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An analysis of the role of residential location on the 

relationships between time spent online and non-mandatory 

activity-travel time use over time 

 

 

 

 

ABSTRACT 

 

Although the associations between the use of information and communications 

technologies (ICT) and individuals’ daily travel and activity patterns have been 

extensively investigated for several decades, few studies have examined the amount of 

time spent using ICT, its implications on activity-travel behavior, and how such ICT-

travel relationships may vary over time and according to residential location. This study 

takes a quasi-longitudinal perspective to explore how the amount of time individuals 

spend on the Internet for personal or non-work purposes correlates to their activity-

travel for non-mandatory maintenance and leisure purposes, as well as how such 

associations evolve over a decade. More importantly, it examines how the role of 

people’s residential locations in determining the associations between time spent on the 

Internet and travel has changed over time. Our approach utilizes two datasets from two 

major cross-sectional surveys in Scotland: the 2005/06 Scottish Household Survey 

(SHS) and the 2015 Integrated Multimedia City Data (iMCD) Survey, which were 

similarly structured and developed. To accommodate the multiple discreteness 

characterizing activity-travel choice and duration, the multiple discrete-continuous 

extreme value (MDCEV) model was employed to capture the Internet–travel 

relationships for the full sample and the urban, town, and rural sub-samples in both 

2005/06 and 2015. Our findings suggest that use of the Internet for personal purposes 

increasingly tends to discourage rather than facilitate physical activity and travel for 

non-mandatory purposes over time, especially for those who spend high levels of time 

on the Internet (over ten hours per week). However, such Internet–travel relationships 

are generally weaker among people living in remote areas than those living in urban 

areas. While the relationships regarding maintenance activity purposes are significant 

for almost all levels of Internet users among the urbanites in both years, they were not 

significantly found at all among rural residents in either 2005/06 or 2015. 

 

 

Keywords: Non-mandatory activities; travel time use; Internet use; residential 

location; MDCEV model 
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1. INTRODUCTION 

Over the past few decades, the complex relationships between the use of information 

and communications technologies (ICT) and individuals’ activity and travel behavior 

have been massively researched in transportation studies. Such research generally 

focuses on two aspects: one is the interaction between general ICT use and people’s 

activity-travel patterns (e.g., Mokhtarian & Meenakshisundaram, 1999; Senbil & 

Kitamura, 2003; Kim & Goulias, 2004; Choo & Mokhtarian, 2007); the other is the 

effects of specific applications of ICT on individuals’ mobility behavior, such as 

telecommuting and e-shopping (e.g., Harvey & Taylor, 2000; Douma et al., 2004; 

Mokhtarian, 2004; Farag et al., 2006). Overall, results from these studies have 

suggested four types of direct ICT–travel relationships: substitution (e.g., Viswanathan 

& Goulias, 2001; Senbil & Kitamura, 2003; Tonn & Hemrick, 2004; Berg et al., 2013), 

complementarity (e.g., Kim & Goulias, 2004; Farag et al., 2006; Choo & Mokhtarian, 

2007; Tillema et al., 2010), modification (e.g., Kenyon & Lyons, 2007; Elaluf-

Calderwood, 2010; Alexander et al., 2013; Ben-Elia et al., 2014), and neutrality (e.g., 

Mokhtarian & Meenakshisundaram, 1999; Senbil & Kitamura, 2003; Pawlak, 2014). 

Moreover, more complex and indirect relationships between ICT use and activity-travel 

behavior, mediated by different factors such as socio-demographics, attitudes, and 

math-related literacies, have also been examined and revealed by many studies of this 

kind (e.g., Farag et al., 2007; Wang & Law, 2007; Wu et al., 2019; Hong et al., 2020). 

Despite the valuable insights those studies have provided for planners and policy 

makers, there are still many aspects about ICT use and activity-travel behavior that need 

to be further explored, because ICT includes many different types of applications and 

individuals’ mobility behavior is determined by multiple personal and situational 

factors (Hong & Thakuriah, 2016). One such aspect could be the potential role of 

residential location in determining ICT–travel relationships. There is a body of 

empirical studies revealing that built environment has significant associations with 

people’s mobility behavior. For example, people living in neighborhoods with high 

population density and a good level of accessibility tend to walk and cycle more often, 

travel shorter distances, and are less dependent on cars than those residing in less 

developed areas (e.g., Simma & Axhausen, 2003; Chapman & Frank, 2004; Chatman, 

2008; Zegras, 2010; Boarnet et al., 2011; Hong et al., 2014). Some research also found 

digital divide issues between urban and rural areas due to the different level of ICT 

infrastructure and residents’ educational levels (Hong & Thakuriah, 2018; Philip et al., 

2015). Although ICT could improve the levels of accessibility to both transportation 

and activity opportunities (Mokhtarian, 2009; Wee et al., 2013), people living in rural 

areas may not fully benefit from technology when compared to those residing in urban 

areas. Therefore, the attributes of residential places could shape individuals’ travel 

decisions and ICT use which potentially decreases or increases the probability of trip-

making. By examining the variations of the relationships between the time spent on the 

Internet and motorized travel behavior, our previous study (Hong & Thakuriah, 2016) 

suggested that the significance and intensity of such ICT–travel relationships differ 

according to the different levels of accessibility to opportunities from people’s 

residential location (i.e., urban, town and rural areas). However, this study only 
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employed trip-based models to analyze motorized trip generation and distance and their 

associations with Internet use without considering the underlying activity demands and 

their implications for the ICT–travel relationships. As travel is understood as a derived 

demand from activity participation, explanations of travel behavior would be 

insufficient if human activity patterns are not fully considered (Schönfelder & 

Axhausen, 2003; Wu, 2018). Hence, an activity-based approach might be necessary to 

get a more thorough and deeper understanding of ICT–travel relationships and the role 

of residential locations on their relationships. 

In addition, both the application of ICT in people’s daily lives and the extent to 

which people spend time on various online activities have changed dramatically over 

time. On one hand, modern technologies are evolving rapidly and are increasingly 

embedded into people’s daily lives in multiple ways. The development and expansion 

of e-commerce has not only digitalized people’s daily business transactions for basic 

needs (e.g., food purchasing, grocery shopping and traveling), but has also changed the 

transaction strategies from the model of business-to-business (B2B), via business-to-

customer (B2C), into the customer-to-customer (C2C) model (Basole & Rouse, 2008). 

In 2021, around 2.14 billion people purchased goods or services online, and the e-retail 

sales surpassed 4.87 trillion U.S. dollars worldwide. Comparatively, in 2014, these two 

figures are only 1.32 billion and 1.33 trillion, respectively (Statista, 2021). From a long-

term perspective, such rapid evolution of ICT applications would significantly change 

or even re-shape individuals’ behavior and lifestyles over time, including their daily 

activity-travel behavior (El Zarwi et al., 2017). On the other hand, people’s use of and 

reliance on ICT in their daily lives is rapidly increasing. A report from the UK’s Office 

of Communications (Ofcom) showed that the time spent online by UK adults doubled 

from around 10 hours per week in 2005 to over 20 hours per week in 2013 (Ofcom, 

2015). Similarly, the USC Annenberg School Center for the Digital Future (2013) 

reported that the average time spent on the Internet by Americans was around 20.4 

hours per week in 2012, which is more than twice the hours spent online in 2000. Due 

to time constraints (i.e., the total time available in a day), it is possible that such a rapid 

increase in time spent on the Internet would lead to a reduction in physical activity and 

travel. Therefore, there is a need for analyses taking a dynamic or temporal perspective 

in investigating the relationships between time spent using ICT and travel. However, 

the majority of existing studies on ICT–travel relationships take a cross-sectional 

approach without considering such temporal evaluations. To a large extent, the scarcity 

of studies taking such temporal or longitudinal perspective is a result of the lack of 

(quasi-)longitudinal data sources (panel or repeated cross-sectional data). 

The objective of this paper is to examine the role of residential location (i.e., urban, 

town and rural) in determining the relationships between ICT use and individuals’ 

activity-travel time use for maintenance and leisure purposes over time. We used 

combined datasets derived from two similarly structured household surveys taken in 

Scotland by the same survey company (Ipsos MORI): the 2005/06 Scottish Household 

Survey (SHS) and the 2015 Integrated Multimedia City Data (iMCD) Survey. Moreover, 

we adopted the multiple discrete-continuous extreme value (MDCEV) model for the 

main analyses. As all the dataset information on individuals’ use of the Internet only 
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suggests their usage for non-work purposes, travel behavior characteristics examined 

in this study are for non-work or non-mandatory activity purposes (i.e., maintenance 

and leisure activity purposes). Specifically, we investigate how the relationships 

between the time spent on the Internet and activity-travel time use for non-mandatory 

(maintenance and leisure) purposes had varied according to residential location, 

including urban, town, and rural areas where the level of accessibility is different over 

the period between 2005/06 and 2015. The paper is organized as follows. Section 2 

provides a review of existing studies on the longitudinal ICT–travel relationships and 

interactions between built environment, travel behavior and ICT use. Section 3 provides 

detailed information on the empirical data and variables used in this study. The detailed 

explanations about analytical model (MDCEV) and results are presented in Section 4 

and 5, respectively. Finally, Section 6 concludes the summaries and conclusions. 

 

2. LITERATURE REVIEW 

The main aim of this paper is to examine the variations in the relationships between 

ICT use and activity-travel behavior according to residential location over time. Hence, 

in this section, we will review two relevant research streams: 1) longitudinal ICT–travel 

relationships and 2) built environment, travel behavior and ICT use. 

 

2.1 Longitudinal ICT–travel relationships 

Based on data collected at a specific point of time, most existing studies on the 

relationships between ICT use and mobility behavior have been performed from a 

cross-sectional perspective, by which immediate ICT–travel interactions are examined. 

