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Abstract

Rapid growth of the older population worldwide, coupled with their overreliance on auto-
mobile and its negative consequences for the environment and for their wellbeing, has
encouraged research on travel behavior of this age group. This study contributes to the
literature by providing an integrated analysis of the effects of sociodemographic, built
environmental, psycho-social, trip, and activity space attributes on shopping trip mode
choice of older adults in Helsinki Metropolitan Area. Data was collected using an online
map-based survey. Two person-based activity space models were developed, in addition
to the commonly used 500-m buffer, to measure activity space and built environmental
attributes. Integrated Choice and Latent Variable (ICLV) models were utilized to explore
modal choice. Although the use of activity space models did not significantly increase the
fit of ICLV models, it provided different information. Walkability index showed a positive
significant effect on walking trips in individualized residential exposure model. A posi-
tive effect on transit use or biking was found in individual home range and 500-m buffer.
The shape and dispersion of activity spaces affected mode choice as well. Green space
influenced the goal of being physically active which in turn affected mode choice. Three
personal goals of being physically active, having cultural and social affairs, and caring for
others influenced mode choice. Results indicate the priority of the use of activity space and
hybrid choice models in understanding travel behavior. Findings of this study can guide
policies aiming to increase the use of more sustainable modes among this age group.
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Introduction
Motivation

With fast growth of older adults in Europe (European Commission 2014) and worldwide
(United Nations 2002), research on travel behavior of this age group has increased in the
last couple of decades. It is well documented in the literature that aging has significant con-
sequences for the transport sector (e.g. Hjorthol et al. 2010; Mercado et al. 2007; Coughlin
and D’Ambrosio 2012). Older adults constitute the fastest growing segment of the driving
population, both in terms of license rates and kilometers travelled (Nakanishi and Black
2015; Bocker et al. 2017). This overreliance on automobile has negative impacts on the
society not only in terms of the resulting environmental pollution and congestion (Banis-
ter and Bowling 2004), but also the effects on health and wellbeing of this vulnerable age
group (e.g. Oxley and Whelan 2008; Kemperman and Timmermans 2014; Bocker et al.
2017). Substantial policy movements to make these societal challenges recognized in the
national agenda have occurred in Europe and North America (Mercado et al. 2007). Con-
sequently, research on travel behavior of the older population has grown to inform policy
(Mercado et al. 2007; Bocker et al. 2017). Although progress has been made in understand-
ing different sets of factors (e.g. travel factors, sociodemographic, built environmental, and
latent psycho-social factors) affecting this age group’s travel behavior and more specifically
their mode choice, a number of conceptual and methodological shortcomings still exist in
the literature.

Research gaps

First, while a plethora of studies have investigated the socio-demographic, built environ-
mental, and travel factors influencing this age group’s travel behavior and transport mode
choices (e.g. Schwanen et al. 2001; Banister and Bowling 2004; Kim and Ulfarsson 2004;
Péez et al. 2007; Schmoker et al. 2008; Hjorthol et al. 2010; Pettersson and Schmocker
2010; Kim 2011; Van den Berg et al. 2011; Boschmann and Brady 2013; Hahn et al. 2016;
Bocker et al. 2017; Liu et al. 2017), the heterogeneous travel behavior of this age group and
the latent psycho-social factors affecting their travel behavior have rarely been accounted
for. The studied travel factors mainly include travel time and cost (e.g. Su et al. 2009),
and purpose of the trip (e.g. Schwanen et al. 2001; Schmoker et al. 2008; Su et al. 2009;
Hjorthol et al. 2010). Particularly, inclusion of purpose of the trip in models and sepa-
rately modelling different travel purposes has been emphasized in the literature. It has been
well established that shopping is the main daily trip purpose among this age group (e.g.
Schmoker et al. 2008; Su et al. 2009; Hjorthol et al. 2010), and that the older adults are
more likely to use car when going shopping. After shopping there is generally a load to
carry, which increases the difficulties to use other modes of transportation (e.g. Su et al.
2009). However, shopping trip mode choices are diverse and while car driving is, in gen-
eral, found to be the most frequently used mode (e.g. Gould et al. 1998), some shopping
trips are made by foot, transit, or bicycle (e.g. Su et al. 2009). In addition, when study-
ing travel behavior of this age group, it is important to distinguish the “younger old” (e.g.
55-75) from the “older old” (above 75) as declines in health often limit feasible activi-
ties (which can include the use of active travel modes) for the older olds (e.g. Alsnih and
Hensher 2003). Moreover, individuals may have heterogeneous travel behavior and choose
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different modes of transportation for shopping purpose in different days and for reaching
different shopping locations. It is, therefore, of utmost importance to account for the het-
erogeneous travel behavior of this age group when investigating the factors that affect their
shopping trip mode choice.

Besides travel factors, sociodemographic and built environmental factors affecting this
age groups’ mode choice have been widely investigated. The studied sociodemographic
factors in the literature mainly include gender, age, education, employment status, income,
and household size (Shao et al. 2019). The effects of physical health, size of social net-
works (e.g. Haustein 2012), and car ownership (Chen et al. 2004; Hjorthol et al. 2010)
have been also investigated in a number of studies. The studied built environmental fac-
tors mainly include population density, land use, recreation and green areas, and walking
distance/time to the public transport stops (Shao et al. 2019). Neighborhood accessibility
measures (e.g. Haustein 2012) and, more recently, environmental factors, such as weather
conditions and seasonality (e.g. Bocker et al. 2017), have been investigated as well (e.g.
Bocker et al. 2017). However, there has been some contrasting results in the literature
regarding the influence of built environmental factors on mode choice of this age group
(see Bocker et al. 2017 for a review). Controversies regarding the influence of built envi-
ronmental factors on transportation mode choice, regardless of age or trip purpose, have
been widely discussed in the literature (see Ewing and Cervero 2010 for a review). How-
ever, most of the studies have shown positive correlations between the choice of active and
sustainable modes of transportation and intersection density, land use mix and residential
and commercial density which has been incorporated into a walkability index developed by
Frank et al. (2010). This measure is reported to have had consistent significant positive cor-
relations with the use of active modes of transportation for different age groups (e.g. Clark
and Scott 2014). However, the possible effect of walkability index on shopping trip mode
choice of older adults has not been investigated. In addition, while there is a consensus
regarding the positive correlation between the percentage of green space area within older
adults’ neighborhood boundary and active travel or physical activity (e.g. Sallis et al. 2016;
Lu 2018), the possible effect of this built environmental measure on shopping trip mode
choice of this age group has been rarely studied.

While built environmental, sociodemographic, and travel factors have been investigated
in a plethora of studies, very few studies have accounted for or controlled the effect of
latent psycho-social factors such as the diverse lifestyles and attitudes of the older adults
(e.g. Haustein 2012), as well as their self-reported physical and functional abilities (e.g.
Naumann et al. 2009). Put differently, integrated studies that account for the full set of
travel factors, socio-demographics, psycho-social, and built environmental factors influenc-
ing transportation mode choice of older adults at the same time are limited in the literature.
Furthermore, more recently, a number of studies (e.g. Temme et al. 2008; Kamargianni
et al. 2015) have emphasized the importance of investigating the possible effects of basic
underlying constructs, such as one’s personal goals, defined as states that people strive to
achieve or avoid in the future (Freund and Riediger 2006; Saajanaho et al. 2016; Salmela-
Aro 2009), rather than using relatively superficial constructs such as the willingness or
propensities to use specific modes of transportation (e.g. Haustein 2012), in order to gain a
better understanding of travel behavior. For example, Temme et al. (2008) found that some
abstract motivations such as hedonism and power influence transportation mode choice.
Saajanaho et al. (2015) found that the older adults’ spatial extent of mobility in daily life
(defined as Life-space mobility) is influenced by personal goals. For example, older adults
who had reported personal goals such as maintaining functioning, staying mentally alert,
activeness in daily life, and meeting other people, had larger life-space mobility compared
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to those not reporting such goals. Moreover, older adults who did not report any personal
goals moved around outside their home surroundings less than those who reported at least
one personal goal in any of the goal categories of the study (for details see Saajanaho et al.
2015). Having personal goals related to maintenance of functioning as well as engaging
in physical and social activities can influence not only the older adults’ spatial extent of
mobility but also the mode of transportation that they use due to the need to move around
outside their home surroundings. However, such understandings of the possible influence
of latent personal goals on transportation mode choice of older adults in general, and their
shopping trip mode choice in particular are missing in the existing literature.

