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Abstract

Almost everyone has a mobile phone today. In addition to calls and text messages,
people are utilizing mobile apps and websites to connect to the world and explore dif-
ferent content anytime and anywhere. The use of smart phones generates billions of
records, including spatiotemporal trajectories, and various mobile phone usage details,
such as call duration, and frequency of visiting a certain type of website. Most transpor-
tation researchers have only focused on spatiotemporal traces, which represent activity-
travel behavior of users. However, it is worth making full use of smart phone data to
study how mobile phone usage is related to activity-travel behavior. This chapter first
reviews the existing literature on the relevant topics to demonstrate the lack of research
on the relationship between mobile internet usage and activity-travel behavior. Based
on an 11-day dataset from Shanghai that includes not only spatiotemporal traces but
also the frequencies of browsing different categories of mobile internet content (e.g.,
tourism and finance), we examine several relationships between mobile internet usage
and activity-travel behavior.

Keywords: Mobile phone usage, Mobile internet usage, Mobile phone data, Spatio-
temporal traces, Travel behavior, Activity patterns, Location choice, Variety seeking,
Commuting behavior

1. Introduction

With the rapid development of Information and Communication

Technologies (ICT), people have started using mobile devices in their daily

lives. Most mobile devices do not only provide services to users, but also

record information about the use of the device and sometimes also spatio-

temporal traces (Li et al., 2011; Zhang and Sawchuk, 2012). Relative to

other mobile devices such as wearable devices, mobile phones are most

commonly used. People have traditionally used mobile phones to commu-

nicate with friends and families by making calls and using SMS (short

message service). More recently, smart phones in addition allow visiting

websites, subscribing to news, and playing online games, thanks to fast-

growing mobile internet technologies. Consequently, every day, billions

of data records are generated by mobile phones. Such mobile phone data

often include spatiotemporal traces of users, which represent their actual

movements (Ahas et al., 2010; Calabrese et al., 2014; Ratti et al., 2006).

Many studies have explored how to measure activity-travel behavior from

mobile phone traces, in terms of activity patterns (Diao et al., 2016; J€arv
et al., 2014; Yin et al., 2017), trip generation (Bwambale et al., 2017;

Çolak et al., 2015), location choice (Chen et al., 2014; Molloy et al., 2017;
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Y. Wang et al., 2017), mode choice (Phithakkitnukoon et al., 2017; Wang

et al., 2010), departure time choice (Alexander et al., 2015), route choice

(Bierlaire et al., 2013; Chen, 2013).Moreover,mobile phone data also include

information about how users communicate with other people, such as call

duration (Z.-Q. Jiang et al., 2013b; Wang et al., 2018a), as well as how they

connect to internet services, such as frequency of visiting a website (Wang

et al., 2018b; Z. Wang et al., 2017), both of which are generally called as

mobile phone usage in this chapter.

Apparently, the two types of information in mobile phone data moti-

vate two seemingly separate research directions: studying activity-travel

patterns and studying mobile phone usage patterns. However, it is

also worth combining these two types of information together and study-

ing the relationships between mobile phone usage and activity-travel

behavior (Ben-Elia et al., 2018; Ben-Elia and Zhen, 2018; van den Berg

et al., 2013). The earliest research on travel and telecommunication

originates from the 1980s when ICT were emerging and people were

wondering if ICT, especially telecommuting, would reshape travel behav-

ior (Mokhtarian, 1990; Salomon, 1986). Since then, it has been extensively

debated whether telecommunication usage substitutes for travel (Salomon,

1998) or complements it (Mokhtarian, 2003). Nevertheless, the context

of this debate is mostly outdated, and few studies have examined this rela-

tionship by considering mobile internet usage as a dominant usage of

telecommunication today.

Based on the identified relationships (no matter if it is substitution or

complementary), researchers attempted to characterize travelers by their

mobile phone usage and further explain or predict their travel behavior

(Bwambale et al., 2017; Wang et al., 2018a; Wang et al., 2018b) and even

provide visiting location recommendations (Husain and Dih, 2012; Lian

et al., 2015). This is regarded as a solution to travel behavior modeling using

mobile phone traces, where personal attributes (e.g., socio-demographics)

are absent due to privacy concerns, since increasingly more urban deci-

sion makers intend to prevent expensive traditional travel survey data.

Researchers have also done the other way around: providing location-based

services such as recommending internet content based on the places that a

user has visited (Ahas and Mark, 2005; Lee et al., 2005).

