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ABSTRACT

Using a consistent time series of 11 years (2002-2012, 1,137,259 sample trips) and all main
variables from the UK National Travel Survey (NTS), this paper develops a novel structural
equation model (SEM) with random intercepts to gain new insights into the influences of the
built form characteristics upon travel behaviour. Simultaneous modelling of car ownership as
an endogenous variable in determining influences on travel outcomes and allowing SEM
intercepts to vary across built form categories, we control for car ownership endogeneity
whilst measuring within and between built form variations through incorporating random
intercepts in the model. The new models unambiguously decompose the self-selection/spatial
sorting of households effects from the influence of the built form characteristics. This
research further investigates trend breaking influences by generating model outputs pre-2007
and post-2007 using a multi-time-period structure. Our new quantifications are built on more
robust statistical theories than hitherto and thus imply significant implications on how to
interpret the impact of recent transformations in UK’s inner cities. The method can also be
used to produce a regular and timely update on any shifts in the influences on travel, and
provide feedbacks for land use planning and integrated built form/transport interventions.

Keywords: structural equation modelling, random effect modelling, UK National Travel
Survey, accessibility, mobility, car ownership



1. INTRODUCTION
During the past two decades many of the dense urban areas in UK have seen momentous
changes in population growth and car traffic decline. One of the key drivers of change has
been enhanced integration between transport investments with appropriate physical design of
urban land use and built forms (1). The inner city areas of UK’s large cities, such as
Manchester, Leeds, Birmingham, Bristol and London have seen population rise accompanied
by a significant fall in per person car ownership and car use. Among the successful
examples, it is often the case that a higher population rise is associated with a sharper
reduction in car use. For instance, during 1995-2013 inner London saw a population rise by
20% whilst per person car ownership drop by 10% and road traffic drop by 15%; the number
of private cars entering the core business area in morning rush hours has dropped by 60%.
This is now being experimented in the core cities of lower density areas, such as Cambridge
and Milton Keynes. The new models of urban growth allows more jobs to be created in the
most productive locations whilst achieving lower carbon travel, which may be cogent to
developing new urban development strategies for a large number of cities around the world.
However, there has been considerable debate regarding what has caused car
ownership and urban car traffic to fall, and whether this trend would continue. In this paper
we put forward a new modelling method incorporating structural equation modelling with
random intercepts analysis, which we hope to shed a fresh light on the debate, particularly
regarding the many and varied interdependencies and endogeneities among the key
influences on travel decisions. The analyses and modelling are supported by a very large
dataset from the UK National Travel Survey (NTS), which is one of the most comprehensive
travel surveys in the world.



2. LITERATURE REVIEW

Recent literature have targeted the challenges in dealing with interdependencies and
endogeneities among the influences of travel, which are often at the center of the debates e.g.
over the effectiveness of interventions in land use in contemporary cities (2-4). The nature
and magnitudes of the influences are expected to shift substantially through time. However,
persisting data difficulties have made it demanding to investigate cross-sectionally, let alone
obtaining regular updates on how such influences evolve.

Significant progress has been made since the early 2000s to map the influences
through structural equation modelling (SEM). The literature is particular focused on the
interdependencies among travel patterns, attitudes, built form characteristics and car
ownership (3-15).

Residential self-selection and sorting effects have attracted a lot of attention, i.e.
whether neighbourhood design independently influences travel behaviour or whether
preferences for travel options affect residential choice (11). Using a self-administered twelve-
page survey of 1682 respondents from eight neighbourhoods in Northern California, Handy
et al (5; 16) and Cao et al (3; 11) analyse the factors affecting car ownership. The responses
regarding neighbourhood characteristics, neighbourhood preferences, travel attitudes are
examined along with the socioeconomic profiles both cross-sectionally and as quasi-panel,
which shows that the correlations between neighbourhood characteristics and car ownership
is primarily the result of self-selection.

By contrast, Giuliano and Dargay (6), Silva et al (7) and Silva et al (4) are among the
notable few who test car ownership as an endogenous variable that is itself subject to strong
influences of the built form as well as residents’ socioeconomic profiles; after controlling for
self-selection effects, they find that land use characteristics does significantly affect car
ownership levels as well as travel behaviour.