Second, the latent psycho-social variables, if included at all, have been always dealt
with as other observable variables (i.e. the factor scores are first extracted using factor anal-
ysis of a set of Likert scale statements, and these factor scores are used subsequently as
a continuous variable in models). This procedure might induce measurement error as the
extracted values differ from the true values (see Bielaire 2010). Moreover, socio-demo-
graphic and built environmental factors may affect latent factors (Ramezani et al. 2015,
2018a, b) which in turn influence mode choice and such complexities cannot be accounted
for and unraveled in commonly used modelling frameworks such as multinomial logit
models. However, as Vij and Walker (2016, p. 205) put it, more recently, hybrid choice
models (i.e. Integrated Choice and Latent Variable (ICLV) models) have been conceived to
enrich “existing representations of decision-making through the inclusion of latent socio-
logical and psychological constructs”. While discrete choice models usually use sociode-
mographic variables and random error components as proxies for such latent behavioral
constructs, they are not able to provide any additional information to describe what these
variables might be proxies for (Vij and Walker 2016). On the contrary, an ICLV model
can give structure and meaning to underlying differences in behavior by helping identify
additional parameters (e.g. observable variables such as sociodemographic and built envi-
ronmental factors) associated with the latent explanatory variables, and test for the effect of
these latent variables on observable choices (Vij and Walker 2016). To the authors’ knowl-
edge, application of such a modelling framework in studying transportation mode choice of
older adults is missing in the literature.

Finally yet importantly, studies of the effects of the built environment on travel behavior
of older adults (as well as other age groups) have often used predefined and static spatial
units of analysis around an individual’s home location (e.g. 500-1000-m buffers, grids,
census blocks) to measure the built environmental factors (e.g. Bocker et al. 2017). How-
ever, an individual’s travel can be influenced not only by the urban form characteristics of
home location but also by the characteristics of the destination location (e.g. Ding et al.
2018) and the route from home to destination (e.g. Krizek 2003). Moreover, the spatial
extent to which attributes are perceived by individuals can differ (Schirmer et al. 2014).
As Mitra and Buliung (2012, p. 53) put it, previous research (Banerjee and Baer 1984;
Horton and Reynolds 1971) has shown that “a household’s perceived neighborhood bound-
ary can largely be defined based on the action space within which the household members
perform their daily activities, and consume goods and services”. The validity of the use
of commonly used buffers to account for the effect of built environment on individuals’
travel behavior has, therefore, become controversial (e.g. Perchoux et al. 2013; Holliday
et al. 2017; Laatikainen et al. 2018). Such predefined spatial units of analysis have been
criticized for not being able to define the spatiotemporal extents of individuals’ neighbor-
hoods and spatial exposure (e.g. Mitra and Buliung 2012; Perchoux et al. 2013; Holliday
et al. 2017; Laatikainen et al. 2018). As Hasanzadeh et al. (2017) put it, although the use of
buffer has priority over the traditionally rigid neighborhood definitions (such as large traffic
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analysis zones or administrative boundaries), such definition of neighborhood is individ-
ual-centered, but not individual specific for the spatial extent of neighborhood is system-
atically defined in a uniform way for all individuals. Recent research has, therefore, taken
steps forward by defining dynamic and person-based “activity space” as the spatial unit of
analysis. These approaches are based on the understanding that the spatial units of anal-
ysis should not only be individual-based, but also individual specific (Hasanzadeh et al.
2017). Places and daily movements, or space in general, are heterogonous and complex in
nature and this should be considered in the modeling of activity spaces (Wei et al. 2018).
Therefore, few studies have proposed the use of advanced models of activity space which
have been mostly used in health related studies (e.g. Wang et al. 2018; Wei et al. 2018) or
for measuring hotspots of segregation and integration potentials in cities using patterns of
daily travel behavior (e.g. Farber et al. 2015).

For example, in an attempt to study the spatial inequalities of the food environment
(“foodscape”) and measure their effects on personal health, Wei et al. (2018) used long-
term GPS data to model individual activity spaces. The authors used a framework based
on space—time proximity to investigate individual foodscape exposure. In a similar attempt,
Wang et al. (2018) used a “crystal-growth” algorithm to develop an individual activity
space model that not only considers people’s actual daily activity patterns based on GPS
tracks but also takes into account the environmental contexts constraining or encouraging
people’s daily activities. There is little doubt that such advanced methods provide a more
accurate estimation of individual activity spaces compared to more simplistic approaches.
However, a crucial fact that needs to be taken into consideration when developing activity
space models is their application and ease of use. In response, Hasanzadeh et al. (2017,
2018) developed two individually and spatially sensitive models of activity spaces, which
are also practical to use. The individual home range model (IHR) is an individual-specific
boundary method, which applies a convex hull enclosing all daily destination points as well
as the home point (Hasanzadeh et al. 2017). Individualized residential exposure model
(IREM) is based on the understanding that the activity spaces are not only variable in their
shape and extents, but also in their very fabric (Hasanzadeh et al. 2018). However, to the
authors’ knowledge, application of such activity space models in studying the effect of
built environment on transportation mode choice of older adults is missing in the literature.

Aim and scope of the study

This study aims to contribute to the understanding of transportation mode choice of older
adults (i.e. aged 55-75) by filling some of the abovementioned gaps. The contribution of this
study is threefold. First, it uses an ICLV modelling framework to investigate the effects of
different sets of variables including travel factors (e.g. travel time and cost), socio-demograph-
ics, psycho-social, and built environmental factors, influencing transportation mode choice of
older adults for shopping trips as one of the main daily trip purposes among this age group
(e.g. Schmoker et al. 2008; Su et al. 2009; Hjorthol et al. 2010). The aim is to investigate the
observable socio-economic and built environmental factors influencing older adults’ transpor-
tation mode choice directly, and through their influence on latent psycho-social factors. Put
differently, such a modelling framework is used to enhance understanding of the behavior of
heterogeneous groups of older adults by unraveling the association between the observable
(e.g. sociodemographic, built environmental) and the latent (i.e. psycho-social) factors affect-
ing mode choice. Such an understanding can guide policy making by providing information
about target groups for different policies that aim to increase the use of more sustainable and
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active transportation modes. Moreover, by using panel data (more than one shopping trip, to
one or several shopping locations, reported by each respondent), this study accounts for the
heterogeneous travel behavior of the respondents in contrast to most of the previous studies
that consider only one trip and one shopping location reported per respondent. In this study we
use the definition of shopping trips by Barber (1995) and used by Su et al. (2009) who define
a shopping trip as a trip to any retail center, irrespective of the size and type of the store or
shop and of whether or not a purchase is made. Second, rather than examining the effects of
commonly studied latent factors, such as willingness to use specific modes of transportation,
the concept of personal goals, defined as states that people strive to achieve or avoid in the
future (Freund and Riediger 2006; Saajanaho et al. 2016; Salmela-Aro 2009), is used to study
the intrapersonal and psychological dimensions (Laatikainen et al. 2019) that could affect the
older adults’ transportation mode choice. Four personal goals, namely “being physically active
and doing sports”, “caring for others”, “managing on one’s own”, and “engaging in cultural
and social affairs” are examined. Last but not least, this study contributes to the literature by
using dynamic person based spatial units of analysis (i.e. activity space models) in addition to
the commonly used 500-m buffer in studying the effect of urban form factors on transporta-
tion mode choice. Two recently developed activity space modelling methods, individual home
range (Hasanzadeh et al. 2017) and individualized residential exposure model (Hasanzadeh
et al. 2018; Hasanzadeh 2018), are used to define person based spatial units of analysis based
on respondents’ revealed daily activities (Laatikainen et al. 2018). To the authors’ knowledge,
this is the first study that uses these activity space models in studying the effect of urban form
factors on transportation mode choice of older adults. In addition, the possible effects of the
shape and dispersion of an individual’s activity space on their transportation mode choice is
investigated. The aim is to examine whether the use of these different spatial units of analysis
affects the results we obtain regarding how and to what degree the built environment affects
transportation mode choice and whether the activity space models can provide us with better
insights for policymaking.
To cap it all, this study aims to answer the following research questions:

Do personal goals of older adults affect their shopping trip mode choice?
To what degree and how do sociodemographic and built environmental factors affect
shopping trip mode choice of older adults?

e Does the use of different spatial units of analysis (activity space models versus the com-
monly used 500-m buffer) affect the results we obtain regarding the effects of built envi-
ronment?

e Does the shape of activity space and activity dispersion of older adults affect their trans-
portation mode choice?

The paper is organized as follows. The next section (“Methodology” section) provides a
detailed description of research methodology, including the data collection and data analysis
procedure. “Results and discussion” section presents and discusses the results. Finally, the last
section concludes the paper with a summary of key findings and future research directions.
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Fig. 1 The online interface of the survey where respondents marked on a map their everyday errand points
in a typical week

Methodology
Data collection procedure

The data used in this study was collected using an online map-based survey tool, namely
public participation GIS (PPGIS). In addition to commonly collected data, such as soci-
odemographic information, using traditional paper-based surveys or common online sur-
vey tools, this method allows for collection of place-based data with geographical coordi-
nates, which can be easily visualized, and analyzed in Arc GIS. The survey was designed
to collect the respondents’ sociodemographic characteristics, their personal goals based on
ratings of nineteen Likert-scale statements on a scale of 0 (=not important) to 6 (= very
important), the locations they visit during a typical week, the modes of transport usually
used to reach those places, and the frequency of visit per month. This study focuses on
shopping trip mode choice. However, the respondents’ markings of all types of everyday
places (i.e., shopping place, leisure and recreational place, outdoor and sport facilities,
and personal errands such as visiting post office and banks) they visited during a typical
week, provided necessary information for modelling their personal activity space, which is
described in more details in “Spatial units of analysis” section. Figure 1 shows the online
interface used for collection of the place-based data. Details about the indicators of per-
sonal goals are provided in “Personal goals within the sample population” section.

Finland has one of the oldest populations in Europe (European Commission 2018).
Helsinki, the capital of Finland, makes an interesting setting for studying older adults’
transportation mode choice as the share between different transport modes is rather equal,
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excluding bicycling. In 2017, 35% of all journeys done in Helsinki were by walking, 34%
by public transit, 31% by private car, but only 9% by cycling (Jaakola et al. 2018). Helsinki
Metropolitan Area has a diverse retail structure. In the whole study area, shops for daily
goods or grocery stores are well accessible by bike and/or on foot. In addition, shopping
centers that accommodate a combination of department stores, hypermarkets, and indi-
vidual retail shops (for products such as clothing, home appliances, cosmetics, etc.) are
also available in the local neighborhood centers, which are accessible by bike and/or on
foot. These shopping centers are usually located on or close to subway stations or are well
accessible by other means of public transport as well (e.g. bus). However, some shopping
centers are located outside the inner city alongside highways, which can be more easily
accessed by car or by bus rather than on foot or by bike.

The survey targeted the older adults (55-75-year olds) living in Helsinki Metropolitan
Area (HMA), Finland. The contact information of a random sample of 5000 residents of
this age group was acquired from Finland’s Population Register Center in 2015. An invi-
tation letter to participate in the online survey was mailed to the sample. 1139 responses
were received, 844 of which had provided complete answers. The data showed general
consistency on most socio-demographic variables within the study region. For more infor-
mation about the sociodemographic characteristics of the respondents and its comparison
to statistics of the region’s population, see earlier articles using this dataset (e.g. Hasanza-
deh et al. 2018; Laatikainen et al. 2019).

Since this study focuses on shopping trips, and as this research accounts for the hetero-
geneous shopping trip behavior of the older adults, only those who had marked at least two
shopping trips (which could be trips reported to one single shopping location or several
shopping locations) were taken for further analysis, which provided us with a panel data
and a sample size of 607. This sample consisted of 360 women (204 of the female sample
were 55-64 year-olds and 156 of them were 65-75 year olds) and 247 men (139 were
55-64 year-olds and 108 were 65-75 year-olds).

Data analysis

Data analysis was conducted in four stages. First, the three spatial units of analysis (i.e.
the 500-m buffer, individual home range, and individualized residential exposure models)
were modelled using ArcGIS 10.6 (“Spatial units of analysis” section). These spatial units
of analysis were used to measure the built environmental factors (“Built environmental
measures” section). Factor analysis was then conducted with the ratings of the Likert-scale
statements to identify the personal goals within the sample population (‘“Personal goals
within the sample population” section). The last stage of analysis was the mode choice
modelling which explored the effect of different factors on modal choice. The built envi-
ronmental factors and the personal goals found in the former stages were used in the pro-
cess of model development (“Mode choice modelling framework”™ section).

Spatial units of analysis

In this study, two recently developed individual specific models of activity spaces were
used, namely home range model (Hasanzadeh et al. 2017), and individualized residential
exposure model (Hasanzadeh et al. 2018), in addition to a more commonly used 500-m cir-
cular buffer, as the spatial units of analysis. These units were used for measurement of the
built environmental factors.
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The individual home range model (IHR) is an individual-specific boundary method,
which was first introduced by Hasanzadeh et al. (2017) and later implemented in a num-
ber of other studies (e.g. Kajosaari et al. 2019). Following the criteria suggested in the
study by Hasanzadeh et al. (2017), all daily destinations were listed based on their dis-
tance from the participant’s home location. The Jenk’s optimization method revealed
4 km as the suitable home range distance for the data set. This distance is based on
the first natural break value including at least 80% of daily destinations marked by the
participants. It should be noted that the optimum number of classes for the Jenk’s algo-
rithm was determined using Goodness of Variance Fit (GVF). In the next step, a convex
hull was applied to enclose all daily destinations as well as the home point. However,
prior to the implementation of convex hulls, buffers were applied to each point marked
by the participants. Accordingly, buffers with distances 500 m and 140 m were applied
to the home locations and daily destinations respectively. According to Hasanzadeh
et al. (2017), 500 m is the most frequently used distance for defining immediate neigh-
borhoods in literature, and 140 m is identified as a suitable estimation of activity cluster
sizes in a data set collected from the same area as the current study. The latter distance
was calculated in the study as the average diameter of the spatial clusters formed by the
aggregate of daily destinations (Hasanzadeh et al. 2017).

The second model, individualized residential exposure model (IREM), is an exposure-
based model of activity spaces (Hasanzadeh et al. 2018). Following the IREM criteria
(Hasanzadeh et al. 2018), we estimated the level of place exposure for each respondent
throughout individual activity spaces using information on home location, daily destina-
tions, frequency of visits, travel paths, and use of travel modes. IREM uses an inverse dis-
tance function to produce a raster representing the activity space of each individual. The
raster is made of square cells with dimensions 25 m X 25 m, each containing a value as the
estimation of exposure magnitude in the corresponding location. The boundary of IREM in
this study is defined by the polygon encompassing the high exposure areas. In this study,
high exposure areas were defined as places with exposure values of more than 50% of each
individual’s maximum exposure value.