By contrast, some research, fueled by the availability of (pseudo-)panel data, has taken 

a longitudinal approach to investigate the evolution of such interactions over time. For 

instance, Mokhtarian and Meenakshisundaram (1999) employed a disaggregate, 

longitudinal structural equations model (SEM) to examine the complex 

interrelationships between the amount of travel and different forms of communication, 

including personal meetings, transfer of informative objects, phone, fax, and email, 

between 1994–95. They found no significant cross-sectional or longitudinal 

relationships between electronic forms of communication and personal meetings or 

trips. By contrast, Choo and Mokhtarian (2007) analyzed the aggregate relationships 

between telecommunications, measured as number of local phone calls, and passenger 

vehicle-miles traveled, by using SEM and national time-series data (from 1950–2000) 

in the US. Their findings showed that as telecommunications demand increases, travel 

demand increases, and vice versa. 

Using the Puget Sound Transportation Panel (PSTP) data, Kim and Goulias (2004) 

also adopted the SEM approach to examine the relationships between time spent in 

daily activities and travel, daily frequencies of travel mode use, and changes in ICT use 

between 1997–2000. Their findings indicated that the effects of changes in ICT use 

depended on the location of the technology used (home or workplace) and its mobility. 

For example, the use of computers and Internet at work tends to encourage subsistence 

activity and discourage leisure activity and related trip-making. However, the use of 

computers and the Internet at home tend to have the opposite effects on the activity 
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engagement for the two purposes. 

Based on the Swedish National Communication Survey data (1997–2001), Thulin 

and Vilhelmson (2006) undertook a longitudinal analysis to investigate the effects of 

young people’s changing use of ICT on their in-home and out-of-home activity over 

time. The findings of this study suggested that increased computer use during the study 

period had no significant effects on young people’s time use for out-of-home activity, 

but significantly displaced other in-home activities. 

By using the UK Opinions and Lifestyle Survey data from the period between 

2005–2010, Pawlak et al. (2015) developed a method of pooling independently 

collected cross-sectional datasets across time (PICSaT) and employed structural 

equation models to examine the changes in the interactions between different ICT 

adoptions and travel behavior. They found that young to middle-aged, well-educated, 

and employed males, as well as those with good access to ICT facilities, were the most 

likely early adopters of reduced work-related travel, reduced travel during peak or 

increased tele-shopping as a result of adoption of tele-conferencing and tele-services or 

more non-work-related travel, respectively. 

Based on the longitudinal datasets derived from the 2004 British Household Panel 

Survey and the Understanding Society Survey (Wave 4, 2012/14), Wu et al. (2019) 

developed a structural equation model to explore how changes in young people’s use 

of the Internet while transitioning from adolescence to adulthood were related to 

sustainable travel patterns in their adulthood. Their findings showed that young adults’ 

past ICT experience in adolescence greatly shaped the relationships between their 

current use of the Internet and travel mode use. More specifically, the experienced users, 

who were heavy Internet users in both their adolescence and adulthood, tended to have 

more sustainable travel patterns under the influence of the Internet use compared to the 

new heavy users, who were light Internet users in their adolescence but became heavy 

users in adulthood. 

It is clear that the longitudinal analyses above are generally based on the fact that 

there is increasing advancement and adoption of ICT for daily use, which may lead to 

dynamic ICT–travel relationships over time. 

 

2.2 Built environment, travel behavior and ICT use 

The relationships between built environment and individuals’ mobility behavior have 

been well studied, primarily in terms of four dimensions: spatial density, spatial 

diversity, neighborhood design, and accessibility.  

Empirical findings generally suggest that higher density is associated with lower 

car ownership and dependency (Cervero & Kockleman, 1997; Pickrell & Schimek, 

1999; Frank et al., 2000; Chatman, 2008; Hong et al., 2014), more public transportation 

use (Reilly & Landis, 2003; Kuby et al., 2004; Zhang, 2004; Cervero, 2006; Frank et 

al., 2008), and more walking and cycling (Greenwald & Boarnet, 2001; Zhang, 2004; 

Boarnet et al., 2011; Hong & Chen, 2014). Additionally, people living in dense areas 

also tend to travel shorter distances and spend less time traveling on average (Dargay 

& Hanly, 2004; Schwanen et al., 2004; Hammadou et al., 2008). 

The second dimension is diversity. Spatial or land use diversity is defined as the 
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degree to which related land uses (e.g., housing, office, retail) are located together 

(Litman, 2017), or the extent to which several types of land use are mixed in the same 

environment (Tanimowo, 2006). In terms of transportation effects, increasing diversity 

could reduce vehicle dependency (Chapman & Frank, 2004) and increase the likelihood 

of using public transportation and slow modes (walking and cycling) (Rajamani et al., 

2003; Rielly & Landis, 2003; Bento et al., 2005; Frank et al., 2008). 

Neighborhood design also potentially shapes activity-travel patterns. Neighborhood 

design can be generally characterized by the classification of neighborhoods, with an 

intensive urban grid-like neighborhood and a sparse suburban neighborhood as 

extremes (McNally & Kulkarni, 1997; Van Acker & Witlox, 2010). Sparse suburban 

neighborhoods feature low density and diversity, high numbers of cul-de-sac street 

networks, and auto-centered developments, which are all normally related to higher car 

ownership per capita and more vehicle use (McNally & Kulkarni, 1997; Gorham, 2002). 

In contrast, intensive urban grid-like neighborhoods are characterized by short blocks, 

complete sidewalk systems, an absence of cul-de-sacs, and pedestrian-oriented designs 

(Ewing & Cervero, 2010). Such neo-traditional neighborhoods tend to promote non-

motorized travel, including walking and biking (Frank et al., 2008; Greenwald & 

McNally, 2008; Chatman, 2009). 

Accessibility is the fourth dimension of built environment that characterizes travel 

behavior. Studies have mostly focused on the effects of regional and public 

transportation accessibility on travel outcomes. Regional accessibility is normally 

measured as the proximity and connectivity of a certain site location, such as a housing 

area, to the regional center (e.g., CBD area) or specific activity locations, such as the 

office, shop, bank, school, or hospital (Badoe & Miller, 2000; Litman, 2017). Findings 

of empirical studies reveal that sites with high accessibility are negatively associated 

with car ownership and use (Simma & Axhausen, 2003; Boarnet et al., 2004; Cervero 

& Duncan, 2006; Chen et al., 2008) and positively related to walking and cycling 

(Simma & Axhausen, 2003; Naess, 2005). Accessible sites that are adequately 

connected by public transportation generally promote transit-oriented travel and 

discourage vehicular travel (Lund et al., 2004; Bento et al., 2005; Cervero, 2006). 

In addition, some studies have revealed the potential connections between built 

environment and ICT use. For instance, Farag et al. (2007) examined how frequency of 

online searching, online buying, and non-daily shopping trips relate to each other by 

employing the structural equations model. Their findings suggested that searching 

online positively affects the frequency of shopping trips, which in turn positively 

influences buying online. Moreover, they found that urban residents shop online more 

often than suburban residents, and those living in neighborhoods with good 

accessibility to shops tend to search online less often but do in-store shopping more 

often. 

Tang et al. (2011) investigated the effects of residential neighborhood built 

environment factors on working from home using data from a survey of eight 

neighborhoods in Northern California. Their results showed that people who perceive 

that their neighborhoods have good regional accessibility are less likely to work from 

home due to the reduced benefit of commute reduction. They also found that people 
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living in neighborhoods with a higher density of eating-out places are more likely to 

work from home, whereas those living in neighborhoods with a higher density of 

institutions (e.g., churches, libraries, post offices, banks) have a lower propensity to 

work from home. 

In sum, although the temporal variations in the relationships between ICT use and 

activity-travel behavior over time have been suggested by some (quasi-)longitudinal 

studies, they have not been thoroughly examined, mostly due to the scarcity of 

longitudinal data sources in research practices. Since people are spending more time on 

the Internet, as previously illustrated, it might be necessary to investigate how the 

changes in the amount of time spent on the Internet are associated with individuals’ 

activity-travel behavior from a temporal or longitudinal perspective. In addition, since 

built environment has associations with both individuals’ mobility behavior and use of 

ICT, there might be a need to examine the complex interactions among ICT use, 

activity-travel behavior, and built environment. Although our previous study (Hong & 

Thakuriah, 2016) showed that residential place matters when people plan their 

motorized trips with respect to the influence of the Internet use on travel, it only adopted 

the trip-based models and a cross-sectional perspective. Therefore, after taking an 

activity-based approach and a (quasi-)longitudinal perspective, this study utilizes the 

amount of time spent on the Internet and activity-travel time use to examine how the 

Internet use is associated with individuals’ mobility behavior and how such associations 

vary according to peoples’ residential location over time. 

 

3. DATA AND VARIABLES 

 

3.1 Data sources 

This study utilizes datasets derived from two large-scale household surveys in Scotland: 

the 2005/06 Scottish Household Survey (SHS) and the 2015 Integrated Multimedia City 

Data (iMCD) Survey. The SHS, started in 1999, is a continuous survey based on a 

sample of the general population in private residences across Scotland. This survey 

collects up-to-date information about the composition, characteristics, attitudes, 

behavior, and travel patterns of Scottish households and individuals, both nationally 

and at the local level. It was initially based on two-year rolling samples but changed to 

a one-year basis survey in 2012. The iMCD survey is part of a multi-strand data 

infrastructure project conducted by the Urban Big Data Centre at the University of 

Glasgow (Thakuriah et al., 2020). Based on a sample of the general population across 

the eight local authorities in the Glasgow and Clyde Valley (GCV) area, the iMCD 

survey includes multi-topic information at both the household and individual levels as 

well as a one-day travel diary. Apart from covering the areas of Scotland, the iMCD 

survey also employed the same methodologies developed by the SHS, such as survey 

structuring, sampling, data collection, and weighting (Ipsos MORI, 2015). 