In this study, we first present a review of the existing literature related to

(1) mobile phone technology, (2) mobile phone usage, (3) activity-travel

behavior that can be derived from mobile phone traces, and most impor-

tantly, (4) the relationships between mobile phone usage and activity-travel
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behavior. Since it is found that such relationships have not been studied

adequately in the context of mobile internet usage, we continue our work

with a case study in the city of Shanghai, China, to add recent empirical evi-

dence to this research area. Using Shanghai Unicom WO+ Open Data

Application Contest,a this is one of the first studies that use mobile internet

usage data and mobile phone traces to address the following questions: (1) it

addresses the question about the relationship between activity-travel and

mobile phone usage in the mobile internet era by providing empirical evi-

dence; and (2) it presents a possibility of accounting for the heterogeneity of

activity-travel behavior revealed in mobile phone traces by using mobile

internet usage data. At the end of this chapter, conclusions are drawn and

future research directions are pointed out.

2. Literature review

This section consists of four parts. Part 1 and 2, respectively, present a

review of the literature on mobile phone technology and the literature on

mobile phone usage. The third part reviews the approaches that derive

activity-travel behavior from mobile phone traces. Finally, the fourth part

provides the results of a literature review on the relationships between

mobile phone usage and activity-travel behavior, and based on this review

develops a conceptual framework to understand this relationship.

2.1 Mobile phone technology
Mobile phones have played an important role in people’s lives. They have not

only been used as a communication device but also served as a sensing device

to collect information from its users (Lane et al., 2010). This study mainly

focuses on two types of user information: (1) mobile phone usage, and (2)

spatiotemporal traces. In this subsection, we discuss the mobile phone tech-

nologies that enable the generation of spatiotemporal traces of users. There

are mainly four location systems that can record mobile phone users’ spatio-

temporal traces: (1) cellular-network-based positioning system (Demissie

et al., 2013), (2) GPS positioning system (Wolf et al., 2004), (3) Wi-Fi

positioning system (Danalet et al., 2016), and (4) Bluetooth positioning sys-

tem (Delafontaine et al., 2012). In this chapter, we limit our scope to cellular-

network-based positioning system, which generates the most widely applied

type of mobile phone data in travel behavior research (Wang et al., 2017).

a https://www.kesci.com/woplus/ (retrieved date: 5th January 2017).
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Mobile phones are able to communicate with each other and connect

to the mobile internet, based on cellular networks composed of transceivers

that cover their respective land areas.With the movement of a mobile phone,

it searches and connects to the nearest transceiver. This process is known as

mobile phone positioning (Chen et al., 2016). Positioning data about such

connections between users and transceivers are recorded mostly for cellular

network operators’ own purposes (e.g., billing), which are often not related

to transportation, whilst as a by-product, they have been utilized by urban

decision makers and researchers to estimate and understand mobility patterns

(Wang and Chen, 2018). Because such data are in terms of spatiotemporal

traces, researchers named them as mobile phone traces ( Jiang et al., 2013a).

Mobile phone traces can be categorized into event-driven traces and

network-driven traces (Pinelli et al., 2015). Call detail records and records

of internet connections belong to the former one since the production of

these data is triggered by user events, including usage of calls, SMS, and

internet (Pinelli et al., 2015). Network-driven data are generated regardless

whether people are using phones, but either in a periodic way or when

a phone moves between two areas. Due to the nature of event-driven

traces, their sampling is usually infrequent and could be biased to specific

locations, e.g., home locations, and times, e.g., during the evenings; on

the other hand, the sampling rate of network-driven traces is relatively

higher and stable over time (Calabrese et al., 2014).

Spatial inaccuracy has always been an issue ifmobile phone traces are used to

estimate locations and represent individual mobility (Ahas et al., 2007). There

are mainly two causes: (1) the difference between the actual location of a user

and the location of the transceiver that the user is connecting to, and (2) the

possibility of a user switching the connection between towers due to signal

jumps even if the user is not moving (Alexander et al., 2015; Wang and

Chen, 2018). To solve the first problem, the simplest way is to regard the trans-

ceiver’s location or its Voronoi cell as a proxy for the user’s location (Montjoye

and Smoreda, 2014). Some telecom providers can estimate locations with a

higher accuracy based on triangulation with several factors including the num-

ber of surrounding cells and received signal strength. The accuracy can reach

about 100–500m in urban areas and 400–10,000m in rural areas, reported in a

Chinese study (Wang et al., 2017b). Qi et al. (2016) named the second

problem as the oscillation problem, to which Wang and Chen (2018) have

presented an in-depth review on the solutions, including heuristic rules,

spatiotemporal clustering, etc. Those algorithms can be used to preprocess

mobile phone traces before conducting activity-travel behavior analysis.
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2.2 Mobile phone usage
While in the past mobile phone usage referred to making calls and sending