It should be noted that all the modeling procedures for the above mentioned activ-
ity space models were implemented using the python toolbox published by Hasanzadeh
(2018). In addition, two measures of elongation and centricity of activity spaces were
measured to examine and control for the effect of the shape of the activity space and indi-
viduals’ activity dispersion. These measures were used to test the hypothesis that the longer
shaped the activity space and the more dispersed an individual’s activity locations, the less
the propensity to walk or cycle. Elongation is a geometric measure of activity spaces indi-
cating the ratio of the length to width of the geometry. This captures the overall shape
and, less directly, the overall extent of a person’s activity space and it has been used in
many studies as a proxy measure of activity dispersion (Lord et al. 2009; Perchoux et al.
2014). Centricity is a measure of the geographical distribution of activity places and can
be defined as an ordinal measure of activity centers (Hasanzadeh 2019). Centricity is cal-
culated as an index of activity space dispersion measuring the number of activity clusters
formed within an individual’s activity space. Consequently, individuals can be classified
into three groups based on centricity of their activity spaces: monocentric: activity spaces
which consist of a single cluster of activity places located in home surrounding. Bicen-
tric: activity spaces which in addition to the cluster of activities around their home, have
another center of activities somewhere further. Polycentric: activity spaces which in addi-
tion to the cluster of activities around the home, have at least two more centers of activities
further from the place of residence (Hasanzadeh 2019). The third model is a circular buffer
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Fig.2 The three different spatial units of analysis. From left to right: 500-m buffer, IHR, and IREM. Travel
path is the shortest path between home and each destination based on network analysis

implemented in a 500-m radius around each respondent’s home. Figure 2 demonstrates an
example of these different spatial units of analysis for one respondent.

Built environmental measures

In order to examine to what degree and how the built environment shows to affect shopping
trip mode choice of older adults when measured within different spatial units of analy-
sis, we adapted the built environmental measures (i.e. walkability index and percentage
of green area within one’s neighborhood boundary) that according to the literature have
shown consistent positive influence on (or correlation with) the use of active modes of
transportation (for more details see “Introduction” section).

The walkability index was calculated for each individual using the three different spatial
units of analysis (discussed in “Spatial units of analysis” section). It was calculated as the
sum of the z-scores of the four urban form measures [(2 X z-intersection density)+ (z-net
residential density)+ (z-commercial floor area ratio) + (z-land use mix)]. These measures
are defined as follows:

e Intersection density was calculated as the share of intersections of three or more road
segments per the spatial unit of analysis in question (buffer, [HR, IREM), as suggested
by Frank et al. (2007). The data was drawn from the Digiroad 2017 dataset maintained
by the Finnish Transport Agency. Digiroad is a national database which contains pre-
cise and accurate data on the location of all roads and streets in Finland as well as their
most important physical features. The Finnish Transport Agency maintains and updates
the data in the Digiroad system.

e Residential density was calculated as the ratio of the number of dwelling units to the
surface area devoted to residential land use within each spatial unit of analysis in ques-
tion. The residential density measure was drawn from SeutuCD 2014 building dataset
(point data) which is a regional dataset provided by Helsinki Region Environmental
Services Authority HSY and from the CORINE 2012 land cover dataset (raster data)
that is provided for research use by Finnish environment institute. SeutuCD is an exten-
sive collection of GIS data, which compiles the most essential register and map data
sets related to the planning of the HMA. Helsinki Region Environmental Services
Authority produces and provides SeutuCD data. CORINE is a 25 X 25 m raster dataset
that provides information on land cover. The data of CORINE 2012 has been produced
as a part of the European Gioland 2012 project by Finnish Environment Institute.
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e Commercial floor area ratio was calculated as the gross commercial floor area per com-
mercial land use. The data was drawn from SeutuCD 2014 and the Corine 2012 land
cover dataset.

e Land use mix: The land use mix measure considered four land use types: residential,
commercial, traffic and green space land uses. Previous studies have also considered
entertainment, office, and institutional land uses (Frank et al. 2005, 2010). In this study,
we adopted above mentioned land-use categories for this measure for two reasons: the
availability of the data sets and because they were determined to provide the best pos-
sible correspondence to the actual built environment in the study area. The land use mix
measure was calculated as follows:

H=-1 Zpi + In(pi) |/ In(n)
i=1

where H is the land use mix score, pi is the proportion of land use i among all land-use
classes, and n is the number of land-use types.

Although green space land use has been included in the land use mix measure, which is
incorporated into the walkability index, land use mix does not provide a concrete measure
of the percentage of green space within the spatial unit of analysis but rather the relative
proportion of different land uses (e.g. Mavoa et al. 2018). Therefore, percentage of green
space area in the three different spatial units of analysis was included in this study as an
additional built environmental measure.

Personal goals within the sample population

An explanatory factor analysis (EFA) with Promax rotation and Kaiser Normalization was
conducted for twelve statements measuring personal goals in SPSS 25. Four factors were
identified for personal goals representing a rather high proportion (62%) of the variance
between the 12 statements. Due to low correlations with other goal variables, seven state-
ments (out of the original 19) were left out from the final EFA after careful examination
of the correlation matrix (see more details in Laatikainen et al. 2019). The four extracted
factors were named based on their indicators (Table 1). Since the mode choice modelling
framework used in this study (ICLV model) is able to include the ranking values of each
statement directly in the model framework, we did not measure factor scores for each indi-
vidual. The objective of factor analysis was to identify the underlying constructs (i.e., per-
sonal goals) and the indicators (i.e., statements) for each of these constructs to be used in
the discrete choice modelling framework.

Mode choice modelling framework

Discrete choice models, which are based on the principle of utility maximization, have
been often used in research to understand the factors affecting transportation mode choice.
Multinomial logit (MNL) is the most commonly used model (Ramezani et al. 2018a). In
such a modelling framework, the utility associated with a transportation mode includes two
components—a deterministic part capturing the influence of observed potential explana-
tory variables such as socio-demographic, travel, attitudes, perceptions, and neighborhood
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factors, and a random part capturing all other unobserved impacts (Schwanen and Mokhtar-
ian 2005). This indicates that in an MNL model latent factors such as personal goals are
treated as other observed factors. Latent factors are entered in the model as a continuous
variable, which is a factor score calculated for each individual after factor analysis is con-
ducted on ratings of a number of Likert scale statements. A number of studies have criti-
cized this sequential process for causing spurious results and biased conclusions regard-
ing the influence of psychological factors (e.g. Bielaire 2010). These utility maximizing
models have been criticized as presenting an individual’s choice process as a ‘‘black box’’,
since the inputs are the attributes of available alternative modes of transport and the indi-
vidual’s characteristics, and the output is the observed choice (Ben-Akiva et al. 2002;
Kamargianni et al. 2015). In order to uncover the cognitive processes inside the black box
that determine choice behavior, and violate the basic axiom of utility theory, a consider-
able number of studies have been conducted (Kamargianni et al. 2014, 2015). During the
last few decades, numerous improvements have been made in the discrete choice model-
ling field, which aim to better unravel the underlying process that leads to observed choice
outcomes (Kamargianni et al. 2015). While using the same principle of utility maximiza-
tion, these new techniques have several advantages over standard multinomial logit models.
These methods are integrated in Hybrid Choice Models (HCMs). HCMs, combine *‘hard
information’’ (e.g. socioeconomic characteristics) with ‘‘soft information’” on population
heterogeneity (e.g. psychological characteristics), and attempt to more realistically explain
individual choice behavior and a substantial part of the population heterogeneity (Ben-
Akiva et al. 2002). One of the numerous versions of HCMs is the Integrated Choice and
Latent Variable (ICLV) model, which is able to model latent psychological factors such as
attitudes and perceptions explicitly (Kamargianni et al. 2015) and simultaneously with the
choice model. The ICLV model permits the inclusion of attitudes, opinions and perceptions
as psychological latent variables in such a way that consumer behavior is better understood
(Ashok et al. 2002; Ben-Akiva et al. 2002; Bolduc et al. 2005; Bhat and Dubey 2014).
Such models can provide us with interesting new insights about the effect of unobservable
latent factors (such as attitudes, preferences, and personal goals) and the way observable
socio-demographic or even built environmental factors affect mode choice through their
influence on latent factors (Ramezani et al. 2018a; Kamargianni et al. 2015). In the ICLV
model, two structural equations are estimated simultaneously; one explaining the latent
variables with observable characteristics (e.g. sociodemographics) using the indicators as
manifestations of the latent variable, and the other one explaining the utility of each alter-
native with observable and unobservable latent variables (Theis 2011). Moreover, there
is a measurement equation in the latent variable component of the ICLV model which is
used to measure the association of indicators to a specific latent variable. The choice- and
latent-variable-model components are estimated simultaneously thus achieving consistent
and efficient parameter estimates (Daly et al. 2012). We follow the model structure used
in Daly et al. (2012) and Potoglou et al. (2015). For details on the model structure and the
maximum likelihood estimation of the ICLV model, see Daly et al. (2012) and Potoglou
et al. (2015). The repeated-response (panel) nature of the data is also taken into considera-
tions in these models (Potoglou et al. 2015).

