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Abstract: Considering both the discrete and ordered nature of
the household car ownership, an ordered logistic regression
model to predict household car ownership is established by
using the data of Nanjing Household Travel Survey in the year
2012. The model show that
characteristics such as the number of driver licenses,
household income and home location are significant. Yet, the
intersection density indicating the street patterns of home
location, and the dummy near the subway and the bus stop
density indicating the transit accessibility of home location are
insignificant. The model estimation obtains a good 7 ( the
goodness of fit of the model) and the model validation also
shows a good performance in prediction. The marginal effects
of all the significant explanatory variables are calculated to
quantify the odds change in the household car ownership
following a one-unit change in the explanatory variables.
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results some household

ordered

he number of cars available to a household has a

major impact on the travel behavior of the house-
hold members. Car ownership models estimate the num-
ber of cars owned by households based on the characteris-
tics of the households themselves, the characteristics of
the neighborhoods where they are located and the accessi-
bilities of those neighborhoods via various transportation
modes. While the estimation of car ownership is not one
of the four classic steps of traditional travel demand mod-
el—the four-step model, the availability of cars to house-
holds affects trip generation, trip distribution and mode
choice. To produce credible forecasts of travel demand,
it is desirable not only to have accurate estimates of the
households and employment for transportation analysis
zones, but also to have accurate estimates of the number
of cars available to those households. As a result, some
travel demand models have incorporated the components
of the household car ownership model.
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There are three commonly used approaches in car own-
ership models: aggregate approaches, disaggregate ap-
proaches and dynamic approaches. Aggregate approaches
estimate the total number of households for each vehicle
ownership category at the city or region level in future
years. Time-series extrapolations using aggregate data re-
flecting the economic development level at city or region-
al level are the most common methods. According to the
general rule observed in industrialized countries, sigmoid-
shaped curves are usually adopted to model the growth in
car ownership'''. Three other types of curves that have
been used to simulate the growth in car ownership in
some research are: the power function curves, the logistic
curves and the Gompertz curves'” . Disaggregate approa-
ches model the probability of each household owning ze-
ro, one, two or more cars. These approaches were char-
acterized by the use of the discrete choice model and
maximum likelihood estimation'”. These approaches ap-
pear to date from the work of Lerman and Ben-Akiva"' in
the US and Daly and Zachary'™ in the UK. Disaggregate
approaches rely on household level information and can
reveal individual behavior explicitly, which greatly im-
proves the quality of the models. The probabilities output
from the disaggregate approaches can also be applied to
aggregate forecasting.

Both the first two types of approaches are static, which
estimate the total number of cars in the city or transporta-
tion analysis zones (aggregate approaches) or the proba-
bility of a household owning a particular number of cars
(disaggregate approaches) at a specific time. The dynam-
ic approaches model the car transaction processes of each
household in a time period rather than only model the fi-
nal outcomes. Dynamic approaches, also called micro-
simulation, are considered as the most advanced method

; : - [56
in modeling car ownership" ™.

These approaches were
reviewed by de Jong and Kitamura'', who pointed out
the necessity in some cases for undertaking a more com-
plicated modelling of transactions, i.e. household inter-
ventions in the car market, rather than holdings. The
effects captured by dynamic approaches operate over a 3-5
year period for households and over perhaps a 10-year pe-
riod for the market as a whole, as older car types are
scrapped and replaced by newer types. Additional data in
addition to household travel survey data is required to es-
timate such models. These models are usually used incor-
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porated with some advanced activity-based models or in-
tegrated land use and transportation models.

The aggregate approaches are used in most operational
four-step models implemented in Chinese cities. In these
models, the car ownerships are estimated at the city lev-
el, assuming that car ownerships follow some trends such
as the sigmoid curve over the forecast years. Then, the
total car ownerships are assigned to each transportation
analysis zone according to some zonal demographic, so-
cial-economic or land use attributes. Although these ag-
gregate models are easy to use, they cannot reveal the be-
havior mechanisms by which households make the deci-
sion to acquire a car because many household and person-
al attributes available in household travel surveys cannot
be included in these models. The dynamic approaches are
the most behavior realistic, but also the most complicat-
ed. In the context of the practices in Chinese cities, the
disaggregate approaches are the most appropriate methods
at this time. They are more behavior realistic than the ag-
gregate approaches, and can be integrated into the four-
step model seamlessly without any additional data.