The main reason for adopting two survey datasets, rather than relying on the SHS 

alone with a selection of its two cross-section waves, is that the key information for this 

study—the amount of time spent on the Internet—has not been included as part of the 

SHS since 2007. By contrast, the 2015 iMCD survey collected information on 
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individuals’ time use online by re-adopting the question that was excluded in later SHS 

waves. Both surveys mainly consist of two questionnaire components. The household 

reference person, who was the highest income householder (HIH) or his/her spouse or 

partner, was first asked questions about the overall conditions of the household, such 

as composition, total income, accommodation, housing and tenure, vehicles available 

to the household, and access to the Internet. Adults in the household were then asked 

the majority of the questions designed to collect personal information, such as socio-

demographics, personal income, travel, use of public transportation and the Internet. In 

addition, the interviewees were asked to complete a travel diary in both surveys; this 

exercise collected detailed information on any personal travel the interviewees did on 

the day before the interview (e.g., start and end time of each trip, origin and destination 

of each trip, and travel modes). There is still one difference between the two surveys: 

The SHS only interviewed one random adult from each household for individual and 

travel information collection, while the iMCD survey interviewed all the adults in the 

household. 

To further investigate the comparability of the two surveys, the key socio-

demographics of respondents from the 2015 iMCD survey and the 2015 SHS for the 

same local authorities in the GCV area are summarized and compared in Table 1. The 

statistics appear to show that the main demographic characteristics revealed by the two 

surveys are quite analogous. Both t-tests and chi-square tests were conducted to 

determine if any significant differences between the mean/percentage statistics of the 

two survey samples exist. The results suggest that the two groups of statistics are not 

statistically different at the 0.05 level of significance. This implies that the 2015 iMCD 

survey could be treated as a continuation of the early SHS waves (pre-2007). A total of 

2,095 individual interviews were achieved in the iMCD survey, while the GCV sample 

size of the 2005/06 SHS was 8,436. 

 

3.2 Variables and their descriptive statistics 

The main variables examined in this study include activity-travel time use, access to 

and time spent on the Internet, socio-demographics, residential location/neighborhood, 

and travel date. In the travel diary datasets of the two surveys, the individuals’ journey 

duration was indicated in minutes for each trip on a given day. The time use for out-of-

home activity was then calculated by subtracting the arrival time of the last trip from 

the departure time of the next trip. In addition, 21 activity types in the original dataset, 

recorded as the purposes for each journey for each person, were classified into three 

activity categories based on previous studies and practices analyzing activity-travel 

time use (Reichmann, 1976; Lu & Pas, 1999; Srinivasan & Bhat, 2005; Wang & Law, 

2007), namely: mandatory/subsistence activities (e.g., work, studying at school/college, 

attending training schemes), maintenance activities (e.g., shopping, banking, doctor 

visits, picking-up/dropping-off children), and leisure activities (e.g., visiting friends, 

sporting activities, day trips, entertainment activities). By doing so, individuals’ time 

use in activities and trip-making for both mandatory and non-mandatory purposes was  
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Table 1 Comparison of demographics of respondents between the 2015 iMCD 

survey and the 2015 SHS (Glasgow and Clyde Valley samples)  

 2015 iMCD  2015 SHS (GCV samples) 

 Mean/Percentage S.D. Mean/Percentage S.D. 

Age 49.42 18.91 50.93 18.42 

16–24 11.55%  10.10%  

25–34 14.42%  14.11%  

35–44 15.89%  15.17%  

45–59 25.87%  26.56%  

60–74 21.62%  22.34%  

75+ 10.65%  11.72%  

Gender      

Male 45.68%  44.76%  

Female 54.32%  55.24%  

Employment status     

Self employed 5.12%  4.17%  

Employed full time 32.68%  34.18%  

Employed part time 8.66%  10.85%  

Looking after the home/family 5.07%  4.97%  

Permanently retired from work  28.09%  29.64%  

Unemployed and seeking work 7.03%  3.94%  

At school 1.10%  0.76%  

In further/higher education 5.64%  3.37%  

Government work/training 

scheme 

0.00%  0.01%  

Permanently sick or disabled 3.49%  6.35%  

Unable to work due to short-

term illness 

1.72%  1.16%  

Other 1.40%  0.60%  

Household size 2.23 1.26 2.13 1.18 

Number of kids in household 0.43 0.85 0.40 0.79 

Number of cars in household     

0 33.33%  36.50%  

1 42.24%  40.53%  

2 19.31%  18.97%  

3 and plus 5.12%  4.00%  

Living in urban areas  94.13%  96.41%  

Sample size 2,095 2,756 
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measured. In this study, activity-travel time use for non-mandatory purposes 

(maintenance and leisure purposes) was used as a dependent variable, while that of out-

of-home mandatory activities was employed as an independent variable. This is because 

mandatory activities could greatly determine the patterns of undertaking other activities 

and associated trip-making (Hägerstrand, 1970; Cullen & Godson, 1975; Bhat et al., 

2004). For modeling purposes (see Section 4), along with the time spent on each of the 

aforementioned activities and trips, the time spent on “other” activities that included 

any other types of daily activities, such as in-home activities without travel needs, was 

also computed by subtracting the total amount of time spent on mandatory and non-

mandatory outdoor activities and associated trips, as well as daily sleep duration 

(assumed to be 7 hours a day) from the total daily time budget (24 × 60 = 1,440 minutes). 

Moreover, the date of the activity and trip-making (weekdays or weekends) was also 

included as an independent variable in this study, as many studies (Bhat & Misra, 1999; 

Schlich & Axhausen, 2003; Zhong et al., 2008; Gim, 2018;) have shown that 

individuals’ activity-travel patterns for different purposes vary greatly between 

weekdays and weekends. 

We also calculated the amount of time spent on the Internet based on two questions 

in both the SHS and iMCD surveys. Both surveys ask each respondent whether they 

use the Internet for personal (non-work) purposes. If the answer is yes and that person 

is selected to complete the second survey component, both surveys ask how many hours 

a week the person spends on the Internet for personal purposes. By combining these 

two questions, we developed the Internet use variable, which has six categories: never 

use, up to 1 hour, from 1 hour up to 5 hours, from 5 hours up to 10 hours, from 10 hours 

up to 20 hours, and over 20 hours.    

Several socio-demographic variables and travel dates were also measured and 

controlled in the main analyses. They include age, gender, number of children, 

possession of a valid driver’s license, annual personal income, employment status, 

Internet access at home and travel dates. Since the effects of inflation lead to the natural 

growth of nominal income over the years, they need to be normalized. Therefore, the 

2015 income values were adjusted to the 2005/06 British Pound value according to the 

UK Consumer Prices Index published by the Office for National Statistics (ONS).  

In addition, three neighborhood factors widely used in previous studies (e.g., Cao 

et al., 2007; Aditjandra et al., 2009; Clark et al., 2014; Hong & Thakuriah, 2016) were 

included in our models. First, the variable of preferred accessibility was created based 

on a set of preference questions. Both the 2005/06 SHS and the iMCD surveys ask 

respondents several similar yes/no questions about aspects of the immediate 

neighborhood people particularly like. Answers (“yes” = 1, “no” = 0) from eight 

questions (i.e., good public transportation, convenient amenities, good local shops, 

good local leisure facilities, good local schools, good facilities for children and young 

people, accessible/good location/handy, and near work) were summarized to create the 

preferred accessibility index, which is the average value of the sum of the eight answer 

values. Additionally, nine safety-related questions are similarly asked by both surveys 

and answers are still based on a yes/no choice. These questions are in regard to the 

presence of fast/speeding traffic, inadequate street lighting, unsafe area/crime, 
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vandalism and graffiti, drug abuse and dealing, alcohol abuse, litter and rubbish lying 

around, environmental noise, and lack of policing within the neighborhood. Likewise, 

the perceived unsafety variable was generated by taking the average of the sum of the 

nine 1/0 answers. However, contrary to the preferred accessibility index which suggests 

a higher level of accessibility with a higher value, the perceived unsafety index indicates 

a lower level of neighborhood safety with a higher value. Thirdly, the Scottish Index of 

Multiple Deprivation (SIMD) rank quintile was included. The SIMD is the Scottish 

Government’s standard tool for identifying concentrations of deprivation in small 

geographical areas (data zones) of Scotland. The index is organized across seven 

distinct domains: income, employment, health, education, skills and training, 

geographic access to services, crime, and housing (Scottish Government, 2020). Those 

domains are combined and weighted appropriately to calculate the SIMD which 

represents the overall measure of multiple deprivation experienced by people living in 

specific areas (i.e., data zones). All areas in Scotland are then ranked according to their 

level of deprivation relative to that of other areas; a higher rank suggests a more 

deprived situation. The Scottish Government groups the ranks into five quintiles, with 

1 suggesting the 20% most deprived areas and 5 suggesting the 20% least deprived 

areas. Therefore, the SIMD rank quintile is an ordered variable, with a higher value 

indicating a less deprived situation. 

Finally, both surveys employ an eightfold urban/rural classification to define the 

types of residential area (i.e., large urban areas, other urban areas, accessible small town, 

remote small town, very remote small town, accessible rural areas, remote rural areas, 

and very remote rural areas – see Table A in appendix). The classification has been 

adopted by the Scottish Government and created based on population levels (e.g., large 

urban areas are the settlements of over 125,000 people) and the distance from a place 

with a settlement of 10,000 or more people (see Table A). That is, the variable was 

created based on population density and accessibility. We re-grouped the eight 

categories into three, i.e., urban areas (consisting of large and other urban areas), town 

areas (consisting of accessible, remote, and very remote small towns), and rural areas 

(consisting of accessible, remote, and very remote rural areas), to examine the role of 

residential location in determining the relationships between time spent on the Internet 

and activity-travel time use in our models. In our re-defined threefold urban/rural 

classification, urban areas are the settlements of 10,000 or more people, town areas are 

the settlements of 3,000 to 9,999 people, and rural areas are the settlements of less than 

3,000 people. 