SMS text, nowadays it also includes using mobile internet services such as

browsing the internet. All these kinds of mobile phone usage can be mea-

sured to quantify user preferences, such as the preference for longer calls or

the preference for a certain type of content on the internet. Researchers have

observed that different people use mobile phones in different ways (Sey,

2011), and they have further investigated whether personal characteristics,

such as socio-demographic attributes (Blumenstock et al., 2010) and

socio-economic attributes (Rahmati et al., 2012), would influence how

people use mobile phones.

In the early stage of mobile technology when mobile penetration rate

was not as high as it is today, researchers noticed that mobile phone usage

and access actually differed by socio-economic profile, better known as

the “mobile divide” or “digital divide” (Blumenstock and Eagle, 2010;

Compaine and Kimmelman, 2001; Rice and Katz, 2003). For example, only

wealthy people could afford mobile phones or mobile services during

that period. Nevertheless, we have now entered an age where mobile

phones have penetrated almost everywhere (Asongu, 2015; Thulin and

Vilhelmson, 2007). While people across different societal segments all

own mobile phones, the ways in which they use mobile phones still vary

considerably.

Using the interview data of 1481 children and 1505 adolescents, Thomas

et al. (2009) found that people in Germany with a lower socio-economic

status used mobile phones relatively longer per day. In the empirical study

by Blumenstock et al. (2010) using call detail records with complementary

survey data from Rwanda, men were found to make more outgoing calls

and receive less incoming calls than women. Moreover, the users owning

televisions and the ones owning refrigerators (both indicating a higher

economic status in Rwanda at that time) had longer daily call duration,

compared to the others.

However, such research results have gradually become irrelevant and

even invalid because fewer people are making calls, and very few people

are still sending SMS text in the mobile internet era (Ofcom, 2013). Instead,

people are using apps for countless functions, including, but not limited to,

browsing the internet, sending emails, playing online games and instant mes-

saging. Researchers have shifted their focus to mobile internet usage and

started figuring out that mobile internet usage also differs among people
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from different population segments. Rahmati et al. (2012) carefully selected

three groups of 34 mobile users fromHouston, the United States, with high,

low and very low socio-economic status, respectively, mainly based on

household income. In their sample, users with a lower socio-economic sta-

tus accessed mobile internet services more frequently. In addition, people

with different socio-economic status were found to prefer different catego-

ries of websites. Pearce and Rice (2013) conducted a survey in Armenia and

collected the data from 1420 voluntary and anonymous adults. They found

that not only socio-economic (i.e., income) but also socio-demographic

(e.g., gender, age and education) differences significantly influence mobile

internet access as well as mobile internet activities. In the Netherlands, a sur-

vey was conducted from 2010 to 2013 to create a panel that consists of over

108,000 people representative of the Dutch population, and their demo-

graphics and internet usage (including mobile internet usage) were collected

(van Deursen et al., 2015). The results showed that different people used

internet for different purposes. For example, men, younger people, higher

educated people and people with higher than average incomes significantly

had more internet activities especially for personal development. Overall,

while personal attributes are always an important factor influencing mobile

phone usage, the mobile phone usage patterns of people from different

socioeconomic or sociodemographic strata vary between different countries,

for different purposes, and could even change over time.

In addition to using socio-economic strata to explain the differences

in mobile phone usage, researchers have done the other way around: using

mobile phone usage to predict socio-economic information (Frias-Martinez

et al., 2013; Soto et al., 2011). This kind of research is necessary as well

because it is too expensive to carry out traditional census surveys nation-

wide, and at the same time, survey results are very likely to be soon outdated

(Calabrese et al., 2013). Comparably, mobile phone data are cheaper to

obtain and faster updated, thus being able to help the government monitor

socio-economic dynamics in a certain area.

2.3 Deriving activity-travel behavior from mobile phone traces
2.3.1 Stay extraction
Algorithms have been designed to extract trips and derive origin-destination

(OD) information from mobile phone traces (Chen et al., 2014). Among all

the spatiotemporal traces, they distinguish where users stay fromwhere users

pass by, and all the detected stay points can further be used to calculate stay
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areas, finally regarded as trip origins and destinations (Alexander et al., 2015).

