Bicycle trips Car trips —-0.35 -0.32 —0.26

INTERPRETATIONS OF TEMPORAL DIFFERENCES
IN CAUSAL STRUCTURE

The coefficient estimates for the partially constrained models are listed in Table
8. (All the unconstrained parameters are significantly different from zero at the
p < 0.01 level.) Among the causal linkages that are time dependent, six of the
eight linkages with at least one parameter different over the years involve income,
car ownership, and bicycle trips. The remaining two links involve car and public
transport trips: the positive influence from public transport mobility to car
mobility increases over time, while the negative influence from car mobility to
public transport mobility decreases over time.

The standardised coefficients of the partially constrained models are listed in
Table 9. These coefficients are temporally dependent, even for constrained
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TABLE 8

Coefficients of the Partially-Constrained Models
at Each Point in Time

Linkage Structural Coefficients
From To 1984 1985 1986
Income class 1 Number of cars —-0.34 —0.27 —0.54
Income class 1 Public transport trips —-0.74 -0.74 —-0.74
Income class 1 Bicycle trips 3.84 3.84 3.84
Income class 3 Number of cars 0.18 0.18 0.07
Income class 3 Bicycle trips 2.27 3.16 2.27
Income class 4 Number of cars 0.36 0.52 0.31
Income class 4 Public transport trips 0.86 0.86 0.86
Income class 4 Bicycle trips 2.61 1.89 1.89
Number of cars Public transport trips —-0.71 —-0.71 —-0.71
Number of cars Car trips 8.11 8.11 8.11
Number of cars Bicycle trips —6.06 —4.87 -3.76
Public transport trips Car trips 0.52 0.73 0.73
Public transport trips Bicycle trips -0.79 0.79 0.79
Car trips ' Public transport trips -0.16 —-0.16 -0.14

Bicycle trips Car trips —0.29 —-0.29 —0.29

linkages, if the variance of the explanatory variable changes over time. The
principal temporal patterns of change in these standardised coefficients involve
income and car ownership. It can be concluded that the relationship between
income and car ownership, as modelled through the use of income class dummy
variables, is not stationary over time. As households gain or lose income and/or
purchase and dispose of cars, changes take place in the cross-sectional relation-
ships between the income and car ownership variables.

The link from car ownership to car trips is very strong, as expected, and is
temporally stable. Also strong but less stable is the (negative) link from car trips
to public transport trips. Finally, the link from car ownership to bicycle trips
decreases in importance over time, and there is no apparent reason for this
systematic temporal effect. Further investigation of the potentially changing
nature of bicycle travel in the Netherlands is justified by its revealed role as a
substitute for motorised modes of travel and by its direct link from income.
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TABLE 9

Standardised Coefficients in the Partially-Constrained Models
at Each Point in Time

Linkage Structural Coefficients
From To 1984 1985 1986
Income class 1 Number of cars -0.21 —-0.15 —-0.28
Income class 1 Public transport trips -0.09 -0.09 —0.08
Income class 1 Bicycle trips 0.16 0.16 0.15
Income class 3 Number of cars 0.16 0.16 0.06
Income class 3 Bicycle trips 0.14 0.21 0.16
Income class 4 Number of cars 0.29 0.41 0.26
Income class 4 Public transport trips 0.13 0.15 0.16
Income class 4 Bicycle trips 0.14 0.11 0.12
Number of cars Public transport trips —-0.13 -0.15 -0.16
Number of cars Car trips 0.53 0.56 0.56
Number of cars Bicycle trips —-0.41 —-0.36 -0.29
Public transport trips Car trips 0.18 0.23 0.23
Public transport trips Bicycle trips —0.28 —-0.27 —-0.28
Car trips ' Public transport trips —-0.47 —-0.51 —-0.44
Bicycle trips Car trips —0.28 —-0.27 -0.25
TOTAL EFFECTS

We calculated the total effects on each endogenous variable of each endogenous
and exogenous variable in the model. The total effects on car trips per diary
keeper implied by the partially-constrained models at each point in time are
shown in Figure 2. Car ownership, as expected, has the greatest total influence on
car trips, and this influence declines only slightly over time. Substantial total
effects on car trips are also directly related to income class, but these effects are
temporally less stable. Finally, the positive total effect from public transport
demand to car demand is the result of the positive direct link between the
variables, combined with the negative link from public transport demand to
bicycle demand (where there is a further negative link from bicycle to car
demand).
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FIGURE 2

Total Effects on Car Trips per Diary Keeper
for the Partially-Constrained Models at Each Year

The total effects on public transport trips are shown in Figure 3. The strongest
influence is from car ownership, with an additional negative influence from car
travel. The influence of car ownership is diminishing slightly over time. The total
effects of income are temporally unstable; for the highest and lowest income
classes demand is less in 1985 than in 1984 or 1986. This could be related to a
nationwide increase in public transport fares which occurred after the first Panel
wave in 1984. It has been shown that turnover use of public transport between
1984 and 1985 was differentially related to income (T. F. Golob et al., 1986);
this is consistent with the contention that short-run fare elasticities are greatest
for low-income households (which reduce discretionary trips) and high-income
households (which can immediately switch modes), while longer-run elasticities
are greater for middle-income households (which purchase cars to switch modes).