Table 2 shows all the variables included in this study, as well as descriptive statistics 

of each variable for observations in urban, town, and rural areas in 2005/06, while Table 

3 shows such statistics in 2015. As presented in the two tables, individual activity 

duration and travel time for both maintenance and leisure purposes, which are measured 

in minutes and treated as dependent variables in this study, have generally decreased 

on average during the past decade. However, the average time use for undertaking 

mandatory activities has moderately increased. In both survey years, the minimum 

activity-travel time use for each mandatory and non-mandatory activity purpose is zero, 

suggesting that an individual might not undertake all of those types of out-of-home 
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Table 2 Variables used in the current study and their descriptive statistics in 2005/06 

 Total Urban Town Rural 

Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. 

Activity-travel time use (minutes)             

Maintenance activity duration 59.62 .00 630.00 59.65 .00 630.00 62.04 .00 628.00 56.81 .00 630.00 

Maintenance travel time 42.93 .00 588.00 42.47 .00 588.00 43.23 .00 585.00 49.50 .00 579.00 

Leisure activity duration 53.63 .00 612.00 50.53 .00 610.00 56.09 .00 612.00 46.50 .00 596.00 

Leisure travel time 33.42 .00 590.00 32.78 .00 580.00 41.13 .00 582.00 32.93 .00 590.00 

Mandatory activity duration 141.61 .00 970.00 141.92 .00 970.00 140.30 .00 953.00 141.50 .00 920.00 

Other activity duration 670.80 50.00 1015.00 672.20 50.00 1015.00 659.20 105.00 1010.00 657.00 70.00 1008.00 

Socio-demographics             

Age 16–34 (reference) 25.40% .00 1.00 26.19% .00 1.00 19.76% .00 1.00 19.58% .00 1.00 

Age 35–55 41.25% .00 1.00 40.47% .00 1.00 48.38% .00 1.00 45.48% .00 1.00 

Age > 55 33.35% .00 1.00 33.34% .00 1.00 31.86% .00 1.00 34.94% .00 1.00 

Gender (female = 1) 55.96% .00 1.00 56.17% .00 1.00 56.05% .00 1.00 52.71% .00 1.00 

No. of kids .52 .00 6.00 .51 .00 6.00 .64 .00 5.00 .55 .00 5.00 

Driving license (own = 1) 69.58% .00 1.00 68.17% .00 1.00 77.88% .00 1.00 81.93% .00 1.00 

Personal income  

(thousands of Pounds) 

13.24 .00 141.37 13.20 .00 141.37 16.21 .22 134.80 15.78 .00 113.48 

Employment (employed = 1) 58.32% .00 1.00 59.96% .00 1.00 62.54% .00 1.00 62.65% .00 1.00 

Internet access at home 46.77% .00 1.00 48.93% .00 1.00 45.68% .00 1.00 44.11% .00 1.00 

Travel date (weekdays = 1) 82.33% .00 1.00 83.04% .00 1.00 81.89% .00 1.00 82.45% .00 1.00 
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 Total Urban Town Rural 

 Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. 

SIMD rank quantile (20%)             

1 (the 20% most deprived) 32.97% .00 1.00 35.98% .00 1.00 8.26% .00 1.00 13.86% .00 1.00 

2 20.10% .00 1.00 20.03% .00 1.00 20.94% .00 1.00 20.18% .00 1.00 

3 17.36% .00 1.00 16.03% .00 1.00 23.30% .00 1.00 31.02% .00 1.00 

4 13.16% .00 1.00 12.08% .00 1.00 17.70% .00 1.00 24.40% .00 1.00 

5 (the 20% least deprived) 16.41% .00 1.00 15.86% .00 1.00 29.80% .00 1.00 10.54% .00 1.00 

Neighborhood             

Preferred accessibility .10 .00 .75 .11 .00 .75 .06 .00 .50 .03 .00 .38 

Perceived unsafety .05 .00 .67 .05 .00 .67 .03 .00 .56 .03 .00 .44 

Residential locations             

Urban (reference) 87.94% .00 1.00 – – – – – – – – – 

Town 6.09% .00 1.00 – – – – – – – – – 

Rural 5.97% .00 1.00 – – – – – – – – – 

Internet use             

Never (reference) 46.27% .00 1.00 45.47% .00 1.00 47.47% .00 1.00 48.49% .00 1.00 

Up to 1 hour 14.97% .00 1.00 13.94% .00 1.00 15.11% .00 1.00 16.55% .00 1.00 

1 up to 5 hours 23.01% .00 1.00 22.44% .00 1.00 24.25% .00 1.00 25.01% .00 1.00 

5 up to 10 hours 8.93% .00 1.00 9.15% .00 1.00 7.82% .00 1.00 7.23% .00 1.00 

10 up to 20 hours 4.40% .00 1.00 5.25% .00 1.00 3.87% .00 1.00 1.41% .00 1.00 

Over 20 hours 2.42% .00 1.00 3.75% .00 1.00 1.48% .00 1.00 1.31% .00 1.00 

Sample size 5,006 4,402  305   299  
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Table 3 Variables used in the current study and their descriptive statistics in 2015 

 Total Urban Town Rural 

Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. 

Activity-travel time use (minutes)             

Maintenance activity duration 56.53 .00 618.00 56.82 .00 618.00 58.97 .00 565.00 50.36 .00 597.00 

Maintenance travel time 39.72 .00 585.00 39.64 .00 585.00 34.28 .00 578.00 41.62 .00 570.00 

Leisure activity duration 48.21 .00 582.00 48.85 .00 578.00 46.11 .00 582.00 47.19 .00 558.00 

Leisure travel time 30.65 .00 588.00 31.37 .00 584.00 27.32 .00 560.00 28.22 .00 588.00 

Mandatory activity duration 160.40 .00 976.00 161.78 .00 976.00 157.80 .00 907.00 159.40 .00 885.00 

Other activity duration 687.40 44.00 1020.00 686.80 44.00 1020.00 679.90 85.00 1010.00 715.00 130.00 990.00 

Socio-demographics             

Age 16–34 (reference) 25.67% .00 1.00 26.88% .00 1.00 25.64% .00 1.00 8.79% .00 1.00 

Age 35–55 39.20% .00 1.00 37.38% .00 1.00 35.04% .00 1.00 37.36% .00 1.00 

Age > 55 35.13% .00 1.00 35.74% .00 1.00 39.32% .00 1.00 53.85% .00 1.00 

Gender (female = 1) 53.81% .00 1.00 53.84% .00 1.00 47.01% .00 1.00 60.44% .00 1.00 

No. of kids .47 .00 5.00 .48 .00 5.00 .57 .00 4.00 .30 .00 4.00 

Driving license (own = 1) 67.75% .00 1.00 65.05% .00 1.00 76.07% .00 1.00 93.41% .00 1.00 

Personal income  

(thousands of Pounds) 

11.85 .00 112.18 11.82 .00 111.55 14.30 .00 74.00 14.39 .00 112.18 

Employment (employed = 1) 52.88% .00 1.00 52.80% .00 1.00 53.70% .00 1.00 53.45% .00 1.00 

Internet access at home 86.21% .00 1.00 88.48% .00 1.00 86.16% .00 1.00 84.33% .00 1.00 

Travel date (weekdays = 1) 82.81% .00 1.00 82.76% .00 1.00 81.83% .00 1.00 82.95% .00 1.00 
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 Total Urban Town Rural 

 Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. Mean/ 

Percentage 

Min. Max. 

SIMD rank quantile (20%)             

1 (the 20% most deprived) 27.76% .00 1.00 28.92% .00 1.00 28.21% .00 1.00 8.79% .00 1.00 

2 18.80% .00 1.00 20.61% .00 1.00 13.68% .00 1.00 13.19% .00 1.00 

3 15.16% .00 1.00 16.61% .00 1.00 8.55% .00 1.00 14.29% .00 1.00 

4 16.64% .00 1.00 13.95% .00 1.00 11.97% .00 1.00 38.46% .00 1.00 

5 (the 20% least deprived) 21.64% .00 1.00 19.91% .00 1.00 37.59% .00 1.00 25.27% .00 1.00 

Neighborhood             

Preferred accessibility .26 .00 .88 .27 .00 .88 .21 .00 .88 .20 .00 .63 

Perceived unsafety .04 .00 .78 .04 .00 .78 .01 .00 .22 .01 .00 .11 

Residential locations             

Urban (reference) 85.99% .00 1.00 – – – – – – – – – 

Town 7.88% .00 1.00 – – – – – – – – – 

Rural 6.13% .00 1.00 – – – – – – – – – 

Internet use             

Never (reference) 16.85% .00 1.00 15.79% .00 1.00 17.09% .00 1.00 19.69% .00 1.00 

Up to 1 hour 3.17% .00 1.00 2.35% .00 1.00 5.12% .00 1.00 6.30% .00 1.00 

1 up to 5 hours 11.32% .00 1.00 10.66% .00 1.00 12.50% .00 1.00 15.78% .00 1.00 

5 up to 10 hours 23.92% .00 1.00 24.12% .00 1.00 22.79% .00 1.00 21.07% .00 1.00 

10 up to 20 hours 24.12% .00 1.00 25.22% .00 1.00 22.93% .00 1.00 19.83% .00 1.00 

Over 20 hours 20.62% .00 1.00 21.86% .00 1.00 19.57% .00 1.00 17.33% .00 1.00 

Sample size 1,484 1,066  217   201  
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activities on a specific day. By contrast, the minimum values of time use for other 

activities are greater than zero in both years, implying that all individuals in the two 

samples spent more or less time on those activities in a day. Such findings reveal that, 

compared to outdoor activities, people are generally more likely to invest time in in-

home activities on a daily basis. 