In general, the extraction of a stay point depends on two scale parameters,

a time threshold and a distance threshold. A stay point is regarded as a

sequence of traced positions where the distance between any pair of posi-

tions is less than a distance threshold, and the time spent at these positions

is greater than a time threshold. A stay area is defined as a set of stay

points which are close in space but far away in time. In addition, such

methods are able to solve the problems of false movements, caused by

mobile signal jumps between the towers (Alexander et al., 2015). After these

procedures, activity locations can be determined, but activity purposes still

need to be inferred with the use of complementary information ( Jiang

et al., 2017).

2.3.2 Activity purpose detection
To detect activity purposes, researchers reference the ground-truth spatial

information, such as the information of POIs (points of interest) around

activity locations (Demissie et al., 2015; Phithakkitnukoon et al., 2010).

A more advanced approach is to calibrate a machine learning model (e.g.,

a decision tree) using travel survey data or other ground-truth mobility data,

which associates activity purposes with several explanatory variables (Liu

et al., 2013). Such a model can further be applied to mobile phone traces

to label trip destinations with activity purposes. Without the availability

of complementary information, arbitrary parameters can be set to infer home

and work locations of mobile users based on general knowledge (e.g., most

people stay home at night), and activity purpose can then be labeled as either

home, work or other activity (Ahas et al., 2010).

2.3.3 Estimating other mobility information
Time-of-day information (i.e., start and end times of a trip or an activity) can

also be estimated, which can help estimate the daily activity schedule of a

traveler (Alexander, 2015). The accuracy level of time-of-day information

is largely dependent on the temporal sampling rate of mobile phone traces.

Observing the daily schedules of an individual across several days can help

understand the rhythms of activity-travel behavior and better determine

meaningful locations for this person (e.g., home and work locations). It

is also possible to estimate mode and route choices, only given the mobile

phone traces of a high temporal sampling rate as well as a high spatial

resolution (Chen, 2013; Wang et al., 2010).
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2.3.4 From sample to population
Notwithstanding the high mobile penetration rate everywhere, most of the

times, researchers can only get access to a sample of limited size. Sometimes

it is because that mobile network companies who provide mobile phone

data do not dominate the market (Calabrese et al., 2013). It is also very likely

that they do not want to expose the data of all of their users for commercial

and privacy reasons (e.g., Laurila et al., 2012;Montjoye and Smoreda, 2014).

Due to the sampling process, problems may arise if researchers aim to esti-

mate not only individual travel behavior but also travel demand of a given

population (Wesolowski et al., 2013). The sampled users might not be dis-

tributed geographically in the way as the population is (Kang et al., 2012).

To solve this issue, Calabrese et al. (2011) compared the spatial distribution

of the users’ detected home locations and the one of the population revealed

in the census data, and they calculated an expansion factor for each zone to

upscale users to population. Another approach is to validate the movements

derived from mobile phone traces by using the traffic ground truth data.

Iqbal et al. (2014) scaled up the estimated OD matrix by using the scaling

factors which would lead to better matches with the observed traffic counts.

2.4 Relationships between mobile phone usage and
activity-travel behavior

The relationship between telecommunication and travel is a long-time debat-

able topic. This issue has been extensively discussed because researchers have

observed two opposing possible effects of ICTon travel: either a substitute rela-

tionship or a complementary relationship. (Kamargianni and Polydoropoulou,

2013; Nobis and Lenz, 2009; Salomon, 1986). In recent years, researchers have

especially focused on the relationship between mobile phone usage and travel,

and they found that the actual relationships are more complex (Aguil�era et al.,
2012;Mokhtarian, 2009), as there are many linkages between different dimen-

sions of activity participation, travel patterns andmobile phone usage (Ben-Elia

et al., 2014; Srinivasan and Raghavender, 2006).

In Section 2.2, we have already explained how mobile phone usage

is dependent on personal attributes including socio-economic and socio-

demographic ones. In fact, in most travel behaviormodels, such personal attri-

butes are also assumed to be one of the major factors influencing behavioral

heterogeneity among a given population (Rasouli and Timmermans, 2014).

Extensive research has found that travel preferences are significantly different

between older and younger people (Bernhoft and Carstensen, 2008;
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Moschis and €Unal, 2008), between people with higher and lower household

income (Lu and Pas, 1999), between people owning cars and not owning cars

(van Wee et al., 2002), etc. In summary, both mobile phone usage and

activity-travel behavior are influenced by personal attributes.

Based on this conceptual framework, it is not difficult to deduce

that mobile phone usage and activity-travel behavior are somehow related

to each other. For example, younger people tend to make more trips and

use mobile phones more frequently (Yuan et al., 2012). This kind of deduc-

tion is quite useful not only for understanding the relationship betweenmobile

phone usage and travel, but also for modeling heterogeneity in travel behavior

using mobile phone data since traditional personal attributes are missing there

in most cases for privacy reasons (Blondel et al., 2015).

