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as temporary changes to infrastructural conditions e.g., road closures [� ], nevertheless re-

cent experiences show that people are willing to use alternative modes such as walking,

bicycling, and public transit. To meet the increasing travel demand for alternative modes,

there is a need to improve the quality of the services in terms of convenience, comfort,

a�ordability, and integration. This cannot be done without understanding the travelers•

needs and their preference of using the alternative modes. One aspect that should be im-

proved is mode choice modeling, which is considered essential for predicting the future

growth for each mode, in addition to identifying factors that in”uence the use of each

mode and shifting from one mode to another.

Mode choice models can be aggregated if they are based on aggregated zonal (and inter-

zonal) information. It can also have disaggregated models if they are based on household

and/or individual data. Disaggregate models consider that the demand is the result of sev-

eral decisions of each individual traveler. The two most common discrete-choice models,

multinomial logit and nested logit, have been used to investigate factors in”uencing travel

behavior [� , � ]. The theoretical base of the discrete-choice model is that individuals travel

choice is based on the utility maximization principle or relative attractiveness of compet-

ing alternatives. A discrete-choice model predicts a probability made by an individual as

a function of any number of factors that describes the alternatives [� , � ].

Discrete-choice models can be based on either observed behavior (Revealed Preferences

data) or on hypothetical choice surveys (Stated Preference data) that contains datasets

of three main categories, which are believed to be important to in”uence mode choice:

(i) characteristics of the trip maker - car ownership, possession of driving license, house-

hold structure, income, etc., (ii) characteristics of the journey - trip purpose, time of the

day, and if trip is taken alone or with others, and (iii) characteristics of the transport facil-

ity - components of monetary cost, in-vehicle and out-of-vehicle times, parking, comfort

and convenience, safety, security, etc. [� ].

Discrete-choice models are based on the economic theories under the assumption that

people choose between transport modes according to rational principles. The basic as-

sumption is that people attempt to maximize the utility derived from the alternatives• dif-

ferent characteristics against each other and decide rationally. However, these economic

theories and methods lack some factors from social relationships that in”uences people•s

transport mode choice. Social in”uence in transportation is becoming a topic of increas-

ing coverage [	 ]. Social network theory acknowledges the role of social contagion and

spreading mechanisms in the process of decision making, and social relationships may

directly in”uence the making of di�erent choices, such as transport mode. For example,

when more members of an ego-network use a particular mode of transport, it is more

likely that a given member of that network uses that mode as well, which may be due to

conformity, social pressure, or imitation mechanism. Thus, the threshold models of in”u-

ence [
 ] describe the in”uence of others as a function of the proportion of other people

adopting a new type of behavior. On the other hand, network homophily can be responsi-

ble of imitation process by which people may modify their behaviors to bring them more

closely into alignment with the behaviors of their friends [� , � ].

In this study, we use mobile phone data for the following two purposes: (i) to infer trans-

port mode, and (ii) to investigate the in”uence of social network variables on transport

mode choice. Our analysis focuses on the commuting trips, i.e., travels between residence
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and workplace locations. A complementary work on social network in”uence on leisure

travels can be found in [�
 ].

2 Related work
In recent years, there have been studies that explored the use of cellular network data

for di�erent purposes. These studies investigated various topics such as tra�c estimation

[�� …�� ]; origin-destination ”ow estimation [�� …�� ]; travel demand analysis [�
 …�� ]; land-

use detection [�� …�� ]; interplay between users• mobility, location, and applications they

access [�	 ]; and place-related context inference [�
 , �� ]. There is also a great body of liter-

ature that have analyzed the use of cellular network data in a wide range of issues, such as

incident and tra�c management [�� ]; urban sensing [�
 ]; social networks, security, and

privacy issues [�� ]. Our main concern of the present paper is to explore the potential of

mobile phone data to infer the transport mode and, in particular, to analyze the in”uence

of social network variables on transport mode choices. The remaining part of the related

work section will be devoted to survey previous studies that have used mobile phone data

for social network analysis.