In terms of socio-demographic features, the age structure of adult samples in the 

two surveys is quite similar: middle-aged people account for the largest proportion 

(around 40%) of the whole sample in both surveys. While younger people (aged 16–

34) are more inclined to live in urban areas, older people (aged over 55) tend to live in 

town and rural areas. In both survey periods, females make up a slightly greater 

proportion than males, accounting for 53–56% of the total sample. The average number 

of children in a family slightly decreases from 0.52 in 2005/06 to 0.47 in 2015. Similarly, 

the ratio of driver’s license ownership declines mildly over the previous decade (from 

69% to 67%) and is higher among adults in more remote areas than urban areas in both 

years. After adjusting the nominal income values in 2015 for a better comparison, the 

average annual personal income during the past decade witnessed a decrease from 

£13,240 to £11,850 for the full sample. Compared with city dwellers, those residing in 

town and rural regions have higher levels of income in general. The employment rate 

also generally decreased over the ten years, whereas the ratio of individuals having 

access to the Internet at home surged from 47% in 2005/06 to 86% in 2015 for the full 

sample. The more remote people’s residence locations are, the less likely they are to 

have Internet access at home, which suggests the locational disparities in ICT 

infrastructure provisions. In both survey samples, the majority of the respondents (over 

80%) reported their daily activity-travel information on weekdays. 

As for the SIMD rank of people’s residence places, urbanites are more likely to live 

in the most deprived areas than those residing in town and rural areas. Moreover, the 

perceived neighborhood variables show that urban residents like shops, facilities, 

public transportation and other location-related attributes in their neighborhoods more 

than those living in towns and rural areas (partly because they have such attributes more 

often) but perceive their neighborhoods to be slightly more unsafe compared to other 

residents on average. Additionally, the overwhelming majority of respondents (over 

85%) in both survey samples lived in urban areas, though this rate decreased mildly 

over the past decade.  

In terms of time spent on the Internet, which is the focus of this study, people 

generally spent much more time online for personal or non-work purposes at the end of 

the ten-year period. The ratio of non-users of the Internet for personal purposes 

substantially decreased from 46% in 2005/06 to less than 17% in 2015 for the full 

survey sample. In addition, higher ratios of non-users are seen in the more remote areas 

than in the cities, which implies the existence of a digital divide in Scotland. Another 

substantial change occurs in the structure of users of the Internet. In 2005/06, most users 

in the full sample spent no more than five hours online per week (i.e., “light users”), 

whereas by 2015 the majority of the full sample dedicated over five hours to the Internet 

for personal purposes (i.e., “medium-to-heavy users”). In 2015, over 20% of the full 

adult sample spent more than 20 hours per week online, whilst this proportion was 
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almost negligible (less than 3%) in 2005/06. The Internet obviously increasingly 

penetrated individuals’ personal lives during the previous decade. Additionally, the 

more remote people’s residences are, the lower the ratio of medium-to-heavy Internet 

users is. Such locational differences in ICT usage might be jointly determined by the 

adequacy of ICT infrastructure provisions and residents’ digital literacy, which are the 

abilities necessary to utilize ICT in daily life. 

 

4. METHODS AND MODELS 

The dependent variables considered in this study are the amount of time spent on 

maintenance and leisure activities and associated travel. On a specific day, an individual 

might be forced to decide how to make the most effective use of their limited time to 

satisfy their daily demands due to temporal constraints. Therefore, they may have to 

decide which activities to undertake and how long to perform each activity and its 

associated travel. The previous descriptive analysis (see Tables 2 and 3) shows that a 

person may not have participated in all types of activities in a given day. For instance, 

around 36% and 44% of the individuals in the 2005/06 SHS-GCV sample did not 

undertake any maintenance and leisure activities, respectively, on the day before the 

survey interview. In the 2015 iMCD sample, those rates were approximately 33% and 

40%. Considering the existence of the joint decision-making mechanism of individuals’ 

activity and time allocation behavior, this study adopts the multiple discrete-continuous 

extreme value (MDCEV) model. 

The MDCEV model was initially proposed by Bhat (2005) to model multiple 

discreteness simultaneously. Since it was first developed to examine individuals’ 

discretionary time-use decisions on how they allocated continuous amounts of time to 

perform different leisure-related activities, the MDCEV model, as well as its various 

extensions, has been extensively applied in transportation studies. Examples of its 

applications include vehicle ownership and usage (Bhat & Sen, 2006; Sen, 2006; Imani 

et al., 2014; Augustin et al., 2015), activity-travel time use (Kapur & Bhat, 2007; Spissu 

et al., 2009; Chikaraishi et al., 2010; Wang & Li, 2011), transportation expenditure 

(Pinjari, 2011), vacation travel (Wu et al., 2011; Pinjari & Sivaraman, 2013), and social 

networking and communication (Calastri et al., 2017).  

The MDCEV model is derived coherently with the random utility maximization 

theory. Different from traditional choice modes, the MDCEV model relaxes the 

assumption of the alternatives being mutually exclusive by allowing the choice of 

multiple goods. The non-linear formulation of the utility function ensures that the 

consumption of one good does not affect the utility of the others (Calastri et al., 2017). 

The presence of both a discrete and a continuous choice dimension in the model enables 

modeling of the behavior of individuals who choose a number of different options at 

the same time (e.g., performing maintenance and leisure activities and associated trips 

in a day) and, for each of them, a continuous amount to consume (e.g., the amount of 

time spent on activity participation and trip-making) simultaneously. People make their 

consumption decisions in order to maximize a direct utility function U(x), where vector 

x is the non-negative quantity of consumption for each of the total k goods/alternatives, 

x = (x1,…, xk). The total expenditure that an individual can allocate to the purchase and 
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consumption of goods is subject to budget constraint E as follows: 

 

∑ 𝑥𝑘 ≤ 𝐸𝐾
𝑘=1        (1) 

 

which is 1,440 minutes (24 hours) in this study. It is common that x also includes 

outside goods that are consumed to at least some degree by all individuals in the sample 

and are normally considered the base alternative in the model (Bhat, 2008; Spissu et al., 

2009; Calastri et al., 2017). In this study, such outside goods are the other activities that 

all individuals undertake to some extent in a day (see Tables 2 and 3).  

Bhat (2008) defines the utility that an individual acquires for allocating the 

consumption quantity xk to each of the alternative to be as follows: 

 

U(𝒙) =
1

𝛼1
𝜓1𝑥1

𝛼1 +∑
𝛾𝑘

𝛼𝑘

𝐾
𝑘=2 𝜓𝑘 {(

𝑥𝑘

𝛾𝑘
+ 1)

𝛼𝑘
− 1}   (2) 

 

where alternative 1 is assumed to be the outside good. In Eq. (2), U(x) is a quasi-

concave, increasing, and continuously differentiable function with respect to x and 𝛾𝑘, 

and 𝛼𝑘  and 𝜓𝑘  are parameters associated with alternative k. 𝛼𝑘  is the satiation 

parameter that reduces the marginal utility with increasing consumptions of alternative 

k. It controls the satiation effect by exponentiating the consumption quantity. 𝛼𝑘 could 

be any value that is smaller or equal to 1, and lower 𝛼𝑘 value suggests faster satiation. 

𝛾𝑘 is a translation parameter that determines if corner solutions (an individual has zero 

consumption for any alternative other than the outside good) or interior solutions (an 

individual has non-zero consumption quantities for all alternatives) are allowed. 

Moreover, 𝛾𝑘 also controls the satiation effect by translating the consumption quantity. 

A higher value of 𝛾𝑘 implies fewer satiation effects with respect to the consumption 

of the corresponding xk. For instance, a higher value of 𝛾𝑘 in current study suggests 

that individuals are less likely to satiate when performing activity k and willing to spend 

more time on it. 𝜓𝑘 represents the baseline marginal utility (i.e., the marginal utility 

at the point of zero consumption) for an alternative k. A higher baseline utility makes 

corner solutions less likely. The random utility function of 𝜓𝑘 given by Bhat (2005) 

is as follows: 

 

𝜓𝑘 = exp(𝛽′𝑧𝑘 + 𝜀𝑘)      (3) 

 

where zk is a set of attributes characterizing the alternative k and the decision-maker/ 

consumer, and 𝛽′ is a set of parameters determining their associations with alternative 

k. 𝜀𝑘  is a standard Gumbel error term capturing the unobserved characteristics 

influencing the baseline utility for alternative k. 

Although both 𝛼𝑘  and 𝛾𝑘  control for satiation levels through different 

mechanisms, the former does so by exponentiating consumption quantity while the 

latter functions by translating it. Bhat (2005, 2008) claimed that it is difficult to estimate 

𝛼𝑘 and 𝛾𝑘 at the same time as they both determine the slope of the indifference curves 

at the corner points. Thus, they proposed to estimate one parameter instead and set the 
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other parameter at a fixed value, which leads to the α-profile and γ-profile in MDCEV 

model configurations. γ-profile estimates the value of 𝛾𝑘 for each “inside” alternative 

(k > 1) and sets 𝛼𝑘  to be 0 for all “inside” alternatives. However, in the α-profile 

models, the 𝛾𝑘 values are constrained to be 1 for all alternatives and 𝛼𝑘 values are 

estimated across different alternatives. This study employs the γ-profile model 

configuration, as it was found to result in a better statistical fit to the data and widely 

adopted by previous studies (e.g., Garikapati et al., 2014; Calastri et al., 2017; Jian, et 

al., 2017) 

Based on the parameters specified and estimated in the γ-profile MDCEV 

configuration, the probability that an individual consumes the quantities (the amount of 

time in current study) x1
*, x2

*, …, xM
*, 0, …, 0, where M of the k alternatives are 

consumed in positive amounts, can be expressed as follows (see Bhat, 2008): 

 

P(𝑥1
∗, 𝑥2

∗,… , 𝑥𝑀
∗ , … , 0, … , 0) =

1

𝑝1

1

𝜎𝑀−1
(∏ 𝑓𝑚

𝑀
𝑚=1 ) (∑

𝑝𝑚

𝑓𝑚

𝑀
𝑚=1 ) (

∏ 𝑒𝑉𝑚/𝜎𝑀
𝑚=1
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𝑀) (𝑀 − 1)! (4) 

 

where σ is an estimated scale parameter and 𝑓𝑚 = (
1−𝛼𝑚

𝑥𝑚
∗ +𝛾𝑚

).  