It would seem that in four aspects the SEM approach still has under-tapped potential.
First, most studies reveal insights into the influences on distance travelled, but so far
relatively few do so on travel time; this limits the understanding of influences on travel
accessibility and leaves an apparent gap on the efficiency of travel and mobility. Secondly,
although existing studies collectively suggest that significant endogenous interactions exist
among the influencing factors like travellers’ socio-economic and demographic profiles,
residents’ self-selection and spatial sorting, land use, built form and to some extent car
ownership, few if any studies have examined this whole range of influences in one model.
Thirdly, there are some potentially important interactions that have been left un-investigated,
such as the influences between different trip purposes or travel outcomes (i.e. travel distance
and time). For instance, would longer commuting be offset by shorter shopping journeys?
Fourthly, few existing studies could easily provide regular updates going forward without
major data efforts, with the exception of population census-based longitudinal work which
could discern some variables regarding travel outcomes.

To respond to the above research gaps, Jahanshahi et al (17) use the NTS dataset to
develop new, better integrated structural equation models (SEMSs) to uncover the influences
of latent land use characteristics, indirect influences on car ownership, interactions among
trip purposes as well as residents’ self-selection and spatial sorting. That paper highlights the
contributions in the UK of land use planning and urban design in restraining travel demand in
the 2000s. However, it also shows that there may still be a large mobility disadvantage among
the fastest growing segments of workers, particularly in dense urban areas.

However, to develop policy and urban design responses it would be necessary to have
clearer insights into the specific influences of land use and built form in different types of
areas. The approach adopted by Jahanshahi et al (17) in modelling land use and built form as
a latent variable is unable to provide such specific quantifications.



In this context the idea of random effects analysis, which has so far been applied in
transport studies with mixed discrete choice models, may be relevant. A good example is
Bhat and Gossen (18) where a mixed multinomial logit model is developed for the type of
weekend recreational activity episodes that individuals pursue. Their model allows both
unobserved heterogeneity in preferences across individuals, and correlation across
unobserved utility components of the alternatives. The former is accommodated through
defining a random intercept which can vary across individuals, and the latter through
decomposing the error terms into two components: one standard iid and one to induce
heteroskedasticity and correlations across unobserved utility components of the alternatives.

Spissu et al (19) study six categories of discretionary activity participation to
understand influences on the inter-personal and intra-personal variability in weekly activity
engagement. They develop a mixed multiple discrete-continuous extreme value (MMDCEV)
model to dismantle inter-individual and intra-individual variations. In their formulation, the
intercept has three separate components: the first one is to capture the average effects across
individuals of unobserved variables on the base-line utility for a particular choice alternative
(i.e. a fixed component across the individuals); the second one is to capture the heterogeneity
across individuals due to unobserved individual attributes that are not correlated across
alternatives; the third one is to adopt a mechanism to generate individual level correlation
across unobserved utility components of the alternatives. The second and third components
together are equivalent to a random intercept which capture inter-individual (or between
level) variations.

Notwithstanding the rapid progress in the use of random intercept models in mixed
travel choice modelling, we are not aware of any studies which combine such random effects
with a SEM. We note that the random intercept approach has been widely used in other
disciplines such as education and health (20-23). This is because of its capability for
simultaneously controlling potential endogeneities through SEM and measuring the macro
level variations when individuals are nested within more aggregate units (such as schools in
educational studies or built form clusters in our context).

It would therefore appear of both theoretical and policy interested to incorporate a
random intercept model in SEM for examining the more complex and controversial aspects
regarding influences on travel behaviour. In particular, the new model would allow variations
in modelled intercepts across built form categories. This not only captures the heterogeneity
across built form due to unobserved built form attributes, but also, in a second level of the
model, allows the quantification of the influences of observed household socioeconomic
profiles - i.e. both self-selection and spatial sorting effects.



3. METHOD OF ANALYSIS

In this paper we construct two-level Structural Equation Model (SEM) to benefit from a
comprehensive range of variables available from the NTS data set, including household
socioeconomic characteristics, car ownership status, built form characteristics of the
household residential areas, weekly travel distances and travel times by trip purposes, etc.
The model builds upon our recent work (17) which adopts a single level SEM with a land use
latent variable to control for self-selection and spatial sorting effects (see right hand diagram
in Figure 1). For this paper, the land use latent variable, which has been used in Jahanshahi et
al (17) is replaced with random intercepts which can vary across built form categories for
each regression equation of the SEM (cf left hand diagram in Figure 1). The random
intercepts provide more precise quantification of the share of self-selection and spatial sorting
effects vis-a-vis land use characteristics in explaining the influences on travel behaviour.