Social in”uence can be readily observed in common collective decision processes, e.g.,

political polls [�� ], panic stampedes [�� ], stock markets [�� ], cultural markets [�� ], aid

campaigns [�	 ], product rating [�
 ], or answering questions [�� ]. Some of these collec-

tive decisions can trap a population in a suboptimal state, for example a “nancial bubble

due to “nancial actors• herding behavior [�� ]. Alternatively, they may steer a system into

positive directions, such as increased tax compliance rates [�
 ] and improved weight loss

progression [�� ]. However, understanding how such collective decisions are formed, eval-

uating their bene“t for the population, and even directing their outcomes, is conditional

on quantifying how people perceive and respond to social in”uence.

2.1 Social influence on travel behavior
The idea that participation in social activities may a�ect travel decisions is not new in

transportation research. For example, the need for belongingness was identi“ed as a mo-

tivator for travel by Salomon [�� ]. Conceptually, time geography research (e.g., [�� …�	 ])

has long emphasized the importance of social contact, in the form of coupling constraints,

as a key determinant of travel. There is evidence that shows a connection between social

interaction and amount of travel. Harvey and Taylor [�
 ] conducted a study using ����

Canadian time-use data and discovered that employees who work from home spent less

time with others. Their results also showed that these employees spent as little as �
% of

their time (when awake) with others as compared with �
% for individuals in the con-

ventional workplace. Harvey and Taylor also found that people who had very little social

interaction with others tended to travel more. These results suggest that working from

home may not reduce travel for everyone, but just alter the purpose of travel, which is

also in line with the study by Arentze and Timmermans [�� ]. Based on these “ndings,

Harvey and Taylor [�
 ] discussed the necessity of achieving a better understanding of so-

cial contact, and in particular identifying the social relationship. Previous transportation

research has also investigated the role of social organization (including household), socio-

demographics, and gender on travel behavior, often at an aggregate level (e.g., [�� …�� ]) but

also at the individual level (e.g., [�� , �� ]), however considering only the characteristics of

the individual, and not his or her connections to others. Nonetheless, relatively little work
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has been done to operationalize the in”uence of these connections, and more speci“cally

of the decisions made by others, on individual decision making. Ben-Akiva and Lerman

[�� ] (p.��), for example, noted that •(by) considering a group of persons as a single decision

maker. . . it is possible to abstract partially the complex interactions within. . . a household

or “rm.Ž Although this approach, commonly adopted in travel behavior research, is a use-

ful “rst-hand approximation to complex problems, it ignores important aspects derived

from interpersonal interactions. More recent research, on the other hand, has started to

tackle some of the additional complexity involved in dealing with social interdependen-

cies, as seen in the small but growing literature on social relationships and interactions in

travel decision making (e.g., [�	 …�� ]). Besides a small number of examples in this particu-

lar area of research, other aspects of social in”uence continue to be ignored in the analysis

of travel behavior, such as social tie strength and socio-geography [	
 ].

2.2 Mobile sensing approach in behavior analysis
Today•s mobile phone is not just a communication device but also a new gateway for hu-

man behavior sensing - a new sensor-networking paradigm that incorporates human as

part of its sensing infrastructure. The mobile sensing approach allows researchers to col-

lect and analyze human behavior on a large-scale. Human mobility is one of the hottest

topics in recent research. Song et al. [	� ] studied the mobility patterns of anonymous mo-

bile phone users and concluded that, despite the common perception that our actions are

random and unpredictable, human mobility follows surprisingly regular patterns and is

��% predictable. Their result is in line with González et al. [	� ] who showed that while

most individuals travel only short distances and a few regularly move over hundreds of

miles, they all follow a simple pattern regardless of time and distance, and they have a

strong tendency to return to locations they visited before. The statistical properties of hu-

man mobility have been studied [	� ] and used in applications such as location prediction