In this study, the MDCEV models were specified and run with use of R code from the 

package “MDCEV Estimation_With Outside Good” provided by the Mobility 

Analytics Research Group (MARG) (MARG, 2016). 

 

5. RESULTS AND FINDINGS 

The estimation results of the MDCEV models for the full samples of the two surveys 

are summarized and presented in Table 4, while Tables 5 and 6 show the MDCEV 

results for the urban, town, and rural sub-samples in 2005/06 and 2015, respectively. 

Other activity duration is considered as the base alternative in our MDCEV models. 

 

5.1. Baseline preference and satiation parameter estimates 

The first rows of Tables 4, 5 and 6 present the baseline preference constants which 

capture individuals’ overall tendencies to undertake each type of out-of-home non-

mandatory activities and associated trips. It is manifest that all the baseline preference 

constants for performing maintenance and leisure activities and related trips are 

negative in Tables 4, 5 and 6, which suggests generally higher levels of engagement in 

other activities that are treated as the base alternative in model specifications. Such a 

result is expected since all individuals in the samples engaged in those other activities 

(e.g., in-home activities) to some extent. It is also clear that for all the full and sub-

samples, the baseline parameter estimate for maintenance-related travel is the smallest 

among the four such parameters, although maintenance activity has the largest baseline 

constant. This result implies that while trip-making for maintenance purposes is the 

least preferred, undertaking outdoor maintenance activities has the greatest baseline 

preference when an individual decides to allocate time for non-mandatory activity and 

travel purposes. 

The second rows of Tables 4, 5 and 6 report the satiation parameter γk estimates. 
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These parameters reveal the differences in the satiation effects among participation in 

the two types of activities and associated trips, with a larger value suggesting a lower 

satiation effect and potentially a longer duration. Apparently, leisure activities have the 

largest γk value compared to other types of activities/trips for all the full and sub-

samples, suggesting that an individual is the least likely to satiate in performing leisure 

activities and willing to spend more time on them. However, maintenance-related trips, 

which have the lowest γk value, show the opposite trend where individuals are the most 

likely to satiate in undertaking them. 

 

Table 4 Results of the MDCEV model for full sample in 2005/06 and 2015 

 2005/06 SHS-GCV 2015 iMCD 

 

Maintenance Leisure Maintenance Leisure 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Baseline constants -3.016** -7.213** -3.231** -3.767** -2.256** -4.293** -2.321** -3.584* 

γ parameters 43.535** 21.816** 104.886** 35.768** 27.327** 13.262** 83.926** 23.455** 

Socio-demographics         

Age (reference: age 16–34)         

Age 35–55 .061** .032** -.054** -.020** .043** .025** -.037** -.013* 

Age > 55 .008 -.023 -.061** -.038** .012 -.003 -.056** -.019** 

Gender (female = 1) .689** .397** -.025 .037 .784** .501** .018 -.022 

No. of kids .248** .194** -.427** -.149** .169** .172** -.338** -.210** 

Driving license (own = 1) .214** .048 .289 .047 .178** -.087 .234 .021 

Personal income .490** .323** .767** .470** .402** .319* .841** .301** 

Employment (employed = 1) -.551** -.273** -.625** -.452** -.587** -.504** -.782** -.320** 

Mandatory activity duration -.097** -.044** -.108** -.076** -.159** -.082** -.176** -.097** 

Internet access at home .089** -.038 .189 -.126 -.231** -.048** -.306** -.069* 

Travel date (weekdays = 1) -.317** -.212** -.353** -.286** -.245** -.192** -.610** -.278** 

SIMD rank quantile .012 -.006 .320** .127** .083 -.105 .204** .165** 

Neighborhood         

Preferred accessibility .076 -.108** -.213 -.206** -.186 -.237** -.109 -.226** 

Perceived unsafety -.137** -.097** -.305** -.187** -.127* -.191** -.272** -.149** 

Residential locations 

(reference: Rural) 

        

Town .318** .124** .068 .006 .357** .180** .167 -.093 

Urban .452** .217** .139 -.042 .421** .236** .119 .084 

Internet use 

(reference: Never) 

        

Up to 1hr. .087* .106 .184 .044 .062 .009 .193 .017 

1–5 hrs. .358** .265** .206 -.196 .409** .284** -.137 .165 

5–10 hrs. .556** .419** .289 .086 .226** .148* .068 -.034 

10–20 hrs. .324** .259** .276 .055* -.283** -.232** -.306** -.195** 

Over 20 hrs. .036 .119 .071 .117 -.565** -.371** -.488** -.321** 

Sample size 5,006 1,484 

Log-likelihood -67797.754 -19538.053 

*Statistically significant at the 10% level 

**Significant at the 5% level 
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Table 5 Results of the MDCEV model for the urban, town, and rural samples of 2005/06 SHS data 

 

Urban Town Rural 

Maintenance Leisure Maintenance Leisure Maintenance Leisure 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Baseline constants -3.183** -7.087** -3.408** -3.814** -3.204** -7.198** -3.372** -3.725** -3.148** -7.320** -3.404** -3.821** 

γ parameters 37.865** 20.136** 108.886** 28.042** 37.339** 16.538** 122.046** 27.650** 35.976** 21.670** 120.409** 28.559** 

Socio-demographics             

Age (reference: age 16–34)             

Age 35–55 .076** .041** -.107** -.031** .055** .029* -.068** -.019** .052** .038 -.032** .017** 

Age > 55 .013 -.008 -.070** -.029** .023 -.011 -.057** -.041** .013 .002 -.063** -.057** 

Gender (female = 1) .712** .407** .005 .042 .664** .391** -.017 .028 -.673** .386** -.018 .121 

No. of kids .235** .201** -.440** -.143** .253** .187** -.416** -.160* .261** .213** -.405** -.211** 

Driving license (own = 1) .228** .039 .198 .049 .197 .045 .316 .048 .209* .056 .310 .373 

Personal income .521** .342** .764** .481** .482** .320** .772** .463** .492** .333** .803** .425** 

Employment (employed = 1) -.538** -.282** -.618** -.470** -.389 .005 -.631** -.436** -.389 -.058 -.652** -.387** 

Mandatory activity duration -.089** -.043** -.112** -.081** -.103** -.046** -.087** -.069** -.114** -.053** -.095** -.072** 

Internet access at home .092** -.029 .178 .128 .059 .036 -.014 .092 .032 .126 -.037 .089 

Travel date (weekdays = 1) -.309** -.231** -.362** -.291** -.321** -.204** -.309** -.265** -.096 .021 -.337** -.197** 

SIMD rank quantile .035 .001 .331** .128** .042 .012 .287** .119** .053 .007 .258** .134** 

Neighborhood             

Preferred accessibility .049 -.111** -.219 -.214** -.032 .005 -.187 -.295 -.019 .135 .067 -.038 

Perceived unsafety -.128** -.286** -.312** -.193** -.141** -.104* -.289** -.145** -.149** -.208** -.207** -.139** 

Internet use 

(reference: Never) 

            

Up to 1hr. .102* .214 .176 .075 .058 .097 .194 .056 .047 .150 -.058 .041 

1–5 hrs. .363** .272** .219 -.204 .219 .048 .185 -.084 .108 -.324 .164 .124 

5–10 hrs. .564** .430** .320 .107 .208 -.062 -.203 .077 .230 .079 .204 -.031 

10–20 hrs. .331** .263** .228 .072* .288** .253** .290 .086 -.175 .137 -.007 .220 

Over 20 hrs. .078 .132 .083 .125 .059 .112 .107 -.092 .023 .094 .048 -.061 

Sample size 4,402 305 299 

Log-likelihood -59389.246 -4191.742 -3943.084 

*Statistically significant at the 10% level; **Significant at the 5% level 
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Table 6 Results of the MDCEV model for the urban, town, and rural samples of 2015 iMCD data 

 

Urban Town Rural 

Maintenance Leisure Maintenance Leisure Maintenance Leisure 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Activity  

Duration 

Travel  

Time 

Activity 

Duration 

Travel  

Time 

Baseline constants -2.267** -4.312** -2.363** -3.492* -2.310** -5.062** -2.389** -3.521** -2.245** -4.274** -2.319** -3.561** 

γ parameters 27.858** 12.103** 80.534** 22.624** 34.535** 17.911** 143.942** 28.404** 68.975** 34.901** 241.726** 64.202** 

Socio-demographics             

Age (reference: age 16–34)             

Age 35–55 .038** .021** -.040** -.015* .047** .029** -.028** -.021** .050** .025** -.034** -.010** 

Age > 55 .011 .002 -.059** -.016** .030 -.021* -.062** -0.24** .018 -.009 -.046** -.022** 

Gender (female = 1) .791** .483** .020 -.018 .802** .521** .006 .031 .653** .506** .021 -.021 

No. of kids .171** .168** -.289** -.221** .163** .180** -.354** -.195* .174** .182** -.340** -.208** 

Driving license (own = 1) .204** -.076 .240 .019 .162** -.077 .232 .027 .181** -.091 .229 .019 

Personal income .414** .321* .852** .312** .396** .307 .849** .307** .389** .300** .820** .286** 

Employment (employed = 1) -.590** -.539** -.796** -.353** .007 -.135 -.663** -.301** .214 .072 -.539** -.315** 

Mandatory activity duration -.219** -.086** -.193** -.104** -.203** -.072** -.183** -.090** -.128** -.080** -.162** -.074** 

Internet access at home -.258** -.059** -.324** -.162** -.032 .014 -.289** -.057** .021 -.039 -.196 .008 