The left hand diagram in Figure 1 presents graphical description of SEM with random
intercept. The upper path diagram postulates the structure of the model within built form
clusters. The within model is built on our prior experience in NTS analysis (17; 24-28), we
have settled upon a conceptual path diagram that consists of the following two types of
explanatory variables: (1) a long list of demographic and socioeconomic characteristics as
exogenous variables; (2) car ownership as a mediating, endogenous variable that is subject to
influences from (1). This enables us to control for car ownership endogeneity. For dependent
variables, we exploit the fact that the NTS records weekly travel distance and trip time by trip
purpose. We set up one model respectively for each of the two travel outcomes, within which
the amounts of travel by trip purpose are defined as separate dependent variables — this will
allow us to see if any complementary or substitutive effects exist among the trip purposes.

Regression equations of car ownership, travel distance and travel time by purpose
have random intercepts which vary across built-environment clusters. This between level
variation can be left unrestricted (we call this Model A) or can be conditional on exogenous
variables at built-environment cluster level as is shown in lower diagram in Figure 1 (we
name this Model B).

We use the 14 population density levels and 8 area types as defined in NTS (for
details, see TABLE 1 below) to form 98 built form cluster categories with the range of 24 to
over 16000 residences. The smallest group is Inner London with a population density of 1 to
5 persons per hectare which has only 24 residing individuals and the largest one is the rural
area with less than 1 individual per hectare with over 16000 individuals. . Naturally there
are a few density/area type combinations (such as ‘high density rural areas’) which are
omitted from the analysis.
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Figure 1 Comparing random intercept SEM (Model B) with single level SEM presented
in Jahanshahi et al (17) (Model Benchmark)

Note: Eclipse represents unobserved/latent variables- Left: random intercepts, Right: Land use latent variable .

The model notations are straightforward. Let y; be the p-th dependent variable (i.e.

car ownership status, travel distance, travel time by trip purpose) for individual i in built-
environment cluster j. We proceed as in Muthen (29) by defining an underlying normally

distributed latent variable y;j. For travel distance and travel time by purposes which are
normally distributed, we have y ; = y;ij. The car ownership variable is a binary variable with
probit distribution, we can parameterize its function as shown in equation 1.

1y, >0
L= ! 1
Yoi {O Otherwise @

The two level model can be constructed as:

y;ij = Yupii T Yopij (2
where vy, and y,. are individual level (within level) and built-environment cluster

level (between level, i.e. random intercept) components of y;j respectively. Both vy, and

Yupij are assumed to be normally distributed.

Equation 3 shows the model notation at individual level (within-level model)
Yui = BYuiy + 10 X i + &y (3)

where Y, and X,; are the vector of within level dependent (y,,,; ) and independent

variables (X,,; )-1.e. individual and household level socioeconomic variables in our model.

The random intercepts (i.e. Yy ) can be modelled unrestricted which follow the notation in



equation 4 (we call this Model A in section 5) or as a function of between level independent
variables (i.e. Model B in section 5) which is shown in equation 5.

Yoij = ay + & 4)
Yoig = &y + 1 Xy + &y (5)
where Y,; and X,; are the vectors of model random intercepts (i.e. Y, ) and

socioeconomic characteristics at built-environment clusters (i.e. X,,;) respectively.

B,T, a, I, are the vectors and matrices of slopes and regression parameters to be
estimated. ¢,; and ¢,; are zero mean normally distributed independent vector variables. For
identification purposes, the variance of the error term (&, ) associated with car ownership
binary variable is fixed to 1. The model is estimated by a maximum likelihood estimator
using an EM algorithm (30) with the latent variable Ybij (i.e. random intercept) treated as

missing data., The observed data likelihood is:

L= [ Wp (Vo) [Ti fi (Ywiddy, (6)
where f,;(Y,,;) is the likelihood function of within level variable, being marginalized

over between-level random intercept.

The model is estimated in the MPLUS software (https://www.statmodel.com,
accessed 15 May 2015). MPlus provides a number of specific estimation options that are
suitable for our purposes, such as the capability for estimating multi-level SEM over multiple
time periods and for estimating continuous, censored, binary, ordered categorical (ordinal),
unordered categorical (nominal), counts, or a combination of them.

In practice, there are two general limitations in estimating the random intercept
models. First, the degree of freedom of the between level model is a function of the number
of clusters (i.e. 98 built form categories here). This can limit the number of between-level
parameters to be estimated. Second, the complexity of between level model can increase the
dimensions of the numerical integration resulting in slow convergence. Such considerations
have been factored into model design to ensure feasible and easy to understand model results.


https://www.statmodel.com/

4, NTS DATA

For this paper we use the NTS data for 2002-2012 which forms a consistent time series of
eleven years. There are in total 1,137,259 trips and 9.9 million passenger miles travelled for
commuting, shopping and other journeys by employed adults. For each journey the NTS
provides a household weight to account for non-response and a trip weight for the drop-off in
the number of trips recorded by respondents during the course of the survey week, uneven
recording of short walks by day of the week and the short-fall in reporting long distance trips.
This is to ensure the data is representative of travel of an average week for the UK population
as a whole.