1 Methodology

The discrete choice model family is most capable of
modelling the household car ownership—a categorical
variable. If the household car ownership is modeled fol-
lowing an unordered response mechanism, the multinomi-
al logit model will be used as most previous studies have
been carried out in this way. The multinomial logit model
assumes each car ownership level has a random utility.
The household will select the ownership level with the
highest utility, consistent with global utility maximiza-
tion.

If the household car ownership is modeled following an
ordered response mechanism, the ordered logistic regres-
sion model will be the most appropriate technique. Other
than the multinomial logit model, in which utility is alter-
native specific, the alternatives in the ordered logistic re-
gression model share the same formation and parameters
of the utility function. The model uses thresholds in order
to distinguish the different ownership levels on the under-
lying propensity. Fig. 1 shows its choice structure. It can
be understood as a series of binary choice decisions. At
the first choice level, the household makes the choice to
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Fig. 1
model

The choice structure of the ordered logistic regression

own zero or one-plus cars. Then, the household which
passes the threshold of owning one-plus cars makes the
decision to own only one car or two-plus cars.

Ordered logistic regression models take the form

Y'=X-B+e (1)

where Y" is the unobserved dependent variable; X is the
vector of independent variables; B is the vector of regres-
sion coefficients to be estimated; and ¢ is a random dis-
turbance term. The observed ordinal variable Y is a func-
tion of Y*, which has various category thresholds. For

example,
1 YT =<pu,
Y=1,2 w < Y <u, (2)
3 Y' =u,

The ordered logistic regression model uses the observa-
tions on Y to determine the parameter vector 8 and the
threshold values u, and w,, so as to be able to subse-
quently estimate Y and predict Y for specific configura-
tions of X. If ¢ is assumed to be independently Gumbel
distributed across observations, then an ordered logistic
regression model results in the selection probabilities,

P(Y=1) =d( -pX)
P(Y=2) =®(u, -BX) - P( -BX)
P(Y=3) =1-®(n, -BX)

(3)

where @ ( + ) is the cumulative distribution function of
logistic distribution.

2 Data

The data used for our car ownership model is from the
Nanjing Household Travel Survey 2012. It is an official
survey conducted by the Nanjing Institute of City &
Transport Planning Co. , Ltd. Nanjing is the capital of
Jiangsu Province, China. It covers an area of 4 723 km’
and had a population of 8. 16 million in 2012"*'. Typical
of many other Chinese cities, Nanjing is experiencing
dramatic and rapid urbanization, economic growth, and
motorization. Between 1980 and 2010, Nanjing’s gross
domestic product ( GDP) grew by more than 10% per
year (in real terms), and its population increased from
4.7 to 8.0 million®. The Nanjing Household Travel
Survey interviewed 6 000 individuals in 2 005 households
in the year 2012. The database includes household attrib-
utes such as car ownership and household income, per-
sonal characteristics for each household member such as
gender, age and occupation, and a one-day travel diary
for each participant.

As a household level model, the initial estimation data
where all the households were analyzed in the household
travel survey, contained 2005 records. The initial estima-
tion data was then filtered to remove the records which
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had unreported household income. Finally, 1 900 records
remained in the final estimation data.

2.1 Dependent variable

Tab. 1 shows the frequency of household car owner-
ship. Zero car households and one car households account
for 96. 8% Only 0.3%
households own three cars. Considering the small propor-

of total household samples.

tion of the three-car alternative, it was reasonable to use a
single alternative to represent the ownership of two or
more cars.