Travel date (weekdays = 1) -.261** -.218** -.653** -.312** -.239** -.187** -.573** -.254** -.056 .003 -.597** -.249** 

SIMD rank quantile .076 -.116 .217** .179** .025 .003 .210** .162** .105 -.210 .186** .153** 

Neighborhood             

Preferred accessibility -.221 -.252** -.110 -.235** -.087 -.186 .005 -.128 -.167 -.059 .028 -.094 

Perceived unsafety -.136** -.221** -.285** -.156** -.120** -.187** -.249** -.152* -.123* -.179** -.253** -.138** 

Internet use 

(reference: Never) 

            

Up to 1hr. .049 .101* .188 .027* .008 .067 .210 .034 .019 .058 -.004 .036 

1–5 hrs. .498** .272** -.210 .168 .207 .098 -.005 .137 .186 .201 -.079 .154 

5–10 hrs. .246** .173* .039 -.028 .079 -.044 .036 -.027 -.014 .129 .026 .034 

10–20 hrs. -.295** -.238** -.324** -.226** -.243** -.229* -.289** -.186** -.180 .002 -.106 .025 

Over 20 hrs. -.586** -.382** -.492** -.338** -.469** -.354** -.458** -.317** -.094 -.173 -.109 .001 

Sample size 1,066 217 201 

Log-likelihood -16632.442 -1733.554 -1598.576 

*Statistically significant at the 10% level; **Significant at the 5% level 
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5.2. Relationships between socio-demographic factors, neighborhood 

characteristics and activity-travel time use over time 

The subsequent rows of coefficient estimates in Tables 4, 5 and 6 represent the 

associations between individual and household-level variables and baseline preferences 

for activity participation and trip-making. It is manifest from Table 4 that for the full 

adult samples, the correlations between socio-demographic and neighborhood 

characteristics and activity-travel time use for both maintenance and leisure purposes 

have remained relatively stable over the previous decade. For example, both middle-

aged (from 35–55) and older people (aged over 55) exhibited a higher propensity to 

undertake activities and trips for leisure purposes in both survey periods when 

compared to young people. While physical problems might restrict the elderly’s out-of-

home leisure activities, greater dedication to work and family might discourage middle-

aged people from performing such activities. Additionally, middle-aged people show a 

greater propensity to perform outdoor maintenance activities and related travel than 

young people, which may result from the greater needs of the middle-aged group to 

undertake the maintenance tasks for their families. Compared to males, females are 

more inclined to invest time in out-of-home maintenance tasks in both periods, which 

reflects traditional gender roles in taking responsibility for such tasks. 

In addition, adults from the households with a greater number of children show 

higher propensity to undertake activities and trips for maintenance purposes; they are 

less likely to perform activities for leisure purposes and associated travel. As more time 

is spent on childcare, which is likely to be regarded as extra maintenance activities (e.g., 

escorting children to/from school and extra shopping for children), adults from those 

households might have less time for recreation. Moreover, people who hold a valid 

driver’s license show a greater propensity to undertake maintenance tasks than those 

without licenses. Private cars provide easy access to places for key maintenance 

activities (e.g., grocery stores, shopping malls etc.), and people can carry heavy goods 

easily with access to cars. 

In both survey years, adults with higher incomes were generally more likely to 

dedicate time to performing activities and trips for non-mandatory purposes, suggesting 

that affluent people are more able to afford those activities. Additionally, compared to 

unemployed people, the employed in both 2005/06 and 2015 were less inclined to 

undertake both maintenance- and leisure-related activities and travel. Such a negative 

correlation is also witnessed between the duration of performing subsistence or 

mandatory activities and the propensity to participate in non-mandatory activities and 

make related trips.  

Furthermore, although adults who have Internet access at home showed a higher 

propensity to pursue out-of-home maintenance activities in 2005/06, they were less 

inclined to undertake activities for both maintenance and leisure purposes and 

associated trips in 2015 compared to those who had no access to the Internet at home. 

Since people are able to undertake more activities online (for personal or non-work 

purposes) at home more recently, they might decrease their outdoor activity 

engagement for non-mandatory purposes. In terms of the correlation between travel 

date and activity-travel patterns, people are generally more likely to undertake outdoor 
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activities and related travel for non-mandatory purposes on weekends than on weekdays, 

which is consistent with the previous findings (Bhat & Misra, 1999; Ho & Mulley, 2013; 

Raux et al., 2016). 

The SIMD rank quantile, which is an ordinal categorical variable, is treated as a 

continuous variable in models for the purpose of simplification. It is positively 

associated with people’s propensity to participate in leisure-related activities and make 

related trips in both survey periods, suggesting that those living in less deprived places 

are more inclined to perform outdoor leisure pursuits than those residing in deprived 

areas. Additionally, individuals’ preferred accessibility in their neighborhoods showed 

negative associations with their inclinations towards trip-making for both maintenance 

and leisure purposes in both 2005/06 and 2015. In other words, individuals who like 

the diverse opportunities provided by their neighborhoods have a lower propensity to 

make trips for non-mandatory purposes. Similarly, individuals’ perceived unsafety in 

neighborhoods is negatively correlated with their propensity to undertake activities and 

trips for non-mandatory purposes, indicating that people are generally less likely to go 

outdoors if they perceive the neighborhood to be unsafe. Moreover, compared to rural 

residents, people living in towns and urban areas showed a higher inclination toward 

activity engagement and trips for maintenance purposes in both survey years. As 

commercial and retail facilities like shops and banks may be in closer proximity and 

hence more easily accessed by those living in more central and populous areas, there 

may be more opportunities to undertake maintenance activities on a daily basis. 

The estimate results reported by Tables 5 and 6 further reveal that the associations 

between some socio-demographic and neighborhood characteristics and individuals’ 

activity-travel time use differ across residential locations. For instance, in both 2005/06 

and 2015, the correlations between adults’ employment status and their propensity to 

undertake maintenance-related activities and travels were significant and negative only 

for the those living in urban areas. Such a result suggests that compared to town and 

rural dwellers, urbanites may be faced with more intensive time constraints imposed by 

their work in their daily life. Likewise, in 2015, only people living in urban areas had 

negative and significant associations between Internet access in their home and activity 

participation and trip making for maintenance purposes, although such correlation was 

positive in the early year of 2005/06. For rural residents, however, their activity-travel 

patterns for non-mandatory purposes were not significantly related to Internet access at 

their homes in both survey years. It is possible that people living in remote places 

generally use the Internet less frequently or are less digitally literate, which are the 

abilities necessary to utilize ICT in daily life. Hence, their activity-travel patterns were 

not significantly influenced by Internet access. 

Additionally, travel date was insignificantly correlated with rural dwellers’ 

propensity to perform activities and make trips for maintenance purposes in both survey 

periods, suggesting that they tended to arrange maintenance tasks evenly across a week. 

Preferred accessibility is significantly and negatively associated with individuals’ 

inclinations towards trip-making for both non-mandatory purposes only for the urban 

dwellers. It supports the argument that improvement in accessibility may have a 

stronger impact in urban areas than suburban areas due to the synergy effects with high 
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density (Hong & Goodchild, 2014). 

 

5.3. Relationships between Internet use and activity-travel time use over time 

The model results summarized in Table 4 show that differences exist in the relationships 

between the levels of Internet use and the propensity to perform maintenance and 

leisure activities and associated trips over the past decade for the full samples. In 

2005/06, compared to those who never used the Internet for personal or non-work 

purposes, Internet users were generally more inclined to undertake outdoor activities 

and trips for maintenance purposes. Such complementary association peaked at the 

five-to-ten-hour usage level, suggesting that up to a moderate level of time spent on the 

Internet, individuals’ inclinations towards activity engagement and travel for 

maintenance purposes, as well as time spent on those activities and trips, increased in 

2005/06. Nevertheless, the complementary association is no longer significant for those 

spending over 20 hours per week online. Such change is possibly due to the effect of 

time budget, implying that individuals may not have time to undertake more 

maintenance activities or associated trips if they have dedicated a large amount of time 

to the Internet, as they need to participate in work, sleep, and other out-of-home 

activities.  

In terms of the relationship between the extent of Internet use and level of 

preference for performing leisure activities and associated travel, they were not 

significantly found for the full sample in 2005/06. This result suggests that time spent 

on the Internet for personal purposes had little association with individuals’ propensity 

to pursue leisure-related activities outdoors in 2005/06. 

Table 4 also shows that in 2015, a low to medium level of Internet usage (up to ten 

hours per week) was still positively correlated with individuals’ level of preference for 

undertaking maintenance-related activities and travel. However, those spending over 

ten hours online per week, who are regarded as heavy Internet users, were less likely to 

dedicate time to performing activities and trips for maintenance purposes. This result 

indicates an increasing substitution association between Internet use and activity-travel 

time use—that over time, heavy Internet users spend less time on out-of-home 

maintenance activities and travel to those activity destinations. One explanation for this 

new Internet–travel relationship is that people are increasingly undertaking many of 

their maintenance activities, such as shopping, banking, and doctor visiting, at home 

and online, compared to the early year of 2005/06, and are not bound by daily time 

budget constraints. Such a substitution relationship was also found for heavy Internet 

users in 2015 in terms of their leisure-related activity-travel behavior, implying 

potential growth in at-home and online leisure activity participation and a decrease in 

outdoor leisure activity engagement and physical travel to those activities for such 

heavy Internet users.  

Clearly, the relationship between time spent using the Internet and the time spent 

on non-mandatory activities and related travel has evolved over the previous decade. 

For heavy Internet users, such temporal evolution indicates a transition from 

complementarity (for maintenance purposes) or neutrality (for leisure purposes) to 

substitution. Apart from time budget constraints and the growing availability of Internet 
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solutions allowing maintenance and leisure activities to be pursued at home via the web, 

increasing levels of digital literacy among consumers comfortable with participation 

and making online transactions could also contribute to the temporal evolution of the 

Internet–travel relationship. 