The NTS data is organised in nested related tables of households, individuals, long
distance journeys prior to the survey, days within the survey week, journeys made during the
survey week, the stages of these journeys and vehicles (31). Based on previous NTS analysis
(17; 24; 25; 27; 28), we have selected all the main attributes for households, individuals and
their trip-making that have shown to be suitable in previous work (TABLE 1).

The NTS data is subject to what the survey consider significant and practical to
collect within the available resources and without causing an undue increase in attrition rates.

TABLE 1 NTS data: Definitions of variables selected for SEM analysis

Data for Classifications of respective variables

Households Household Annual income: Household head occupation: Car ownership:
size: <£10,000; Manual, No access to car;
1 Adult; £10,000-14,999; Skilled manual; Own or access to one
>1 adult. £15,000-19,999; White collar clerical; or more than one car.

£20,000-24,999; Professional.
£25,000-29,999;
£30,000-34,999;
£35,000-39,999;
£40,000-49,999;
£50,000-59,999;

>£60,000.

Employed Gender: Work status:
adults (linked | Male; Full time (FT);
to Female. Part time (PT).
households)
Journeys Journey  purpose  (for  outbound | Journey Journey time:
(linked to purpose): distance: Minutes/trip
adults) Home-based commuting(HBW); Miles/trip

All shopping (Sh);

All other purposes (Oth).
Land use Area type: Population density (persons/hectare):
characteristics | Rural areas; <1; 1-4.99; 5-9.99; 10-14.99; 15-19.99; 20-
at household Urban areas 3,000-10,000 population; 24.99; 25-29.99; 30-34.99; 35-39.99; 40-
location (post | Urban areas 10,000-25,000 population; 44.99; 45-49.99; 50-59.99; 60-74.99; >75.
code unit Urban areas 25,000-250,000 population;
level) Urban areas >250,000 population;

Metropolitan areas outside London;

Outer London;

Inner London.




5. MAIN FINDINGS

As explained in Section 3, we first run a SEM that incorporates random intercepts with
unrestricted variance (Model A). We then run a second SEM where the random intercepts are
modelled as a function of household socioeconomic profiles; this is essentially a random
intercept model with second level determinants (Model B). For comparison with the latest
SEM model using the NTS data, we run an updated version of the model in Jahanshahi et al
(17), using the same dataset for 2002-2012 — this single level SEM serves as a benchmark
and we name it Model Benchmark.

We examine the model results in three steps. First, we examine the model goodness of
fit. Second, we explore effects of introducing random intercepts for car ownership, travel
distance and travel time through Model A. Third, we examine the random intercepts as a
function of socioeconomic profiles of the households and differentiate the influences of self-
selection and spatial sorting from those specifically associated with the built form categories.
Finally, we examine any inter-temporal effects by examining the data in two periods — before
and after 2007 — to see how the influences have evolved over time.

5. 1 Model goodness of fit

TABLE 2 compares the goodness of fit statistics of three alternative models. It shows that
Models A and B fit much better to the observed data — the sharp reductions of AIC, BIC and
ABIC are a little unexpected but a vindication of the introduction of the random intercepts.
Modelling the random intercepts as a function of household socioeconomic variables
continues to improve the fit, although the majority of gains are achieved when the random
intercepts are introduced under Model A.

TABLE 2 Goodness of fit: Models A and B vs a Benchmark Model without Random
Intercepts

AIC BIC ABIC
Travel distance model
Model A 1,624,785 1,625,511 1,625,266
Model B 1,624,510 1,625,338 1,625,059
Model Benchmark 2,472,702 2,473,785 2,473,419
Travel time model
Model A 803,521 804,255 804,007
Model B 803,361 804,189 803,910
Model Benchmark 1,657,683 1,658,766 1,658,401

5.2  The influences of household socio-economic profiles
First, we examine the influences of household socioeconomic profiles as estimated by the
random intercept model relative to Model Benchmark.