To the authors’ knowledge, the application of this modelling framework in understand-
ing the effect of built environment on modal choice is very limited (Ramezani et al. 2018a),
in spite of its abilities to give us more insight about the effects of the built environment on
transportation mode choice. As Johnson et al. (2013) put it, “in the past, researchers often
used main effects designs for simplicity and feasibility, and so any resulting confounding
or bias were accepted as an unavoidable consequence of this choice. New methods and
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software, however, can easily construct designs that accommodate more complex model
specifications’’.

In this study, shopping trip mode choice of the older adults was modelled using ICLV
modelling structure in Python Biogeme freeware by Bierlaire (2003). Since this study
examined the effect of built environment on mode choice when using three different spa-
tial units of analysis, three different ICLV models were estimated. The factors included
in all the three models were the same except for the built environmental factors, which
were measured in three different spatial units of analysis (i.e., Activity spaces and buffer).
Besides the built environmental factors, and the indicators of personal goals (explained in
previous sections), a number of travel and sociodemographic factors were also included in
the models. Table 2 presents the nature of the full set of variables included in the model
estimation process. The variables that did not show significant effect were removed and
final models were estimated again including only the significant variables.! The final mod-
els were estimated with 500 numbers of draws using Modified Latin Hypercube Sampling
(MLHS) method (see Hess et al. 2006). The results of the final models are presented in
“Results and discussion” section. It is noteworthy that three MNL models were estimated
as well to examine the statistical superiority of the ICLV models. The ICLV models were
statistically superior to the MNL models and had a higher fit (i.e. percentage of the obser-
vations that the model predicts well) to the data. The Rho square bar for the MNL models
were 0.213, 0.211, and 0.208 for the IREM, IHR, and 500 m Buffer models respectively.
Moreover, in order to verify that the results do not differ significantly when using other
buffer sizes than the 500 m buffer a robustness test was conducted. The same ICLV models
were tested with built environmental variables measured in one smaller buffer (250 m) and
one larger buffer (750 m) as well. Neither the fit of the models nor the parameter estimates
and significance levels changed significantly when other buffer sizes were examined, com-
pared to the 500 m buffer. The Rho square bar for the 250 m and 750 m models were 0.404
and 0.405 respectively. In this paper, we only present the outcomes of the final ICLV mod-
els for the IREM, IHR, and 500 m Buffer models (see “Results and discussion” section).
However, the result of the robustness test for the buffer size is briefly presented in “Factors
affecting older adults’ shopping trip mode choice directly” section.

Results and discussion
The ICLV results are split into their corresponding components, including the choice
(Table 3), structural equation (Table 4) and the measurement-equation (Table 5) models.

These tables show the results of the three estimated ICLV models with built environmental
factors calculated in the three different spatial units of analysis.

Factors affecting older adults’ shopping trip mode choice directly

Table 3 presents the results of the choice model which shows factors affecting shopping
trip mode choice of the sample population, directly. As illustrated in Table 3, although the

! We included the variables with p<0.05, as significant and those with 0.05 <p <0.10, as moderately sig-
nificant factors in the final model. The alternative specific constants were included even if they showed
larger p values.
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Table 2 The full set of variables included in the discrete choice models

Dependent variable

Mode choice for shopping trips Nominal variable including Walk, Bike, Transit, and Car (base mode)
alternatives

Built environmental factors (see “Built environmental measures” section for details)

Walkability index Continuous variable measured for three different spatial units of analysis
Green space percentage continuous variable measured for three different spatial units of analysis

Activity space measures

Elongation Continuous variable measured for IREM and IHR spatial units of analysis
Centricity Categorical variable including three categories: 1. Monocentric (base category), 2. Bicentric, 3.
Polycentric

Latent factors (see “Personal goals within the sample population” section for details)
12 Measurement indicators for 4 personal goals Ordinal variables on a scale from 0 to 6
Travel factors

Travel time of alternative X (hour) Continuous variable. Travel time was estimated for each alterna-
tive mode based on the average speed of that alternative in HMA on the shortest route from home to
the reported shopping place. Shortest route was found using network analyst toolbox in ArcMap. The
transportation mode indicated by the participant for visiting each shopping place was taken into consid-
eration while choosing the shortest path. The average speeds for Walking (5 km/h), Biking (17 km/h),
and Car (50 km/h) were obtained from Helsinki Region Transport office (HSL). The average speed for
public transport (33.4 km/h) was adopted from Salonen and Toivonen (2013). An average waiting time
of 9 min based on the same reference (Salonen and Toivonen 2013) was added to the travel time by
public transport

Travel cost of alternative X (EURO) Continuous variable. Travel cost was estimated for Car and transit
modes. For Car, it was estimated based on the shortest distance from home to the reported shopping
place, and the price of gasoline at the year survey was conducted in HMA. Unfortunately, information
on transit pass ownership was not available in the dataset. Cost of transit was, therefore, supposed to be
the same for all respondents and equal to the cost of a one-way transit ticket.

Frequency of visit to the shopping place per month Continuous variable calculated based on reported
frequency per week.

Respondent socioeconomic factors
Gender: categorical variable Dummy variable.1. Male (base), 2. Female
Age: categorical variable Dummy variable. 1. Less than 65 (base), 2. 65-75
Housing type Categorical variable. 1. Apartment, 2. Detached/terraced house (base)
Education Ordinal variable on a scale from 1 to 4 (basic education to graduate degree)
Income Ordinal variable on a scale from 1 to 5 (less than 2000 to more than 8000 euro)
Retired dummy variable 0. No, 1. Yes

Household structure Categorical variable. 1. Single no children (Base), 2. Single with children, 3. Couple
no children, 4. Couple with children, 5. Other

Having pets Dummy variable. 0. No, 1. Yes

Having grand children Dummy variable. 0. No, 1. Yes
Exercise regularly Dummy variable. 0. No, 1. Yes