Tables 5 and 6 further suggest that the aforementioned Internet–travel associations 

vary according to residential locations in both 2005/06 and 2015. To ease the 

comparisons of such Internet–travel relationships for different samples (full, urban, 

town, and rural samples) in different years, the relevant model results presented in Table 

4, 5 and 6 are summarized in Table 7. It is clear from those results tables that although 

such associations for the urban sub-samples in both years are found to be quite similar 

to those for the full samples, they are captured differently in town and rural models. As 

showed in Table 5, in 2005/06, while the complementary associations between use of 

the Internet and propensity to undertake maintenance-related activities and trips were 

significantly found for almost all levels of Internet users spending up to 20 hours online 

per week in the urban model, they were significant only for the high-level Internet users 

spending over 10 hours and up to 20 hours online in the town model. In terms of the 

Internet–travel relationship regarding leisure purposes, they were not significant in 

either the urban or town model in 2005/06. Although such relationships regarding 

leisure purposes were significantly and similarly found in the urban and town models 

in 2015, as revealed in Table 6, the Internet–travel associations regarding maintenance 

purposes were differently detected in the two models. More specifically, while in the 

town model in 2015, such associations regarding maintenance purposes were 

significant only for heavy Internet users who spent over 10 hours online, they were 

significantly found for almost all levels of Internet users in the urban model. In the 

urban model, the Internet–travel associations were complementary for the low-to-

medium Internet users spending no more than 10 hours online. As for such associations 

in the rural models, however, they were not significantly found at all in either 2005/06  

 

Table 7 Summary of the Internet–travel associations for different samples in 

2005/06 and 2015 

 Internet 

use  

2005/06 2015 

Full Urban Town Rural Full Urban Town Rural 

Associations 

with 

maintenance 

activity-travel 

time use 

Up to 1hr. N N N N N N N N 

1–5 hrs. + + N N + + N N 

5–10 hrs. + + N N + + N N 

10–20 hrs. + + + N – – – N 

Over 20 hrs. N N N N – – – N 

Associations 

with leisure 

activity-travel 

time use 

Up to 1hr. N N N N N N N N 

1–5 hrs. N N N N N N N N 

5–10 hrs. N N N N N N N N 

10–20 hrs. N N N N – – – N 

Over 20 hrs. N N N N – – – N 

(Note: ‘+’ stands for complementarity with 5% significance, ‘–’ stands for substitution with 5% 

significance, ‘N’ means neutral or non-significant associations) 
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or 2015. 

It is manifest that the more remote people’s residential locations are, the weaker the 

association between time spent on the Internet and their inclinations towards activity 

engagement and travel is. Arguably, location could act as a constraint when people 

decide to participate in activities and make trips with respect to the influence of Internet 

use on travel. On one hand, the level of accessibility to diverse opportunities (e.g., shops, 

banks, gymnasiums, and restaurants) is higher in urban areas than town and rural areas. 

Although use of the Internet could change individuals’ activity-travel patterns by 

encouraging them to participate in diverse activities occurring in different places, which 

potentially leads to complementary Internet–travel interactions, the fundamental 

physical barriers, such as poor accessibility for places and public transportation systems, 

have more significant influences on activity-travel behavior. Since such physical 

barriers occur in both town and rural areas to some extent, the complementary Internet–

travel interactions were not significantly found for all levels of Internet users in the 

town model at the early year (2005/06) and were not significantly detected at all in the 

town model at the late year (2015) or in the rural model in both years. On the other 

hand, although pursuing online activities for personal purposes could reduce 

individuals’ demands for out-of-home activity participation and physical travel, which 

potentially results in substitutive Internet–travel associations, poor accessibility to 

various tele-services due to remote location, such as goods and food delivery induced 

by online shopping and ordering, has a greater influence on individuals’ activity-travel 

decisions. Therefore, such substitutive associations between Internet use and activity-

travel time use could be insignificant in the rural model in 2015. 

 

6. SUMMARY AND CONCLUSIONS 

This study empirically investigates the role of residential locations in determining the 

relationships between the time spent on the Internet and activity-travel behavior in 

terms of non-mandatory activity purposes (i.e., maintenance and leisure activity 

purposes) over a decade. In order to achieve a (quasi-)longitudinal analysis, this study 

utilizes datasets derived from two major cross-sectional surveys implemented in 

Scotland, the 2005/06 SHS and the 2015 iMCD Survey, which were similarly designed 

and structured. To accommodate the multiple discreteness characterizing activity-travel 

choice and duration, the MDCEV model, which allows the discrete and continuous 

choice of multiple alternatives at the same time, was employed. 

The MDCEV model results for the full data samples suggest that the relationships 

between the time spent on the Internet and activity-travel time use for non-mandatory 

purposes evolved among all residents during the period between 2005/06 and 2015. 

More specifically, such evolution tends to result in a new ICT–travel association of 

substitution, rather than complementarity (for maintenance purposes) or neutrality (for 

leisure purposes) in relationships that were found in the early year of 2005/06. During 

technological evolution over time, use of ICT is more likely to discourage rather than 

facilitate people’s engagement in physical activities and travel. However, such 

evolutions were only significantly found for heavy Internet users who spent over ten 

hours online per week. For the low-to-medium-level Internet users spending no more 
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than ten hours online, temporal variations in the ICT–travel relationship were not 

significantly detected for either maintenance or leisure activity purposes. Since the 

increasing penetration of ICT in all aspects of daily life (e.g., teleshopping, 

telemedicine, and e-banking), which results from technological evolution over time, 

has provided increasing online opportunities for individuals to satisfy their daily needs 

for maintenance and leisure activity purposes virtually, it is not surprising that people 

replace physical activities with virtual ones, especially for those heavy ICT users who 

have dedicated a large share of their daily time to the Internet. 

Furthermore, the results from the sub-sample models suggest that residential 

location played a significant role on the relationships between time spent on the Internet 

and activity-travel time use in both 2005/06 and 2015. In general, such relationships 

are weaker among people living in remote areas than those living in cities. More 

specifically, although in both years, such Internet–travel associations regarding leisure 

purposes were similarly found among urban and town dwellers. the associations in 

terms of maintenance purposes are significantly founded only for high-level or heavy 

Internet users among the town residents, whereas they are significant for almost all 

levels of the Internet users among the urbanites. For the rural residents in both 2005/06 

and 2015, time spent on the Internet had no significant associations with activity-travel 

time use for non-mandatory purposes at all. By determining the level of accessibility to 

either diverse activity places (e.g., restaurants, stores, and banks) or various tele-

services (e.g., goods delivery induced by online purchasing), residential location can 

act as a constraint on the Internet–travel associations.  

The above analyses imply that people are increasingly inclined to adopt a sedentary 

lifestyle by replacing outdoor activity participation and travel with virtual activities. 

Since ICT is increasingly applied in different types of business services, such a lifestyle 

might suggest that online businesses providing maintenance and leisure services are 

increasingly substituting for traditional (offline) business services of the same kind. In 

the current COVID-19 pandemic situation, people have got used to perform in-home 

activities and even work from home. Surging dependence on ICT in people’s daily life 

and massive collapse of offline businesses during the pandemic could further accelerate 

the substitution of e-commerce for traditional business transactions. In this trend, 

growth in logistics and freight transportation due to the increasing prevalence of e-

commerce (e.g., online shopping and food ordering) would have a greater contribution 

to transportation-induced issues, such as congestion, pollution, and traffic accidents. 

However, the substitution relationship in urban models implies that encouraging 

compact, mixed land use and high-density development in areas of Scotland could be 

an effective planning approach to reduce personal travel demand in the current 

information age, potentially leading to less congestion and transport emissions.  

For future research, it would be desirable to consider more specific use of ICT and 

its dynamic associations with activity-travel behavior over time. Since ICT is 

increasingly penetrating people’s daily lives, the diversity of the ICT–travel 

relationships and temporal changes in such relationships would be further suggested if 

ICT uses could be specified regarding, for example, method of access (e.g., personal 

computers, laptops, and mobile phones), purpose of access (e.g., maintenance and 
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leisure purposes), and place of access (e.g., home, workplace, and school). In addition, 

since mandatory/subsistence activities to a large extent determine people’s 

opportunities to undertake other non-mandatory activities, thereby shaping their daily 

activity-travel patterns, more interesting findings would be revealed if mandatory-

related activity-travel time use and its associations with ICT use could be included in 

travel models. Moreover, the non-linear associations between ICT use and activity-

travel behavior could be further explored with use of more advanced models or model 

systems. 
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APPENDIX 

 

Table A Scottish Government Urban Rural Classification, 8-fold 

Class Class Name Description 

1 Large Urban Areas Settlements of 125,000 people and over. 

2 Other Urban Areas Settlements of 10,000 to 124,999 people. 

3 Accessible Small Towns Settlements of 3,000 to 9,999 people, and within a 30 

minute drive time of a Settlement of 10,000 or more. 

4 Remote Small Towns Settlements of 3,000 to 9,999 people, and with a drive 

time of over 30 minutes but less than or equal to 60 

minutes to a Settlement of 10,000 or more. 

5 Very Remote Small Towns Settlements of 3,000 to 9,999 people, and with a drive 

time of over 60 minutes to a Settlement of 10,000 or 

more. 

6 Accessible Rural Areas Areas with a population of less than 3,000 people, and 

within a drive time of 30 minutes to a Settlement of 

10,000 or more. 

7 Remote Rural Areas Areas with a population of less than 3,000 people, and 

with a drive time of over 30 minutes but less than or 

equal to 60 minutes to a Settlement of 10,000 or more. 

8 Very Remote Rural Areas Areas with a population of less than 3,000 people, and 

with a drive time of over 60 minutes to a Settlement of 

10,000 or more. 

(Source: Scottish Government (2016) Scottish Government Urban Rural Classification 2016) 
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