[	� ] and interurban analysis [	� ], for example. Epidemiology also bene“ts from under-

standing human movements, for example Wang et al. [		 ] showed that human mobility

can be used to model fundamental spreading patterns that characterize a mobile virus

outbreak, and Wesolowski et al. [	
 ] studied how human travel patterns contribute to

spread of Malaria. Mobile sensing approach has also been used in studies of social net-

work structure (e.g., [	� , 	� ]). Phithakkitnukoon and Dantu [

 ] discovered the scaling

ratio in social structure. Other studies show that social structure can change over time

due to a number of reasons such as migrations [
� ] or behavior adaptation as described in

a study by Eagle et al. [
� ] that individuals change their patterns of communication to in-

crease the similarity with their new social environment. Eagle et al. [
� ] later showed that

social diversity is associated with economic development. Social interaction is, therefore,

important not only for improving well-being but also economic status. Phithakkitnukoon

et al. [
� ] found that weather condition can also in”uence social interactions, while On-

nela et al. [
� ] and Krings et al. [
	 ] showed that social interactions are constrained by

geographical distance. Occasionally interacting with social ties may appear indicative of

face-to-face meeting travel [�� , 

 ]. Preliminary work by De Domenico et al. [
� ] showed

that information gathered from social ties can help improve prediction of individual loca-

tions. Phithakkitnukoon et al. [	
 ] discovered correlations between people•s travel scope

and locations of their social ties. It is therefore important to understand the interplay be-

tween social network and human mobility. However, fairly little work has been done to
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explore this relationship. It is the dimensions and qualities of this kind of relationship that
this study seeks to explore and de“ne.

3 Methodology
3.1 Subjects
This study has taken an opportunistic sensing approach for real-life behavior observation,
as human subjects are also part of the sensing infrastructure. For billing purposes, telecom
operators keep records of their mobile phone customers• usage logs. Each of these usage
logs, also known as Call Detail Records (CDRs), includes a caller ID, callee ID, caller•s
connected cell tower ID, callee•s connected cell tower ID, duration of the call, and times-
tamp. Each time the mobile phone user makes or receives a call, i.e., connecting to a cell
tower, the nearest cell tower location is recorded. Thus, collectively CDR data provides
“ne-grained longitudinal information about the individual•s mobility and sociality. In this
study, we capitalized on the opportunity that this kind of data can provide such a detailed
behavior observation concerning mobility and sociality. We used anonymized CDR data
of mobile phone users in Portugal over the period of one year.

To safeguard personal privacy, individual phone numbers were anonymized by the op-
erator before leaving their storage facilities, and were identi“ed with a security ID (hash
code). The dataset does not contain information relating to text messages (SMS) or data
usage (Internet). There is a total of 	,�
� cell towers, each on average serves an area of
�� km � , which reduces to 
.�� km � in urban areas such as Lisbon and Porto.

For the subjects of our study, we started with an initial random sample of �

 mobile
phone users (whose locations were recorded at least “ve times each month over the period
of one year) as theego-subjects, and followed the approach by Onnela et al. [	� ], to gather
their alters (i.e., social ties) based on reciprocal communications. This snowball sampling-
like subject recruitment gave us �,�
� alters, so there was a total of �,�
� subjects for the
study. This is an egocentric network with the depth of �.

On average, over one year of observation, there are 	�.� reciprocal links per ego-subject
(i.e., number of social ties), each ego-subject spent �

.�� minutes on the mobile phone
each month (approximately �� minutes daily) and was connected to cellular network
�

.�� times (calls) monthly (approximately �
 calls daily) across �	�.	� di�erent cell
tower locations (��.
� cells monthly). Histograms of the number of social ties, call du-
ration, call frequency, and mobility (number of di�erent cell sites visited) are shown in
Figure� (a),� (b), � (c), and� (d), respectively.