Doing regular hobbies Dummy variable. 0. No, 1. Yes
Stated overall health Ordinal variable on a scale from 1 to 5

model in which IREM built environmental variables were included showed a very slightly
better fit, it did not show statistically significant difference from the other two models.
This is the same for the model with IHR measures compared to the model with the 500-m
buffer measures. All the three models showed a good fit with Rho square bar of 0.405,
0.407, and 0.408, for the 500-m buffer, the IHR, and the IREM, respectively. However,
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using different units of analysis for measuring built environmental factors showed to lead
to different results regarding the way built environment affects shopping trip mode choice.
All the other sets of variables including the travel factors, socio-demographics, and the
personal goals showed consistent results in the three different models. Among the travel
factors, travel time showed an equally significant negative effect on the choice of transit,
walking and biking. Travel cost showed an equally significant negative effect on the choice
of transit. In the process of model specification, these factors entered the models first as
an alternative specific factor and then as a generic factor. A likelihood ratio test was con-
ducted to compare the goodness of fit of the reduced models with the full models (i.e. mod-
els that included travel time and cost as an alternative specific factor). Since the models
with alternative specific travel time and cost factors were not statistically superior to the
models including them as generic variables, these factors were included as generic vari-
ables in the final models. This result implies that the higher the travel time or the cost (only
for the transit mode) of a mode of transportation, the lower the related utility and there-
fore the probability for that mode to be chosen. This result is consistent with the literature
on factors affecting mode choice (e.g. Ramezani et al. 2018a, b). It implies that policies
to decrease the time and/or cost of travelling by sustainable modes of transportation are
important if the goal is to increase the use of these modes of transportation for shopping
trips of older adults. Moreover, frequency of visit per month showed a significant positive
effect on walking, indicating that probability of walking to a shopping place among older
adults goes higher if they visit that place more frequently. This can be due to sense of
familiarity which can in turn induce perception of safety and the ability to function. How-
ever, this study did not measure such perceptions and future research is needed to confirm
such conclusions regarding the effect of sense of familiarity and its association with per-
ception of safety and the ability to function.

Among the sociodemographic factors, only income, having a pet, and living in an apart-
ment showed significant direct effects on mode choice. Income showed a negative effect on
transit use and walking but not on biking, indicating that higher income older adults have
less propensity for taking transit and walking for shopping trips. However, income does
not affect biking for shopping trips among older adults in HMA. Having a pet showed a
significant positive effect on walking for shopping trips, which could be due to the need to
walk the pets. This result is intuitive as previous research has shown that dog owners are
more physically active, primarily through walking their dogs (e.g. Cutt et al. 2007), and
this study shows that it can also affect their shopping trip mode choice. Living in an apart-
ment showed a significant positive effect on transit use, walking, and biking.

Among the four personal goals, only the three goals of engaging in physical activity
and sports, caring for others, and engaging in cultural and social affairs showed signifi-
cant effects on shopping trip transportation mode choice of older adults. While the effect
of these three goals is intuitive, the fact that the personal goal referring to the ability of
older adults to manage on their own did not affect their probability of choosing more active
modes of transportation is counter intuitive. Research on physical activity of this age group
indicates that older adults who are confident on their abilities to manage on their own or
abilities to function will be more physically active (e.g. Meisner et al. 2013), which can
also affect the mode of transportation they choose for their different trip purposes, includ-
ing their shopping trips. However, one explanation for this result could be that this goal can
be more important for those who are worried about their functional capabilities. Thus, they
may not feel confident enough to walk or cycle or take transit more than driving. The per-
sonal goal of being physically active and doing sports showed a significant positive effect
on biking but not on walking or transit use. This can indicate that the older adults in HMA
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consider biking more active than walking or taking transit. This can have some implica-
tions for policymakers. For example, marketing efforts to raise awareness about the health
benefits of walking and taking transit as active means of transportation can be considered
as a soft policy that, for example, can change the misinterpretation that public transport
is not an active means of transportation. The personal goal of caring for others showed a
negative effect on walking and transit use. This might be due to the fact that driving may
provide more comfort and time saving for those who feel the need to take care of others.
This is also visible in the structural equation model component in which having grand-
children and being couple with children showed a positive association with this personal
goal (see Table 4). Finally, the goal of engaging in Cultural and social affairs showed to
have a positive effect on walking and transit use. This indicates that older adults who are
more sociable are more willing to use public means of transportation or walk which pro-
vide more opportunities for socializing with people than driving. This is consistent with a
growing body of research which emphasize on the relationship between social interaction
and travel behavior (see Dugundji et al. 2011; Carrasco et al. 2018).

Regarding the effects of built environment, the results showed that the effects of built
environmental factors (i.e. walkability index and green space percentage) on the choice of
more active and sustainable modes of transportation were not consistent across the three
models, in which these measures were calculated using different spatial units of analysis.
Among the 500-meter buffer measures, walkability index showed a moderately significant
positive effect (p=0.10) and green space percentage showed a significant positive effect
(»=0.03) on biking. None of these measures showed an effect on walking or transit modes.
Among the THR measures, walkability index showed a moderately significant positive
effect (p =0.08) on biking and a significant positive effect (p =0.01) on transit. Green space
percentage did not show any effect on the probability of choosing any of these modes.
Among the IREM measures, however, the walkability index showed a significant positive
effect (p=0.03) on walking but not on any of the other modes. Same as what was seen in
the model with IHR measure, exposure to green spaces did not show any direct significant
effect on shopping trip mode choice in the model with IREM measures.

The significance level of the effect of walkability index on mode choice was higher in
the two activity space models compared to the 500-meter buffer. This result is consistent
with a growing body of literature which point to the influence of the spatial unit of analysis
used on the results obtained regarding the influence of built environment on travel behav-
ior (e.g. Mitra and Buliung 2012; Clark and Scott 2014). The results of this study show
that the individual-based activity spaces can provide us with a better understanding of the
effect of built environment on travel behavior. As Laatikainen et al. (2018) conclude, these
methods provide us with insights into the way the actual exposure to the built environ-
mental characteristics can affect travel behavior. In the study by Mitra and Buliung (2012)
who investigated the influence of the scale of the spatial unit of analysis on the results we
obtain regarding the effect of environmental factors on mode choice, less environmental
factors showed significant effect on active transportation mode choice when buffer sizes
larger than 400 m buffer (e.g. 800-1000-m buffers) were used as spatial units of analysis.
However, our study found that the environmental measures show more significant effect
on sustainable mode choice (either directly or through their influence on the personal goal
of being physically active) when measured in individuals’ activity spaces, although these
activity spaces have a larger scale than a 500 m buffer (the p value for the effect of walk-
ability index on mode choice for the 500 m buffer was 0.1 while the p value of the effect of
walkability index for IREM and IHR models were between 0.01 and 0.03).
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Moreover, the walkability index measure showed to have a very significant positive
effect on walking for shopping trips in the IREM model while in IHR and buffer mod-
els it showed significant effect on transit use and/or biking. This result is interesting as
IREM boundary is shaped based on the concept of maximum exposure of an individual
to the built environment around his activity places (including one’s residential environ-
ment, the environment around all the common activity places, and the routes between
home and activity places). This maximum exposure is measured based on the mode of
transportation used and the frequency of visit, giving highest weights to the routes and
areas people walk in and visit more frequently and the lowest weights to the ones they
drive in and visit less frequently. Therefore, the result of this study shows that although
the discrete choice model fit does not improve significantly, when walkability index is
measured in this more dynamic person based spatial unit of analysis, the information
that the model provides is more intuitive (i.e. higher exposure to walkable built environ-
ment leads to higher probability of walking). This can also explain the diverse results
in the literature regarding the influence of built environmental factors on active travel
behavior (see Ewing and Cervero 2010), pointing to the influence of the spatial unit of
analysis and the way exposure to built environmental characteristics are usually meas-
ured. The study, therefore, supports the literature cautioning against the use of residen-
tial buffers to assign built environment characteristics (Perchoux et al. 2013; Holliday
et al. 2017).