Tab.1 Observed frequency of household car ownership

Corresponding car owner-
Household car

Frequency Percent/% ship categories used in the

ownership model
Zero car 1 082 56.9 Category 1: Zero car
One car 758 39.9 Category 2: One car
Two cars 55 2.9 Category 3 : Two-plus cars
Three cars 5 0.3 Category 3 : Two-plus cars
Total 1900 100

2.2 Explanatory variables

A number of tests were undertaken to determine the
most competitive explanatory variables. Finally, two var-
iable categories were defined in our model.

2.2.1 The demographic and socioeconomics char-
acteristics of the household

The household structure in particular, the number of
household members, is an important determinant of the
household car ownership level. It is expected that the lar-
ger households have higher mobility needs and need to
own more cars in order to improve their mobility. How-
ever, different types of household members have different
mobility needs. Working adults are expected to have the
greatest, followed by students. Preschool children and re-
tirees may have the least mobility needs. The working a-
dults are the potential drivers in the household. The
students, preschool children and retirees may need to be
given a ride by them to satisfy their needs for mobility.
Taking the consideration of household responsibility of
car ownership into account is the main reason to operate
the car ownership model at household level. The age of
householder is another indicator of the household struc-
ture. It was dummy coded because it may have a nonlin-
ear effect on the household car ownership level. Four
dummy variables were included in the model to represent
five categories of the age of householders (20-30, 30-40,
40-50, 50-60, 60 or more).

The number of driver licenses directly relates to the po-
tential maximum household car ownership. Household in-
come is another important explanatory variable. It is ex-
pected that the richer the households, the greater the po-
tential to own more cars. The household incomes were re-
corded using seven different bins (0-10 000, 10 000-

20 000, 20 000-50 000, 50 000-100 000, 100 000-
150 000, 150 000-200 000, 200 000 or more) in the
household travel survey data, and were converted into a
continuous variable by using the mid-point for each income
band. 250 000 was selected to represent the top income bin
considering the overall income level of Nanjing.

2.2.2 The urban transportation characteristics of
the neighborhood

The urban form characteristics of the neighborhood
where the household lives include the location, the street
network pattern and transit service. The Manhattan dis-
tance to Xinjiekou, the central business district(CBD) of
Nanjing, was used to represent the home location.

The intersection density is the most direct variable em-
ployed to characterize the street network pattern. It was
measured using the number of intersections, excluding
cul-de-sacs, per square kilometer in the neighborhood.
The intersection density is also an indicator of the connec-
tivity of the street network, which plays a significant role
in the encouragement of non-motorized trips. The greater
the intersection density, the more route choices for the
pedestrian and cyclist, the more likely a person will walk
and cycle.

The public transit and the car drive are substitution
modes in the urban transportation market. Accessing
higher quality public transportation is expected to reduce
the number of cars owned by a household. The transit ac-
cessibility was measured using bus stop density ( the num-
ber of bus stops per square kilometer in the neighbor-
hood) and dummy near the subway ( whether the home is
located within the 800 m walkshed area of the subway sta-
tion) .

All the above mentioned explanatory variables are sum-
marized in Tab. 2, including their descriptive statistics.

Tab.2 Descriptive statistics of explanatory variables

Variable Minimum Maximum Mean S,td,
deviation

Household size 1 8 3.11  0.76
Number of preschool children 0 2 0.13 0.35
Number of students 0 2 0.34  0.48
Number of retirees 0 4 0.49 0.75
Number of workers 0 6 1.68 0.90
Household income/103 yuan 5 250 86.13 52.06
Number of driver licenses 0 4 1.16  0.91
Age of householder 25 65 50.27 10. 66
Manhattan distance to Xin-
iekou/km 0.2 21.7 8.20 5.49
Intersection density 0.2 75.1 15.03 15.63
Dummy near subway 0 1 0.37 0.48
Bus stop density 0 137.8 39.32 28.88

Note: As the household income and age of householder are categorical vari-
ables, the mid-points of all categories are used to compute the statistics.