3.2 Residence and work location inference
In this study, we were interested in travel mode choices for commuting i.e., travel between
one•s place of residence and place of work (or study), which accounts for a large portion of
all person trips. So, our “rst task was to identify the place of residence for each ego-subject.
Since the location information of mobile phone users is at the level of cell tower location,
so we estimated the place of residence for each ego-subject by taking our previous and
successful approach in identifying residence location as the location of the most frequently
used cell tower during the nighttime (�
pm-
am). This approach has been proven as a
reasonable approximation, as its result was validated against the actual census information
in our previous study where we compared the portion of the estimated population density
based on our residence location estimation with the actual population density across all
�
� municipalities of Portugal [ 	
 ]. Figure� (a) shows the estimated residence locations
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(a) (b)

(c) (d)

Figure 1 Histograms of number of social ties, call duration (in minutes), call frequency, and mobility.

of our �

 ego-subjects overlaid with the road networks of Portugal. It can be seen that
the residence locations of our ego-subjects are spread geographically across the country,
while highly clustered in urban areas, such as Lisbon and Porto - intuitively, in coherence
with the general population density distribution of the country.

By the same token, we took this approach in estimating the workplace location for each
ego-subject as the location of the cell tower with the highest level of call activity during
normal business hours (�am-�pm) on weekdays. Figure� (b) shows the estimated locations
of residence and workplace of our ego-subjects. The residence is marked with a red cross
while the workplace is marked with a blue circle, and both places are linked with a line
to represent acommuting flow. As commuting ”ows are denser in urban areas, Figure�
shows a zoom-in version of commuting ”ows in Lisbon and Porto. (Note that the results
are identical by considering weekdays and weekend altogether.)

With the estimated residence and workplace locations, we further computed the com-

muting distance for each ego-subject. The average commuting distance was �
.�� km
(median distance was 
.�� km). The longest commuting distance is ��.�� km while the
shortest is 
.�� km among the ego-subjects. A histogram of the commuting distances is
shown in Figure� .

3.3 Social tie strength inference
In addition to the location information, CDRs also include call logs that carry the informa-
tion about individual•s social activity in the cellular network, from which social network
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(a) (b)

Figure 2 Estimated residence and workplace locations. (a) Estimated residence locations of the
ego-subjects (marked with red crosses) overlaid with the road network. (b) Estimated residence and
workplace locations of the ego-subjects (marked with a red cross and blue circle, respectively), and
commuting �ows (marked with lines).

(a) Lisbon (b) Porto

Figure 3 Commuting flows in urban areas; (a) Lisbon and (b) Porto. Estimated residence and workplace
locations are marked with a red cross and blue circle respectively, while commuting �ows are represented
with lines.

information can be extracted. Each ego-subject•s social network was identi“ed based on

the caller IDs that were associated with the ego-subject through reciprocal calls. In other

words, any individuals who had received and made calls to/from the ego-subject were con-

sidered the ego-subject•s social tie (or alter). As shown previously, a histogram of number

of social ties per ego-subject is illustrated in Figure� (a). To get a geographical sense about
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Figure 4 Histogram of commuting distance.

Figure 5 Some examples of the ego-subject’s and tie’s residence locations. These examples were
chosen to show socio-geography of some ego-subjects whose residence locations are di�erent across the
country.

the ego-subjects and their ties• locations, Figure� shows a few examples of geographical

distribution of the residence locations of the ego-subject and his/her social ties. The afore-

mentioned approach was used to infer the social tie•s residence location. Ego-subject•s res-

idence location is marked with a red star while the tie•s residence location is marked with a

blue dot. As reported in [�� ], in most cases, social ties are geographically clustered near the

ego-subject•s location. From all ego-subjects, the average distance between the ego-subject

and social tie is ��.�� km, with the minimum of 
 km and the maximum of �,

�.
� km.