As discussed in “Mode choice modelling framework”™ section, a robustness test was run
to verify that the results do not differ significantly when using other buffer sizes. Simi-
lar to the results obtained from the 500 m buffer model, walkability index and the green
space percentage showed significant effect on biking in these two additional models. The
fit of the model and the significance level for the influence of walkability index and green
space percentage remained the same for the 750 m buffer. The walkability index showed
a slightly more significant effect on biking when measured in 250 m buffer compared to
when measured in 500 m buffer (i.e. p value of 0.09 for this parameter in the 250 m buffer
model compared to 0.10 in the 500 m buffer model). However, the fit of the 250 m model to
the data was slightly lower (Rho square bar of 0.404 compared to 0.405 in the 500 m buffer
model) and the results regarding the influence of walkability index on biking rather than
walking trips remained the same. This robustness test confirms that the result we obtained
regarding the priority of activity space models to the commonly used buffers as spatial
units of analysis does not differ when other buffer sizes than the 500 m buffer are used.

In the models including activity space measures, two other measures of shape and dis-
persion of activity spaces were included as well—namely elongation and centricity. Elon-
gation, which is a measure of the shape of an individual’s activity space, did not show
any significant effects in the model with IHR measures. However, it did show a significant
negative effect on walking in the model with IREM measures, meaning that as the ratio of
length to width of an older adult’s activity space grows the probability of choosing to walk
for shopping trips diminishes.

Polycentricity, which is a measure of the dispersion of activity spaces (see “Spatial units
of analysis” section), showed a significant positive effect on transit use for both models
with IHR and IREM measures. This result is interesting showing that individuals who have
their frequent activities distributed between several locations (they have several activity
clusters) tend to favor the use of public transport. However, this result does not provide
any information about the effect of built environmental characteristics of those polycentric
activity spaces, although a previous study by Hasanzadeh (2019) found that the activity
space of those living in suburban areas of HMA tends to be polycentric.
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Moreover, although elongation and polycentricity, and built environmental factors of
individuals’ activity spaces showed significant effects on shopping trip mode choice, the
causality directions might be more complex. For example, elongation of activity space
might be a proxy for preference for, and more regular use of, certain modes of transporta-
tion, with those having a preference for active modes of transportation choosing activity
locations closer to home, which can reduce the size and shape (or the ratio of length to
width) of their activity space compared to those with preference for, and more regular use
of, motorized modes of transportation. Similarly, although those with polycentric activity
space may have higher probability to choose public transport for their shopping trips, it is
also possible that those who have a preference for public transport or use public transport
more regularly than car, may cluster their activities around several locations (i.e. home,
work, or station nodes). Moreover, although urban form characteristics of the activity space
(e.g. walkability index) showed a significant effect on walking for shopping transport,
this is also probable that people who have a preference for walking self-select areas for
their residential location as well as other activity locations that make walking for shop-
ping trips possible. While inclusion of personal goals of older adults in this study could to
some extent account for the influence of preferences for specific modes of transportation,
and therefore possible self-selection biases, it is also possible that the same latent psycho-
social factors can affect several outcome variables (i.e. residential location choice, activity
location choice, and mode choice). The results of this study point to the need to account
and control for more individual-based travel characteristics when trying to understand the
relationships between built environment and travel behavior and show that the dynamic
person based activity spaces (e.g. IREM) are able to reveal such information about person-
environment interactions that could not be otherwise explained. However, future studies
should use research designs and analysis methods that could better account for and unravel
the above mentioned self-selection biases and the relationships between several dependent
outcomes, rather than just focus on transportation mode choice as an outcome of activity
space attributes and personal goals.

Factors affecting older adults’ personal goals

Table 4 presents the Parameter estimates in the structural equation model component of the
ICLV model. The results of the ICLV model provided an understanding of the effects of
observed factors such as built environmental factors and socio-demographics on personal
goals, which in turn affect transportation mode choice of the older adults.

It was found that although some of the observed factors do not show a direct signifi-
cant effect on mode choice, they do affect the personal goals that directly influence mode
choice. For example, while percentage of green space exposure did not show any direct
influence on mode choice when measured using IREM and IHR activity space models, it
did show to have a positive effect on the goal of being physically active which increases
the probability of biking for shopping trips. Similarly, many of the sociodemographic fac-
tors that did not show to affect the use of more active modes of transportation for shopping
trips directly, had an influence on older adults’ personal goals that affect mode choice. For
example, being a female showed to have a positive effect on the personal goals of engaging
in social and cultural activities (which positively influences walking and transit use) and
being more physically active (which positively influences biking). On the other hand, it
negatively affected the goal of caring for others which in turn has a negative influence on
walking and transit use. These additional parameters identified by the ICLV model, which
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provide valuable information that cannot be captured from the reduced form multinomial
logit models (Vij and Walker 2012), can be employed for policy analysis. While some of
these personal goals are not easy to change, some lessons can be learnt for policymaking.
For example, as discussed above, the results of this study found that being a female has
a positive effect on having the goal of being physically active, which eventually affects
sustainable mode choice. Policy makers can use this information in different ways. This
can include providing feedback to female residents regarding the value of being physically
active to increase the effect of this personal goal on the propensity to use more sustainable
modes of transportation among this segment of the population who have more probability
to set this as a personal goal. Another strategy would be to target male residents and dis-
seminate knowledge about the personal benefits of being physically active to reduce the
gap in propensity for being physically active among this group of residents.

Moreover, the information provided regarding the influence of green space exposure
when measured in IREM and IHR, and not in 500-m buffer, on having the personal goal of
being physically active can indicate that the immediate surrounding of one’s home, one’s
common destinations, and the paths taken to reach those destinations (i.e. the maximum
exposure area) is more important in setting up personal goals. We can also conclude that
providing more green space in cities can lead to the use of more active modes of transporta-
tion for older adults, even if it does not show a direct effect. However, similar to the discus-
sions on self-selection issues in “Factors affecting older adults” shopping trip mode choice
directly” section, the issue of uncertainty about causality direction holds for the effect of
green space percentage on the goal of being physically active as well. While this study
provides insights about associations between green space exposure and the personal goal
of being physically active, it is also possible that those who have a personal goal of being
physically active in mind, self-select not only a green residential environment (residential
self-selection), but also green leisure destinations and/or green routes into their activity
locations. Further study is needed to examine the possibility of such causality directions.

It is also worth mentioning that as Haustein (2012) emphasizes, soft policy measures
(e.g. the effect of campaigns to spread information about benefits of physical activity)
are often overlooked compared to the hard measures such as barrier-free accessibility,
and other urban form or level of service measures, especially when looking at the older
adults. Today, the older adults have different lifestyles and only a small percentage can
be described as mobility-impaired (Haustein 2012). The more active subgroups of seniors
have requirements, and needs that go beyond barrier free access and there is a probability
that change in their travel behavior (i.e. a shift from car use to the choice of more sustain-
able and active means of transportation) can be achieved by targeting their psychological
characteristics (e.g. their personal goals). The results of this study provide some insights in
this regard and emphasize the need for further research to explore the effects of such fac-
tors on travel behavior of this age group.

Table 5 presents the association of each of the indicators with the corresponding latent
variable (personal goal) as the result of the measurement equation in the ICLV model.
The results indicate that the latent personal goal of doing physical activity and sport is
positively associated with all the three indicators with the highest rates attributed to the
sports and dance hobby indicator when compared with the other two indicators. This result
regarding the positive association of indicators with personal goal is the same for all the
other two latent variables as well. For the personal goal of caring for others taking care
of relatives shows to have received the highest ratings. For the personal goal of cultural
and social affairs, the cultural activities indicator receives the highest rates. Such informa-
tion gained through the use of ICLV model structures can also help in selecting the most
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relevant indicators for measurement of latent factors when including all indicators in a sur-
vey is not possible (e.g. due to the length of survey).

Conclusions

This paper analyzed shopping trip mode choice of older adults in Helsinki Metropolitan
Area. It sought to provide a better understanding of the way built environment can affect
travel behavior by using two activity space models, in addition to the commonly used buft-
ers around home location, as spatial units of analysis. Moreover, it used an ICLV modelling
framework to unravel more complex relationships between observable and latent factors
that can affect travel behavior of this age group and to investigate whether personal goals of
older adults affect their shopping trip mode choice.