The correlations of all the explanatory variables need to
be tested to make sure that all the variables are not highly
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correlated. It was done by generating Pearson correlation
coefficients for all pairwise combinations as shown in
Fig.2. The diagonal cells are the names of variables. The
cells in the lower triangular show the shade plots of each
variable pairs. The larger the absolute value of the corre-
lation coefficient, the darker the shade. The correspond-
ing cells in the upper triangular show the correlation coef-
ficients and their 95% confidence intervals. The larger
the absolute value of the correlation coefficient, the high-
er the two variables’ correlation. As the chart shows, the

household size and the Manhattan distance to Xinjiekou
have wide correlations with all other variables, however,
they are not too high to be removed in advance. The
household size is positively correlated with the number of
preschool children (0.34 ), the number of workers
(0.30), the number of retirees (0.21) and the number
of driver licenses (0.20). The Manhattan distance to
Xinjiekou is negatively correlated with the intersection
density ( —0.59), transit density ( —0.49) and dummy
variable of near subway ( —0.35).
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o -0.26 -0.08 0.02
students (.. 21)  (0.12.-003)  (-0.03,0.06)
Number
of 039 -0.05
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/| workers 15027,
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Fig.2 The correlation chart of explanatory variables

3 Model Analysis
3.1 Model estimation

The maximum likelihood estimation is used to estimate
the model. The parameter specification of the car owner-
ship model is detailed in Tab.3. The model shows a rea-
sonable goodness of fit with y* of 0. 308. All the parame-
ters which are significant have the predictable signs.

The parameter for the number of preschool children
(aged 0-7) is positive and significant. Thus, the proba-
bility of a household owning one or more cars increases
with the number of the preschool children. The parameter
for the number of students (aged 8-19) follows the same
pattern as the preschool children term, but it is smaller in
magnitude, indicating that the effect is slightly weaker.
The parameter for household size is insignificant since it
is mainly the linear combination of other household de-
mographic variables. The parameter for workers is insig-
nificant. One reason might be that the variable is partially
explained by the number of driver licenses as they are
correlated. The parameter for the number of retirees is in-
significant. It makes sense that compared to the retirees,
preschool children and students need more mobility pro-
vided by other household members, because preschool
children are not able to take transit or ride bikes by their

own and students need to commute every school day.

The probability of owning one or more cars increases
with the number of driver licenses. The effects are all
plausible. The parameter for the household income is pos-
itive and very significant. Higher car ownership levels
will be expected in high income households. However,
the age of the householder effects are all insignificant.

Additionally, it was found that car ownership increases
strongly as distance from Xinjiekou increases. This varia-
ble may relate to the characteristics of different areas,
e. g. areas further from the CBD may be generally better
suited for car ownership; certainly there is an increase in
trip length, and a decline in public transport use, when
residences are further from the CBD.

Other three variables that were found to be insignificant
were intersection density, bus stop density and dummy
near subway. Accordingly, the increase in the number of
cars owned by a household increases the car availability
and thus improves accessibility for all members of the
household, including those who do not have licenses.
The improvement is less in areas which are more walkable
or have a higher transit service level. However, this theo-
ry fails to consider the self-selection effect, that is, high
income households are more likely to live in the areas
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with abundant amenities and public services (also inclu-
ding transit services) .

Tab.3 The parameters and ¢ statistic of the car ownership
model
. Parameter .
Variable K t statistic
estimate
Household size -0.132 -1.236

0.510" " 2.795
0.339" 2.247
-0.056 -0.672

0.042  0.306

1.474** 18.263

0.014** 11.583

Number of preschool children
Number of students

Number of retirees

Number of workers

Number of driver licenses
Household income/10* yuan

Dummy age of householder (1 if 25 <age < 30,

-1.582 -1.204
0 otherwise)
D f householder (1 if 30 < < 40,
ummy 'age of householder (1 i age _0.985 —0.773
0 otherwise)
Dummy age of householder (1 if 40<age < 50,
. -1.216 -0.959
0 otherwise)
D f householder (1 if 50< 60
ummy 'ageo ouseholder (1 i age < 60, _1.106 -0.871
0 otherwise)
Dummy age of householder (1 if age=60, 0 oth-
. -1.322 -1.028
erwise)
Manhattan distance between home and Xinjiekou/km 0. 050 * * 3.539
Intersection density 0.001  0.192
Di sub 1 if within 800 lkshed
ummy near Ql.,l way (1 if within 800m walkshe: 0.009 0.073
area, 0 otherwise)
Bus stop density —-0.001 -0.360