TABLE 3 shows the influences of household socioeconomic profiles upon car
ownership after controlling for the built form characteristics of the residential areas — the
model coefficients (including the nonsignificant coefficients) are reported from the travel
distance model, and the equivalent set of coefficients from the travel time model are
reassuringly similar and not reported here. A large, positive coefficient indicates a strong
influence for not owning or retaining regular access to a car in the household. The
coefficients from Model A are in fact quite similar to the Model Benchmark. As with
regression models for categorical variables, one category per set is left out so that the
coefficient estimation can treat it as the reference category (which is reported in the right
most column of TABLE 3)
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TABLE 3 Influence of household socioeconomic profile on car ownership after
controlling for built form categories

Model A Model Reference variable

Household socioeconomic variables cogff?cient Benc_hr_nark for model
coefficients

Male 0.017 0.026 Female
Full time working 0.022 0.018 Part time working
1 adult households 0.478***  0.484*** >1 adult households
Manual workers 0.366***  (.373*** White collar clerical
Skilled manual workers 0030  -0.035 White collar clerical
Professionals -0.150***  -0.135*** White collar clerical
Household income less £10k 0.545%** (0 54Q*** Income 25-30k
Household income £10k to £15k 0.469%**  0.476*** Income 25-30k
Household income £15k to £20k 0.340%**  0.341*** Income 25-30k
Household income £20k to £25k 0.128***  0.134*** Income 25-30k
Household income £30k to £35k -0.062 -0.065 Income 25-30k
Household income £35k to £40k -0.111%**  _Q,102*** Income 25-30k
Household income £40k to £50k -0.152%**  _0,130*** Income 25-30k
Household income £50k to £60k -0.238***  .0.225%** Income 25-30k
Household income more than £60k -0.319***  -0.264*** Income 25-30k

*** significant with 99% confidence interval; as a rule we only report model coefficients that are significant with 99% confidence interval,
because we have more than 90,000 individuals in the dataset and thus a large degree of freedom for within-level model. The same principle
is applied throughout this paper.

TABLE 4 presents the influences of household socioeconomic profiles and car
ownership upon travel distances and travel times for each of the three trip purposes from
Model A. Again the Model A coefficients are generally very similar to those from the Model
Benchmark. In TABLE 4 we present the coefficients in miles and minutes — e.g. a coefficient
of 10.8 for variable ‘Male’ implies that all being equal a male worker commutes 10.8 more
miles per week relative to females. Looking across the variables, it is not surprising that
workers from lower income occupations and lower household incomes travel less. For
commuting (Panel 4a), the most striking difference is between full- and part-time workers.

For shopping (Panel 4b), not having a car implies shorter travel distances (by 3.4
miles). Males on average travel 3.1 miles and spend 11.7 minutes less than females.
Working full time implies less shopping travel, although the influence is well less than half
the influence of gender.

For other travel (Panel 4c), not having a car imply shorter travel distance and less
travel time. Males on average travel 14.6 miles and spend 15.4 minutes more than females.

11



TABLE 4 Fixed influences on travel distance and times arising from traveler profiles

Direct influence Model A - Model A- Model Model Reference

Travel Travel Benchmark - Benchmar variable

Distance Time travel k - travel

(miles) (minutes) distance time

(miles) (minutes)
Panel 4a. Direct influences on commuting
Male 10.8*** 12.4%** 10.7*** 12.7%** Female
Full time working 16.6*** 41.9%** 16.5%** 41.7%** Part time working
1 adult households 3.2%** -1.6 3.2%** not significant ~ >1 adult households
Semi- or unskilled manual workers ~ -3.3*** -3.6%* -3.2%** -3.6%** White collar clerical
Skilled manual workers -4.8*** -13.5*** -4, TH** -13.2%** White collar clerical
Professionals 2.4%** 0.00 2.3%** not significant ~ White collar clerical
Household income less £10k -1.7 -3.7 not significant not significant  Income 25-30k
Household income £10k to £15k -4, TH** -6.4%** -4, TF** -6.5%** Income 25-30k
Household income £15k to £20k -2.2%** -0.7 -2.2%** not significant  Income 25-30k
Household income £20k to £25k -0.6 -1.3 not significant not significant  Income 25-30k
Household income £30k to £35k 0.8 0.6 not significant/ not significant  Income 25-30k
Household income £35k to £40k 2.0%** 2.2 2.0%** not significant  Income 25-30k
Household income £40k to £50k 4.4x** 5.4*** 4 5x** 6.3*** Income 25-30k
Household income £50k to £60k 5.0*** 5.4*** 5.1*** 7.1%** Income 25-30k
Household income more than £60k ~ 7.5*** S leieied 7.6%** 11.8*** Income 25-30k
No car in household -4 TH** 19.6*** -4 4%** 20.3*** With car in household
Panel 4b. Direct influences on shopping
Male -3.1%** -11.7%** -3.0%** -11.6%*** Female
Full time working -1.1x** -5 2%** -0.9*** -5, 1x** Part time working
1 adult households 0.8*** 2.8*** 0.8*** 2.8*** >1 adult households
Semi- or unskilled manual workers ~ -1.3*** -3.4%** -1.4%** -3.5%** White collar clerical
Skilled manual workers -1.0%** -3.8%** -1 1% -3.8%** White collar clerical
Professionals 0 -1 not significant not significant ~ White collar clerical
Household income less £10k -0.98*** 0.1 -0.9*** not significant  Income 25-30k
Household income £10k to £15k -0.91 0.4 -1.0%** not significant  Income 25-30k
Household income £15k to £20k -0.78 -0.1 -0.8*** not significant  Income 25-30k
Household income £20k to £25k 0.25 1.9 not significant not significant  Income 25-30k
Household income £30k to £35k 0.34 0.8 not significant/ not significant  Income 25-30k
Household income £35k to £40k 0.13 0.3 not significant/ not significant  Income 25-30k
Household income £40k to £50k 0.57 1 not significant/ not significant  Income 25-30k
Household income £50k to £60k 0.49 0.9 not significant/ not significant  Income 25-30k
Household income more than £60k 0.4 -0.2 not significant/ not significant  Income 25-30k
No car in household -3.4*** -0.4 -2 7*** not significant  With car in household
Panel 4c. Direct influences on other purposes combined