It is also reasonable to add direct interactions between activity-travel

behavior and mobile phone usage in our conceptual framework. For exam-

ple, it can be hypothesized that those who travel more would also make

more use of mobile phones while on the move. Also, driving calls are

quite frequent but less on public transit, where internet usage is more per-

vasive. Despite the microscopic mechanisms of such interactions, the

main idea of our conceptual framework still holds: mobile phone usage

can be used to model heterogeneity in travel behavior.

Yuan et al. (2012) found the correlation between mobile phone usage, in

terms of call frequency, and travel behavior, in terms of activity space, across

different age groups. Bwambale et al. (2017) suggested utilizing call behav-

ior, such as call frequency and duration, to explain the heterogeneity in trip

generation behavior, since this information, supplementary to mobile phone

traces, is less privacy-sensitive but still related to some characteristics of a per-

son. However, mobile phones are less used for calls today (Ofcom, 2013),

making call behavior a less useful indicator; in contrast, people spend more

time on mobile internet services. Moreover, mobile internet usagemay reflect

more detailed information about one’s specific interests and lifestyles. There-

fore, mobile internet usage data, if available, should encompass a better reflec-

tion of individuals’ traits (Wang et al., 2018b), whilst not much research has

been done in this regard possibly due to the lack of such data. The following

part of this chapter attempts to fill this gap by carrying out a case study on the

relationships between mobile internet usage and activity-travel behavior.

3. Case study

The case study is conducted in Shanghai, China, one of the most

populated and fastest growing cities all over the world. We are allowed to
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access a sample dataset of Unicom mobile users. As one of the three mobile

carriers in China, Unicomwas reported to have had about 270 million users,

more than 20% of the population in China, by the beginning of 2017. In the

provided dataset, each anonymous user ID corresponds to not only their

mobile internet usage but also their spatiotemporal traces from 27th of

December 2015, to 6th of January 2016. The study period includes a

new year’s holiday from 1st of January to 3rd January.

In the data collection process, every trace of a user would be recorded

once the user had any mobile phone activity, in terms of a call, SMS text,

a voice mail, or an internet connection. However, for privacy reasons, the

data provider aggregated the traces hour by hour for each user. Thus, the

provided dataset only includes the location where a user stayed for the lon-

gest time within an hour. If a user did not have any mobile phone activity

within that hour, we are not able to knowwhere the user was, and it is called

a missing trace.

To prevent the impact of missing traces on our further analysis, we only

target the 46,007 users who had spatial records for at least 80% of the total

hours during the study period. According to the data provider, due to the

inherent detection inaccuracy, the actual position of a trace is estimated

to lie within the 200�200m square of which the center is the detected

point. This spatial error is reasonably small and acceptable for our further

analysis.

The mobile internet usage data were also aggregated by the data

provider, who classified a select number of apps and websites into differ-

ent categories. As a result, there are 13 categories of mobile internet con-

tent in total, including “finance,” “food,” “news,” “housing,” “car,”

“entertainment,” “education,” “job,” health,” “game,” “shopping,”

“tourism,” and “sports.” Finally, the page view counts of each user are

provided, respectively, for the 13 categories. According to the data pro-

vider, different apps may have different ways to count such “page views.”

For example, in some cases, they count the times an app has been opened;

in some other cases, they count the times an app has been interacted

with users. Therefore, such page views should only be compared across

categories after being normalized.

4. Methodology

Fig. 1 presents the flowchart of the research methods for the case

study. First, the indicators of mobile internet usage, namely preferred cate-

gory of mobile internet content and total usage intensity, can be calculated
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for each user using mobile internet usage data. Second, the indicators of

activity-travel behavior, including commuting behavior, variety seeking

of locations, and multiday activity patterns, can also be calculated for each

user using mobile phone traces. Finally, the relationships can be statistically

tested between the indicators of mobile internet usage and the indicators of

activity-travel behavior.

4.1 Indicators of mobile internet usage
This study considers an individual’s mobile internet usage, in terms of the

frequencies of browsing different categories of websites and apps via mobile

internet over several days. More specifically, this information is provided in

two indicators: (1) the frequency of browsing all contents, which reflects an

individual’s general mobile internet usage intensity, and (2) one’s favorite

category of mobile internet content, which reflects an individual’s lifestyle

and interest.