Threshold 011
Threshold 112

2.237" 1.726
6.690" " 5. 106

Number of observations 1 900

-2 log-likelihood of full model 2 094. 293
-2 log-likelihood of null model 3 030. 148
7 0. 308

3.3 Marginal effects

To assess the overall effect of the explanatory variables
on the three car ownership levels, marginal effects are
computed for each observation and then averaged across
all observations. The marginal effects show the effect that
a one-unit change in explanatory variable has on each of
the car ownership categories ( zero, one, and two-plus).
Tab. 5 presents the marginal effects with respect to the av-
erage number of cars in a household. The results show
that the number of driver licenses is the variable with the
highest impact on car ownership with a marginal effect of
4.37. Regarding driver licenses, we would say that for a
one-unit increase in driver licenses, e. g. , the odds of a 2
driver license household “own two-plus cars” vs. “own
one car” and “own zero car” combined is 4. 37 times that
of a 1 driver license household, given that all of the other
variables in the model are held constant. Likewise, the
odds of a 2 driver license household “own two-plus cars”
and “own one car” combined vs. “own zero car” is 4. 37
times that of a 1 driver license household, given that all
of the other variables in the model are held constant. For
household income, the interpretation is that when the
household income moves one unit upward, i. e. , increas-
ing by 1 000 yuan, the odds of moving from “own two-
plus cars” to “own one car” or “own zero car” (or from
the lower and middle categories to the high category) are
multiplied by 1. O1. It is also important to notice that if a
household is located 1 km far away from Xinjiekou, it
has 1. 05 times odds to own more cars.

Tab.5 Marginal effects of the explanatory variables

Note: * indicates that the parameter is significant at 5% percent;

* *indicates that the parameter is significant at 1% percent.

3.2 Model validation

The model was validated by applying it to the estima-
tion data. The prediction success table is shown in Tab.
4, which indicates similar results to the estimation set.
73.7% of the household car ownerships was correctly
predicted. The model appears to be more accurate for the
zero- and one-car levels, but less so for the two-plus-car
level. The total number of the zero-and one-car levels is
closely matched. The small amount of observation data
for the two-plus-car level makes it difficult to estimate
and predict the two-plus-car choice.

Tab.4 Confusion matrix of the prediction and observation

Observation

Prediction
Zero car One car Two-plus cars Prediction total
Zero car 887 247 2 1128
One car 195 507 51 761
Two-plus cars 0 4 7 11

Observation total 1082 758 60

Variable Marginal effects

Number of preschool children 1.67

Number of students 1. 40

Number of drive licenses 4.37

Household income/10* yuan 1.01

Manhattan distance between home and Xinjiekou/km 1. 05

4 Conclusion

Revealing the mechanism of acquiring a car and model-
ing the car ownership precisely are important for urban
transportation planning and policy making. In this paper,
the ordered logistic regression model is adopted to model
the household car ownership in Nanjing. The model
shows fairly good results with the y* of 0. 307 and 73. 7%
of the household car ownerships being correctly predicted
when we validate the model using the estimation data. All
the significant variables have the predictable signs. The
marginal effects of all the significant explanatory variables
are calculated, which quantify the odds change in the
household car ownership following a one-unit change in
the explanatory variables. The final results indicate that
the ordered logistic regression model is an attractive alter-
native to traditional aggregate approaches or multinomial
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discrete-outcome modeling methods such as the multino-
mial logit model used in car ownership modeling.

The car ownership model can also be extended to incor-
porate other variables in further research, for example,
the land use terms such as the density, diversity and de-
sign of the home and other accessibility terms such as the
logsum from the commute destination choice model.
Such terms make the car ownership models sensitive to
the changes of land use planning and transportation poli-
cy. However, adding these terms introduces additional
complexity to the implementation.
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