Male 14.6%*** 15.4%** 14 .3*** 15.2%** Female
Full time working 2.1 -14.3%** 2.4%** -14 5%** Part time working
1 adult households 20.8%** 43.5%** 21.0%** 44.1%** >1 adult households
Semi- or unskilled manual workers ~ -19.7*** -43.8*** -19.7*** -44.6%** White collar clerical
Skilled manual workers -18.8*** -44,1%** -19.2%** -44,9*** White collar clerical
Professionals 14.0%** 20.0%** 13.5*** 19.5*** White collar clerical
Household income less £10k -9.44*** -14.9%** -9, 1%** -14.4%** Income 25-30k
Household income £10k to £15k -10.87*** -17.9%** -10.9*** -18.1%*** Income 25-30k
Household income £15k to £20k -6.8%** -11.1%** -6.7%** -11.4%** Income 25-30k
Household income £20k to £25k -3.92%** -4.4 -3.8*** not significant  Income 25-30k
Household income £30k to £35k 3.00 5.9 not significant/ not significant  Income 25-30k
Household income £35k to £40k 4.37%** 9.9*** 4. 4x** 10.0*** Income 25-30k
Household income £40k to £50k 7.60%** 13.6*** 7.7%%* 14.3*** Income 25-30k
Household income £50k to £60k 13.85*** 22.3%** 14.0*** 22.9%** Income 25-30k
Household income more than £60k ~ 24.0*** 38.6*** 24 .2%** 40.9*%** Income 25-30k
No car in household -22.0*** -28.1*** -19.1*** -22.7*** With car in household

*** significant with 99% confidence interval

The interactions between different purposes of travel are also very similar across the
SEMs, showing significant negative influence of commuting time on shopping travel time as
well as significant influence of commuting and shopping on other purposes, in the context of

both travel distance and time.
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The comparison of the model results with Model Benchmark shows that whilst Model
A have become far more statistically robust after introducing the random intercepts, its actual
coefficient values have only changed fairly slightly. However, Model A provides the
foundation for exploring the variations across the built form clusters which we now turn to
below.

5.3  Self-selection vs intrinsic built form effects

The simple formulation of the random intercept model under Model A outputs the mean and
variance of the intercepts. Model B defines the random intercepts as a function of household
socioeconomic profiles. This is an effective way to control for self-selection and spatial
sorting of the residents when quantifying the intrinsic influences of the built form.

TABLE 5 first presents the mean and variance of car ownership random intercept in
Panel 5a. Panel 5b further reports statistically significant influences of the socioeconomic
variables on the random intercept for car ownership, and the residual variance.

The substantial overall variance of the car ownership intercept in panel 5a (0.216)
confirms that the level of car ownership varies across built form categories. Further, after
controlling for the influences of socioeconomic profiles, the residual variance is considerably
reduced — to 0.046 and 0.034 respectively for travel distance and travel time. The ratios of
the residual variances to the overall variances (0.046/0.216= 21% and 0.034/0.216=16%) are
the share of influence of the built form categories that is not explained by self-selection and
spatial sorting of the households. In other words, 79% (1-21%) of the variance as shown in
the travel distance model and 84% (1-16%) in the travel time model is explained by
household socioeconomic profiles.