Let fun indicate the frequency of browsing a category of mobile internet

content n (e.g., finance or shopping) through mobile apps and/or websites

by an individual u across several days. Given this, the two indicators of one’s

mobile internet usage during a period can be derived: (1) one’s favorite cat-

egory of mobile internet content Nu, and (2) the frequency of browsing all

mobile internet contents Fu, which is further classified into two levels: high

usage (higher than the median), and low usage (lower than the median),

designated by a dummy variable Fu’.

4.2 Stay extraction from mobile phone traces
Stay points need to be distinguished from pass-by points among all mobile

phone traces, and signal jumps should be reduced. An extensive literature

has discussed these problems as well as their case-by-case solutions. In

this study, we adopt the approach and parameter settings suggested

Fig. 1 The flowchart of the research methods for the case study.
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by Alexander et al. (2015). ConsiderTui as the i-th spatiotemporal trace of an

individual u, including three elements lonui, latui, and timeui which represent

longitude, latitude and timestamp, respectively.

First, for each user, the traces that are spatially close (within 300m) to

their subsequent observations need to be distinguished and sets of geograph-

ically close traces are obtained. Second, the medoid of the coordinates

within each set is calculated. Third, the hierarchical clustering algorithm

is applied to consolidate the sets that are close in space but far apart in time,

using 500m as the threshold. As a result, if the distance between two sets is

shorter than 500m, they are combined as a cluster. Fourth, the medoid of the

coordinates within each cluster is calculated. Fifth, a duration threshold is

assumed to identify whether a user stayed or passed by, and finally we

can know where a user stayed for an activity and whether it is a location

where the user had visited before. In our case study, it is stipulated that at

least two consecutive traces close in space can determine a stay point, which

will necessarily lead to overlooking some short activities; however, this is the

best that can be done to extract stay points with these data.

4.3 Indicators of activity-travel behavior
In this study, we specifically focus on three aspects of activity-travel

behavior: (1) commuting behavior, (2) variety seeking of locations, and

(3) multiday activity patterns.

4.3.1 Commuting behavior
Home and work locations (if any) should be detected for each user at first.

We apply the thresholds and rules mainly following the approach of

Alexander et al. (2015). For each user, home location is defined as the loca-

tion with the most stay traces from 7 to 8a.m. on weekdays, on weekends,

and on holidays. Work location is then defined to be the place to which one

cumulatively traveled the maximum distance from home, max(vd), where v

is the number of visits between 8a.m. and 7p.m. on weekdays, and d is the

distance of a place from home. In addition, if a user visits the detected work

location fewer than 2 days per week, it is not regarded as a work location.

We further label the stay traces at the detected home location as home activ-

ity. The same applies to labeling work activity, and the remaining stay traces

are labeled as secondary activity. The drawback of this approach is that only

stable home and work locations can be detected.

After the process described above, we can generate two indicators of

one’s commuting behavior: (1) a dummy variable Cu stating whether user
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u is a commuter, and (2) the commuting distance CDu of user u if Cu¼1,

further classified into two levels: longer commuting distance (longer than

the median) and shorter commuting distance (shorter than the median),

designated by CDu’.

4.3.2 Variety seeking of locations
Another aspect of behavior to investigate is variety seeking of locations.

People have been shown to have significantly different preferences in variety

seeking of locations (Leszczyc et al., 2000; Leszczyc and Timmermans,

1997). Some people tend to explore new locations as much as possible,

whilst the others tend to visit the places that they are familiar with

(Pappalardo et al., 2015). We indicate one’s variety seeking of locations

by calculating the number of distinct locations Lu that user u has visited

during the study period, and Lu is further classified into two levels: high

variety seeking of locations (higher than the median) and low variety

seeking (lower than the median) of locations, designated by Lu’.

4.3.3 Multiday activity patterns
Activity patterns are related to one’s choices of activity type, frequency,

sequence, start time and duration (Arentze and Timmermans, 2004).

In our study, we especially focus on activity type and duration. For

each individual, we calculate the share of time used for out-of-home activ-

ity within each day, represented by APud, which means the proportion

of out-of-home activities of user u on day d. Using the longitudinal

mobile phone traces, we can observe multiday activity patterns of

each user, which can further be clustered using the k-means clustering

algorithm. The number of clusters can be determined by using the

DB-index, which can indicate the compactness of a clustering solution

(Davies and Bouldin, 1979). CLu is used to designate which cluster user

u belongs to.