Finally, Figure 4 shows the total effects on bicycle trips. As for public trans-
port trips, the influence from car ownership diminishes over time. The effects of
income are the inverse of those for car trips.
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FIGURE 3

Total Effects on Public Transport Trips per Diary Keeper
for the Partially-Constrained Models at Each Year

SUMMARY AND CONCLUSIONS

All effects of income on car travel can be explained by income-to-car-ownership
linkages. Car ownership also directly affects public transport and bicycle trip
making, but for each of these two modes there are additional effects from income
that are not explained by car ownership. In particular, public transport demand
is a superior economic commodity (an increasing function of income, controlling
for car ownership), and bicycle demand is an inferior commodity (a decreasing
function of income).

By applying the structural equations model at each of the three cross-sections
separately, we found -that identical cause and effect structures (with different
error-term covariances) could not be rejected on the basis of chi-square likelihood
ratio tests. However, explanatory power could be improved by allowing certain
parameter estimates to be temporally dependent. The chi-square test is too weak
to detect this temporal instability, but other goodness-of-fit indices are sensitive
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FIGURE 4

Total Effects on Bicycle Trips per Diary Keeper
for the Partially-Constrained Models at Each Year

to the temporal changes in structure.

The strong relationship between car ownership and car trips is particularly
stable over time, but the non-monotonic relationship between income and public
transport trips is temporally unstable. The strongest effect from each income
category to public transport is through car use: more car trips implies less public
transport trips. There is also a direct (negative) link from car ownership to public
transport trips, indicating that ownership of a car, independent of its use, implies
less demand for public transport. Thus there are both fixed and variable effects
of cars on public transport demand. Finally, there are direct links from the lowest
and highest income categories to public transport demand, and the positive link
from the highest income category to public transport demand is increasing in
strength over time. The total effects of all these relationships of cause and effect
is that public transport demand is lowest for the middle of the three income
categories. :

Regarding the bicycle mode, the relationship between income and bicycle

159



May 1989 JOURNAL OF TRANSPORT ECONOMICS AND POLICY

travel is the inverse of the relationship between income and car travel. The total
effect of decreasing bicycle demand per traveller with increasing household
income is due entirely to the strong negative links from car ownership, car use,
and public transport use to bicycle demand. There are direct positive links from
every income class to bicycle travel; this indicates that there are income-related
effects on bicycle demand that cannot be explained by car ownership and by
demands for motorised modes.

On demand interrelationships among the modes, the concept of a simple
hierarchy of “(1) car, (2) public transport, (3) bicycle” does not provide a com-
plete picture. For car and public transport, the use of car (strongly) implies less
use of public transport, but the use of public transport implies (less strongly)
more use of car. When we control for other effects, higher public transport
mobility implies higher car mobility too. On the other hand, there are negative
links in both directions between the car and bicycle modes: use of either mode
implies less use of the other. These results suggest the need for a re-evaluation of
conventional notions on competition and complementarity between modes of
passenger travel in the Netherlands.

DIRECTIONS FOR FURTHER RESEARCH

Further research is envisioned along three paths. First, the model formulations
could be improved in their representation of error structures, especially errors
related to discrete variables (Heckman, 1981; Hensher and Wrigley, 1986; and
Kitamura and Bovy, 1987). In the present research, model elegance has been
sacrificed in order to develop a model structure that is complex in terms of
causal relationships. The scope of the reported research fails to cover a number
of practical problems in the estimation of simultaneous equation systems with
discrete choice variables.

A second direction for further research is to extend the scope of the model
to account for the influences on car ownership and mobility of other house-
hold socioeconomic and demographic variables in addition to income and
household size. These would probably include the variables used in conventional
single-regression or cross-tabulation trip generation models: for example, break-
downs of household size by age, working status, driving status, and housing
location and type (Kitamura, 1987).

Finally, the cross-sectional models can be extended to a full dynamic repre-
sentation in which relationships between variables at different points in time are
combined with contemporaneous relationships (between variables at the same
point in time) in a single simultaneous equations structure. Golob and Meurs
(1987) present such a model, but it is limited to relationships among trip rates
by mode, and does not cover the causal influences of income and car ownership.
A fully dynamic specification of trip generation remains in the realm of pro-
ductive future research.

Date of receipt of final typescript: Apﬁl 1988
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