A histogram of distances between the ego-subject•s and tie•s residence locations is shown

in Figure	 (a). Due to its statistical distribution, a logarithmic scale was used to show the

distribution of the histogram. It can be observed that there is a peak at around �
 km, and

another peak at �

 km, which is an approximate distance between Lisbon and Porto.

In a social network, normally there are di�erent levels of closeness in relation that de-

“nes the strength of social tie. Blondel et al. [�� ] surveyed di�erent methods that have

been used to set a meaningful metric to measure the importance of a link between ties.

So, we further inferred the social tie strength by adopting the theory of tie strength devel-

oped by Mark Granovetter in his ��
� milestone paper [ 
� ]. He de“ned the strength of

a tie as •a combination of the amount of time, the emotional intensity, the intimacy (mu-

tual con“ding), and the reciprocal servicesŽ. We took a similar approach to Onnela et al.

[	� ] by using the amount of time spent in communication and reciprocity as proxies. We

computed the tie strength between the ego-subject and a tie based on a total call duration
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(a) (b)

Figure 6 Histograms for social ties. (a) Histogram of distances between the ego-subject�s and tie�s
residence locations. (b) Histogram of social tie strength values.

between them, normalized by the total call duration between the ego-subject and all ties

as given by Eq. (� ).

s(i) =
c(i)

∑N
i=� c(i)

, (�)

where s(i) is the tie strength between the ego-subject and theith tie, c(i) is the total call

duration between the ego-subject andith tie, and the denominator is the total call dura-

tion between and the ego-subject and all associated ties whereN is the total number of

associated ties.

Thus, the value of tie strength ranges from 
 (lowest strength) to � (highest strength).

Figure	 (b) shows a histogram of social tie strength across all ego-subjects and their ties.

Similar to Figure 	 (a), a logarithmic scale was used because of the nature of statistical

distribution of the social tie strength values. The average tie strength is 
.
�� while the

minimum and maximum values are �.�� × �
 …�	 and 
.��, respectively.

3.4 Transport mode inference
With the estimated residence and workplace locations, we further inferred about the sub-

ject•s mode choice for commuting, based on the mobile phone usage history. We used the

Google Maps Directions API [�
 ] as a tool to help us make a sensible inference about the

commute mode choice. With the Google Maps Direction API, for each subject, we made

an HTTP request forwaypoints by using residence and workplace locations as theorigin
anddestination parameters. Public transportation and private car are the two most com-

mon modes of today•s transportation. The in”uential factors and attitudes towards the

choice of these modes have been the subject of both transport and behavioural science

studies [�� …�� ]. In Portugal, there have been some recent e�orts by public authorities at

central and local levels to promote the provision of soft modes (e.g., walking and cycling),

but the implementation of a soft mobility network is in its early stage. This results in a

rare use of soft modes for daily commuting, particularly in urban areas [�� ]. Therefore,

we considereddriving andpublic transit as the transport mode choices in this study, so for

each subject, two HTTP requests were made regarding the mode choice. Along with the
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(a) Route choices for driving (b) Route choices for transit

Figure 7 Route choices suggested by the Google Maps Directions API for (a) driving and (b) transit
between a subject’s residence and workplace locations.

Figure 8 Route choices suggested by the
Google Maps Directions API for driving (blue
lines marked with dots) and transit (magenta
line marked with asterisks) between a subject’s
residence and workplace locations. Each location
of mobile phone usage history is marked with a
circle whose size represents the amount of usage.

origin and destination parameters, •drivingŽ and •transitŽ were used formode parameter.
The response from each HTTP request includesroutes i.e., route choices between origin
and destination by each given transport mode (i.e., driving and transit). The number of
route choices returned from the request varies with the given origin and destination lo-
cations. These route choices were possible route choices suggested by the Google Maps
Directions API. Figure
 shows an example of route choices between residence and work-
place locations of one of the ego-subjects. There are three route choices for each given
transport mode in this example.