4.4 Relating mobile internet usage to activity-travel behavior
We have two categorical indicators of mobile internet usage,Nu and Fu’, and

we have four categorical indicators of activity-travel behavior,Cu,CDu’, Lu’

and CLu. Pearson’s chi-squared test is used to examine the statistical depen-

dence between these variables (McHugh, 2013).
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5. Results and discussion

5.1 Activity-travel behavior
Based on the detection algorithms, around 30% of mobile users are identified

as commuters, and the distribution of their commuting distances is shown

in Fig. 2. While the shape of the distribution looks similar to the ones found

in Boston, Milan, etc. (Kung et al., 2014), the median and the mean of

commuting distance are significantly higher in Shanghai, which are about

7.7 and 10km, respectively. This is reasonable because of the large scale

of the city, and also the figures are very close to the ones reported by the

urban authority (Lu and Gu, 2011).

Fig. 3 shows the distribution of unique number of visited locations across

the users during the 11 days. The median and the mean of the distribution

are 3 and 3.125, respectively, indicating that people only visited three dif-

ferent places on average. It should be noted again that the detection algo-

rithms used in this study tend to overlook short activities, as a side effect

of stay extraction; therefore, it is likely that we have underestimated the

unique numbers of visited locations. However, the impact of this underes-

timation is not huge because we do not focus on abstract values and we only

group people into those with high variety seeking of locations and those

with low variety seeking of locations.

The proportion of out-of-home hours is calculated for each user on each

day, and each user can further be described by a vector of such proportions

across 11 days. Based on these vectors, the users are clustered by applying the

Fig. 2 The histogram of commuting distance (km).
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k-means algorithm. We consider the range of k from 2 to 10, and DB-index

is calculated in each case to indicate the compactness of clusters, as shown in

Fig. 4. A lower DB-index indicates more compact clusters.

While it can be observed that the clusters are most compact when k ¼2,

we also investigate the clusters when k ¼3 and k ¼4, as shown in Fig. 5, for

the sake of interpretation. Note that day 1 is Sunday; day 6, 7 and 8 are new

year’s holiday; the other days are weekdays. It is not difficult to figure

out that cluster 1 in the first case (k ¼2) can somehow be decomposed into

cluster 1 and cluster 2 in the second case (k ¼3). Cluster 2 in the second case

(k ¼3) seems to represent the pattern of a typical commuter with 30% of

time being not at home on weekdays on average. Cluster 1 in the second

case (k ¼3) is relatively difficult to interpret, but it seems to further

be decomposed into cluster 3 and 4 in the third case (k ¼4), which,

Fig. 3 The histogram of unique number of visited locations.

Fig. 4 The DB-index of clustering multiday activity patterns.
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respectively, represent the commuters who stayed less time at home and

the people who were more active on weekend and holiday. Considering

both cluster compactness and interpretability, we use four clusters to

distinguish multiday activity patterns, and cluster 1, 2, 3, and 4 are

named as “inactive traveler,” “typical commuter,” “active commuter,”

and “weekend traveler,” respectively.

5.2 The relationships between activity-travel behavior
and mobile internet usage intensity

According to the results of our statistical tests, people with different intensity

levels of total mobile internet usage seem to have significantly different

activity-travel behavior, as shown in Fig. 6. First, people using more often

mobile internet are more likely to be a commuter and have longer com-

mutes. Second, people with higher usage intensity level also visited more

distinct locations than the others during the 11 days. Third, those who fre-

quently used mobile internet spent more time away from home in general.

Especially, a clear difference in total usage intensity can be observed between

inactive users and typical commuters. On the other hand, the difference

between the other two clusters is not very significant.

A common pattern behind these observations is that people who travel

more and longer tend to be active mobile internet users as well. A similar

finding was reported by Yuan et al. (2012), who observed the positive cor-

relation between high call frequency and larger activity space. We substan-

tiate such a complementary relationship in the context of mobile internet.

5.3 The relationships between activity-travel behavior
and favorite category of mobile internet content

Fig. 7 shows the statistical test results of the relationships between activity-

travel behavior and favorite category of mobile internet content. In general,

dependence can be found between each pair of variables as indicated by the

Fig. 5 The clusters of multiday activity patterns.
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Fig. 6 Associations between activity-travel behavior and mobile internet usage intensity.