Out of the range of socioeconomic variables, the most statistically significant
variables are the proportions of 1 adult households and of professional and skilled manual
workers (panel 5b). In other words, around 80% of the observed outcomes of the much lower
proportions of car owners residing in dense urban areas could be attributed to the fact that
there are more 1 adult households living there who have a considerably lower levels of car
ownership, and the fact that households with skilled manual and professional workers who
have high van/car ownership tend to live in less dense, rural areas. We have already suspected
this from the findings in Jahanshahi et al (17), but this is the first time that we are able to
provide an unambiguous quantification of the effects.
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TABLE 5 Between-built form variations in car ownership and the main underlying
influences

Travel distance Travel time

Influences on intercept
P model model

Panel 5a car ownership random intercept threshold and variance- Model A
Intercept
Threshold 1.17%** 1.17%**
Variance 0.216*** 0.216***
Panel 5b Influences on car ownership random intercept- Model B
Percentage of

1 adult households 6.00*** 5.9***
Skilled manual workers -3.38*** -2.62%**
Professional -1.99*** -1.55**
Household income less £25k Not significant -1.20*
Residual variance 0.046*** 0.034***

*** significant with 99% interval ,** 95%, * 90% -

TABLE 6 presents similar information for commuting (panel 6a), shopping (panel
6b), and combined other travel purposes (panel 6¢). Within each panel, the upper parts (i.e.
panel 6a-1, 6b-1, and 6¢-1) shows the means and overall variances, meanwhile the lower
parts present the statistically significant influences on the variations of the intercepts for the
travel distance and travel time outcomes. The ratio of the residual variance from Model B to
the overall variance from Model A implies the percentage of travel outcome variations across
the built form categories that are not explained by the household socioeconomic profiles.
The outputs from TABLE 6 show that after controlling for the household socioeconomic
profiles, respectively 54%, 43% and 53% of the travel distance variations in commuting,
shopping, and other travel can be attributed to intrinsic built form characteristics. Similarly,
the percentages of travel time variations that can be attributed to built form characteristics are
75%, 43% and 77% respectively for commuting, shopping and other travel.

TABLE 6 Between level influences on travel

Travel distance Travel time

Influences on intercept model coefficient model coefficient

Panel 6a modelling commuting random intercept
Panel 7a-1 commuting random intercept mean and variance _Model A

Intercept Mean 7.8%** 50.6%**
Variance 10.3%** 330.5***
Panel 6a-2 Influences on commuting random intercept- Model B
Proportion of 1 adult households -35.06** 18.49***
Skilled manual workers Not significant -6.38**
Full time workers -43.70*** Not significant
Residual variance 5.6%** 246.5%**

Panel 6b modelling shopping random intercept
Panel 6b-1 shopping random intercept mean and variance-Model A
Intercept Mean 12.45%** 48.7***
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Variance 6.5%** 6.6%** Fokek
Panel 6b-2 Influences on shopping random intercept-Model B

Proportion of Full time workers -16.7%** Not significant  Significan
1 adult households -14.6** -31.1%** t with
Skilled manual workers 22.7%** 24.0***
Professional 17.36*** 33.3*** 99%
Household income less £25k Not Significant 21.2*%*
Residual variance 2.8%** 2.8%** interval
Panel 6¢c modelling Other purposes random intercept
Panel 6¢-1 Other purposes random intercept mean and variance-Model A ,** 95%,
Intercept Mean 55.19*** 192.1%**
Variance 125.6%** 133.0%** *90% .
Panel 6¢-2 Influences on other purposes’ random intercept- Model B
Proportion of 1 adult households -121.4%** Not significant S
Professional _ 105.2*** 140.9** imilar to
mgﬁsgggf income - more -66.5*** Not significant Fhe
Residual variance 66.7%** 102.3 influenc
eson

car ownership model, the significant household socioeconomic influences on travel outcomes
are 1 adult households, skilled manual workers, professional workers, etc, which tend to have
substantial self-selection and spatial sorting tendencies.

5. 4 Within and between built form influences pre- and post-2007

We further extend the analyses through subdividing the NTS data into two subsets: 2002-
2006 and 2008-2012. We exclude the year 2007 because the financial crisis had already crept
in for some sectors but not others in the UK during that year. The purpose is to see if there
had been any significant shifts in the influences over time both within and between built form
categories.

The model estimation is carried out through a multi-group SEM where the influences
are allowed to vary between the two time periods. This roughly doubles the number of
unknown parameters to be estimated. To optimise the model runs, we run the multi-period
model in two stages: First, we run the model only for car ownership (cf TABLE 7) to identify
any highly significant between level socioeconomic variables. We then run the travel distance
and travel time models for each travel purposes with the best between level car ownership
model, (refer to TABLE 8 below).