A number of sociodemographic, built environmental, psycho-social, and travel factors
showed to affect shopping trip mode choice of older adults. While the aim of this study
was not to come up with concrete policies, the information gained through this study can
provide some insights for policy making. For example, the study showed that even after
controlling for the effect of personal goals, higher exposure to dense, mixed use and green
areas increase the propensity to use more sustainable modes of transportation for shopping
trips among older adults in HMA. Little attention has been paid to the implications of such
land use policies for older adults (Cao et al. 2010). The results of this study indicate that
although the needs of the older adults are different from those of other segments of the
population, policies to increase density, land use diversity and green land uses can increase
the use of more active and sustainable modes of transportation among this age group, simi-
lar to what has been commonly discussed in the literature on the effect of built environment
on travel behavior of other age groups. Moreover, the use of ICLV modelling framework in
this study, helped in attaining information that could not be otherwise gained. This study
provided information about the segments of the older population that would be more sensi-
tive to soft policies, such as information campaigns targeting latent personal goals of the
older adults. For example, this study suggests that female older adults in HMA might have
more sensitivity to information campaigns that would highlight the health benefits of the
use of transit as an active mode of transportation, as discussed in the previous section. As
Haustein (2012) puts it, a necessary condition to successfully and efficiently implement
information campaigns is that measures are developed that address specific target groups
rather than all potential user groups at once. This study, therefore, provides such insights
needed for policy makers that could not be gained through the use of simple multinomial
logits or regression models.

In addition to the insights provided for policy making, this study contributed to the
literature on the effects of built environment on travel behavior by providing informa-
tion on how the use of three different spatial units of analysis (i.e. two different activity
space models versus a commonly used buffer) can affect the results we obtain regard-
ing the influence of built environment on transportation mode choice. One of the key
results of this study was that although the use of more person based dynamic spatial
units of analysis did not significantly increase the fit of the ICLV models, it did show
an increase in the significance level of the effect of walkability index on travel behav-
ior, as compared to a buffer. In other words, it provided different, and more intuitive,
results regarding the way built environment affects travel behavior (e.g. the positive and
more significant effect of walkability index on walking trips in IREM model compared
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to buffer model where there was a moderately significant effect on biking). Moreover,
when measuring built environment using the dynamic activity space models, the built
environmental measure of green space exposure showed a positive influence on the
older adults’ personal goal of doing physical activity and sports, which in turn affected
travel behavior. This was not shown when using the static and commonly used buffer as
the spatial unit of analysis. Furthermore, the study found that individuals’ activity space
characteristics, such as the shape and dispersion of activity space, may affect the mode
of transportation that they choose for their shopping trips. These results show possible
priority of using dynamic activity space models to static buffers.

However, this study is not void of limitations and a number of future research direc-
tions can be highlighted. First, whether the effect of exposure to the built environmental
factors on travel behavior is more pronounced for older people than for other age groups
is unknown, as we have focused on this age group in this study. Since this study is the first
to use IREM and THR measures in mode choice models, the results cannot be generalized.
Future studies in other contexts, and involving other age groups should be conducted before
any generalization can be made regarding the priority of these dynamic activity spaces in
understanding the way built environment affects mode choice. Second, while having sev-
eral advantages over other activity space models in the literature (see Hasanzadeh et al.
2018), one limitation of the activity space models used in this study is that they rely on
the shortest path and do not include the actual route taken from home to activity places.
Moreover, trip chaining is not accounted for. While this makes the models less data-hungry
and therefore applicable to common data collected in research and practice (for example,
travel diaries collected in national travel surveys), it does not provide accurate information
specially when trying to understand the effect of the degree of exposure to the built envi-
ronmental factors on travel behavior. Future research should collect more accurate data to
investigate the effect of exposure to the routes between different activity places. Such data
could be collected, for example, by GPS devices or travel tracking apps. Another possibility
is to use map-based survey tools such as the one used in this study, through which respond-
ents can mark the routes they usually take to reach their destinations. Having obtained such
detailed travel behavior data, IREM can be modified to represent actual exposure to the
routes between different activity places. Furthermore, although the data set used in this
study includes older adults that are not yet retired (i.e. 55—65-year-olds), the respondents
have not been directly asked to report their work place location. Although the respondents
might have reported their work place location under the category of “offices, bureaus, and
businesses”, future studies should ask about work place location directly to increase data
accuracy. Third, a number of studies in the literature (e.g. Mitra and Buliung 2012; Clark
and Scott 2014) have discussed the possible effect of the scale of spatial units of analysis
(i.e. Modifiable Areal Unit Problem referred to as MAUP) on the results obtained regard-
ing the effect of built environment on travel behavior. For example, measurements such
as land use mix, which is included in the walkability index, can be particularly prone to
MAUP. Land use mix score can widely differ based on the shape and scale of the activity
space of the individual as we are aggregating the land use data layer that has a resolution of
25Tx 25 m (raster dataset) to larger and dynamic spatial units (i.e. dynamic activity space
which has different shapes and scales for different individuals). This study, to some extent,
accounted, for the effect of the differing shapes of the dynamic activity spaces by including
a control variable (i.e. elongation). Future studies could come up with more robust meth-
ods to resolve the MAUP that may still exist due to the different resolutions of the land use
data layer (the raster dataset) and the different spatial units of analysis.
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Fourth, although this study showed a positive effect of polycentricity of activity spaces
on the use of public transport, it did not investigate possible interactions between centricity
and walkability index (i.e. the effect of built environmental characteristics of these polycen-
tric activity spaces). Future research could include such interactions to investigate whether
those exposed to walkable environment (or other built environmental measures such as
greenery) in one or more centers of activities further from their place of residence would
have higher propensity for walking, cycling or transit use. Fifth, this study used the com-
monly used walkability index which considers only the degree of urbanization. However,
the spatial needs of the older adults may be more demanding (Metz 2003). Future studies
should include more detailed physical environment measures such as safe crossing points,
resting places, and equal pavement surfaces to see to what degree and how those charac-
teristics of activity spaces could affect mode choice decisions of older adults. In addition,
it should be noted that the land use mix measure used in this study did not include all pos-
sible land uses such as public spaces, water bodies and agricultural land, which might have
affected the land use mix score. Future studies should include these additional land uses as
well. Furthermore, other factors such as type of shopping trip and carrying loads can affect
shopping trip and future studies should consider inclusion of such factors in mode choice
models. Last but not least, as discussed in the previous section, the issue of causality ver-
sus self-selection of residential location as well as activity locations should be studied in
future using research designs and analysis methods that allow for examination of different
causality directions between several independent and outcome variables. Although ICLV
models have some priorities over the simple multinomial models, and can to some extent
account for self-selection bias by including individuals’ attitudes and personal goals, one
limitation of these models developed for discrete choice analysis, is that in ICLV mod-
els the standard estimation methodology is the method of maximum likelihood estimation.
When there are many binary/ordered-response outcomes (e.g. indicators of personal goals)
and/or a nominal variable, the integrals in the overall probability expression are computed
using simulation techniques. As indicated by Hoshino and Bentler (2013), this can ‘‘be dif-
ficult to impossible when the model is complex or the number of variables is large.”’(Bhat
2015). To address these issues, Bhat and Dubey (2014) and Bhat (2015) have developed
a new econometric approach that they label as the generalized heterogeneous data model
(GHDM), which is according to them general enough to accommodate other models in the
literature as special cases. One possibility is to use this approach in future, for example,
for the estimation of joint mixed models that could include multiple discrete choice out-
comes (residential location choice, destination location choice and mode choice). Using the
GHDM approach in future studies, these outcomes can be modeled together by specifying
latent underlying unobserved individual psycho-social factors that impact the many out-
comes, and generate the jointness among the outcomes.
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