Fig. 7 Associations between activity-travel behavior and favorite category of mobile
internet content.
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low P-values. Especially, some associations between specific categories stand

out. First, a commuter significantly preferred job-related content compared

to a non-commuter. The other categories of content that interested com-

muters include restaurant and sports. On the other hand, a non-commuter

was more likely to be attracted to the content related to online shopping and

news. Second, a user with a shorter commute was significantly attracted to

the content related to finance and game; in contrast, a user with a longer

commute was more interested in the content related to education and enter-

tainment. Third, those who visited more distinct locations seem to be the

ones who were interested in the content related to car and tourism, whilst

those who visited fewer distinct locations preferred the content related to

game and online shopping. Fourth, it is hard to distinguish the preference

of weekend travelers and active commuters, except that active commuters

are significantly more interested in car-related content, compared to

the others.

It is difficult to reason the significant associations merely based on such

observations. However, some of them are quite consistent with common

sense. For example, typical commuters were interested in job-related con-

tent; inactive travelers spent more time on games and online shopping; those

who visited more distinct locations preferred the content related to car

and tourism.

6. Conclusions and recommendations

This chapter has presented a literature review on the relationships

between mobile phone usage and activity-travel behavior, and performed

a case study, as a complementary example, to empirically investigate the

relationships in the context of mobile internet. In Section 2, we built a sim-

ple conceptual framework to help understand the relationships between

mobile phone usage and activity-travel behavior through literature review:

they are related to each other because they are both dependent on personal

attributes such as socio-economic and socio-demographic attributes. In

Section 3–5, we used a mobile phone dataset from Shanghai, China, to

inspect the relationships between activity-travel behavior of the users, rev-

ealed in spatiotemporal traces, and their mobile internet usage, including

the frequencies of browsing different categories of content through

mobile apps and websites. Some significant and interpretable relationships

that we found are highlighted as follows:
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• Those who traveled more and longer were likely to use mobile internet

more often.

• Commuters were more interested in job-related content.

• Inactive travelers spent more time on games and online shopping.

• Those who visited more distinct locations preferred the content related

to car and tourism.

Based on our study, a couple of research directions can be further investi-

gated. First, more aspects of activity-travel behavior can be included in

this kind of analysis. In our study, we only considered activity pattern

and location choice mainly due to the relatively lower sampling rate of

our data (i.e., one trace per hour); however, it is possible to detect travel

mode choice, departure time choice and even route choice with higher-

resolution data, and the relationships between mobile internet usage and

these choices can then be examined. Second, although we only explored

the statistical dependence between some indicators of mobile internet usage

and activity-travel behavior, attempts could be made to build explanatory

travel behavior models based on our findings, by using both mobile phone

traces and mobile internet usage data. Such models can incorporate mobile

internet usage as an element to distinguish different population segments

and further explain behavioral heterogeneity.

Acknowledgments
Wewould like to express our gratitude to the Shanghai UnicomWO+OpenData Application

Contest for making the mobile phone data available for this research. Thanks go also to the

TRAIL research school and the Dutch Organization for Scientific Research (NWO) for

sponsoring the first author for his PhD study. The assigned grant code is 022.005.030.

References
Aguil�era, A., Guillot, C., Rallet, A., 2012. Mobile ICTs and physical mobility: review

and research agenda. Transp. Res. A Policy Pract. 46, 664–672. https://doi.org/
10.1016/J.TRA.2012.01.005.

Ahas, R., Mark, €U., 2005. Location based services—new challenges for planning and
public administration? Futures 37, 547–561. https://doi.org/10.1016/J.FUTURES.
2004.10.012.

Ahas, R., Laineste, J., Aasa, A., Mark, €U., 2007. The Spatial Accuracy of Mobile Positioning:
Some Experiences with Geographical Studies in Estonia, in: Location Based Services
and TeleCartography. Springer, Berlin Heidelberg, Berlin, Heidelberg, pp. 445–460.
https://doi.org/10.1007/978-3-540-36728-4_32.

Ahas, R., Silm, S., J€arv, O., Saluveer, E., Tiru, M., 2010. Using Mobile positioning data to
model locations meaningful to users of Mobile phones. J. Urban Technol. 17, 3–27.
https://doi.org/10.1080/10630731003597306.

Alexander, L.P., 2015. Cell Phone Location Data for Travel Behavior.

100 Yihong Wang et al.

https://doi.org/10.1016/J.TRA.2012.01.005
https://doi.org/10.1016/J.TRA.2012.01.005
https://doi.org/10.1016/J.FUTURES.2004.10.012
https://doi.org/10.1016/J.FUTURES.2004.10.012
https://doi.org/10.1007/978-3-540-36728-4_32
https://doi.org/10.1080/10630731003597306
http://refhub.elsevier.com/S2543-0009(19)30010-1/rf0030


Alexander, L., Jiang, S., Murga, M., González, M.C., 2015. Origin–destination trips
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