Car ownership model shows no significant coefficient changes pre- and post-2007.
However, the variance for car ownership intercept (between built form variation) has
increased by 36% after 2007 (panel 7a). This corroborates the findings in Jahanshahi et al
(17) and the Model Benchmark which show an increase of 22% in the effect of land use latent
variable on car ownership. Controlling specifically for variations across built form categories
in a multi-period model shows a stronger growth in forgoing car ownership in more dense
and urbanized areas after 2007.

Panel 7b shows that this increased influence on car ownership in dense urban areas is
not due to household socioeconomic profiles. In other words, the role of self-selection effect
is minimal in explaining this increase, and the influences would appear to have come from
changing built form characteristics.
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TABLE 7 Summary of significantly changed influences pre- and post-2007 for between
level model car ownership

Coefficients and Coefficient and % change in
Influences on intercept (p-value) pre 2007  (p-value) post coefficient values
2007

Panel 7a car ownership free random intercept variance
Intercept variance 0.196*** 0.266*** 36%***
Panel 7b Influences on car ownership random intercept
Proportion of
1 adult households 5.21%** 6.41%** Not significant

Skilled manual workers -2.87%** -3.10%** Not significant

*** significant with 99% interval ,** 95%, * 90% .

Travel distance and travel times show no significant between built form changes
across the two periods. The analysis of within built form influences (cf TABLE 8) confirms
the findings by Jahanshahi et al (17) and Model Benchmark. First, the gender gap appears to
be narrowing after 2007 for travel distance and time. Our analyses of the NTS data show that
for shopping trips, it is the females who have reduced their travel distance; for commuting
and other trips, it is the males’ reduced travel that narrowed the gap.

Second, in line with the trends above, the gap in travel distance between the low and
the middle income group is no longer significantly different from 0 after 2007. This is
because the rate of drop in travel distance for middle income group has been higher vis-a-vis
that for the low income.

Thirdly, the gap in travel time of manual workers to work appears to have disappeared
after 2007. This is a two sided effect involving on the one hand increases in manual workers
commuting time and decrease in commuting time of other occupation groups.

As a final note, it is useful to note that the majority of the influences remain
remarkably stable over time. For instance, the large differences between full- and part-time
working in terms of commuting distance and time have not changed, in spite of the rapid rise
in part-time and free-lancing work, and in the spread of ICT usage.

TABLE 8 Summary of significantly changed influences pre- and post-2007 (intra-built
form level)

Influences Coefficients and | Coefficient % change in
(p-value) pre and (p-value) | coefficient
2007 post 2007 values
Panel 8a Travel distance analysis
Male->HBW 11.47%** 9.86*** -14%***
Male->Sh -3.48%** -2.66*** 249> **
Male-> Oth 16.49*** 8.26*** -500p***
IncomeLess25k- .

SHBW -2.76 -0.78 )
Skilled Manual->Sh -1.42%** -0.48 -
Panel 8b Travel time analysis
Manual->HBW -S4 ATH** -1.61 -
Male->Sh -14.27%** -9.61%** 33%***
Male-> Oth 15.48*** 1.23 -

*** significant with 99% confidence interval
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6. CONCLUSION

In summary the new models have revealed fresh insights into the enhanced influences on
travel by transformations in the built form in the UK since 2007. Overall, around 80% of the
variations in car ownership levels can be explained by household socioeconomic profiles.
However, the between built form variation in car ownership has increased by 36% post 2007,
and this increased influence on car ownership arises principally from the transformations
among some UK built up areas, particularly the dense cities. Furthermore, after controlling
for the household self-selection and spatial sorting among the built-up areas, respectively
54%, 43% and 53% of the travel distance variations in commuting, shopping, and other travel
can be attributed to the intrinsic built form characteristics in the UK. The percentages of
travel time variations that can be attributed to built form characteristics are respectively 75%,
43% and 77%. Our new quantifications are built on more robust statistical theories and thus
imply significant implications on how to interpret the impact of recent transformations in
UK’s inner cities. The results are to an extent corroborated by the Census and traffic data in
the UK, which show that the UK inner cities have gained the momentum in population
growth, whilst seeing car ownership and car traffic levels drop in most instances. Strictly
speaking, it may still be too early to predict how such trends will play out next, but by
working with an on-going travel survey like the NTS, this new SEM-Random Intercept
method can be used to produce a regular and timely update on any shifts in the influences on
travel, and provide feedbacks for land use planning and integrated built form/transport
interventions.
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