With these suggested routes, our task here was to identify the most probable route taken
by the subject, based on the traces of the subject•s mobile phone usage. Each response
routes (suggested route) that we obtained from our HTTP request includeslegs, which
are waypoints (or geographic points) along the route. Figure� shows the suggested routes
(according to the obtainedlegs information) for both driving and transit (three choices for
each mode, in this example) between a subject•s residence and workplace locations, along
with the subject•s mobile phone usage history locations, each marked with a green halo cir-
cle whose size corresponds to the amount of usage (the number of connections to the cel-
lular network) - i.e., a larger size means a higher number of connections, which can imply
a more frequent visited location. Suggested driving routes are in blue while transit routes
are in magenta. Residence and workplace locations are marked with solid red circles.

Intuitively, the route that is geographically closer to the locations of mobile phone con-
nectivity i.e., visited locations, is more likely to be the actual route taken by the subject.
As an example (in Figure� ), the driving route choice on the upper right corner position of
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Figure 9 Graphical representation of distance measure between a route’s waypoints (black dots) and
mobile phone usage locations (green halo circles).

the “gure appears to be the most probable route taken for commuting, as the route lies in

the area of frequent mobile phone usage locations. As the subject has collectively (over a

year) connected to the cell towers along the route, which sensibly suggests that this route

is likely to be the route taken by the subject - and hence driving is the mode choice.

Systematically, we interpolated the obtained routes so that each route has �

 waypoints

to guarantee the fairness in comparison among di�erent routes, regarding the distance to

the mobile phone usage locations. The task here was to “nd the nearest route to the mobile

usage locations. The number of data points (waypoints) of �

 for our data interpolation

was arbitrarily chosen.

Computationally, for each routek (denoted byrk); rk = {xk(�), xk(�), xk(�), . . . , xk(M)},
where xk(i) is the ith waypoint of route k and M is the number of waypoints (�

), we

computed the distance (mk) between theM waypoints and a set of allN mobile phone

usage locations, as following:

mk =
�

M

M∑

i=�

c(i), (�)

where c(i) is the average haversine distance (dist(x,y)) [�� ] from the waypoint i to all N
mobile usage locations, i.e.,

c(i) =
�
N

N∑

j=�

dist
(
xk(i),y(j)

) · w(j). (�)

Each waypointxk(i) consists of geographic coordinates (latitude, longitude);xk(i) =

{latk(i),lonk(i)} while each mobile phone usage location (y(j)) also consists of geographic

coordinates, i.e.,y(j) = {lat(j),lon(j)} (as shown in Figure� ), thereforec(i) can be calculated

as:

c(i) =
�
N

N∑

j=�

� r

· arcsin

(√

sin�
(

lat(j) …latk(i)
�

)

+ cos
(
latk(i)

)
cos

(
lat(j)

)
sin�

(
lon(j) …lonk(i)

�

))

· w(j), (�)
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wherew(j) is a weight function that varies with the level of connectivity at the usage loca-

tion j as follows:

w(j) =
�

f (j)

N∑

n=�

f (n), (�)

where f (j) is the number of connections (i.e., calls made or received) at the mobile usage

location j, so a mobile usage location with a higher connectivity has a lower weight, and

vice versa.

The distancemk is computed for all suggested routes, and the route with the minimum

mk is then chosen as the most probable route taken by the subject, and the mode choice

is determined accordingly. With this transport mode inference algorithm, we have found

that for all �,�
� subjects, driving is the mode choice of �,�

 subjects while transit is

the choice of �
� subjects, which account for ��.�	% (driving) and �	.
�% (transit). These

percentages are in line with the actual survey data, which are ��% for driving and ��%

for transit, reported by Eurostat [�	 ] and ECORYS Transport of Portugal [�
 ]. For our

ego-subjects, driving is the choice of 	
 subjects while transit is the choice of �� subjects.

4 Results
4.1 Commute mode choices of social ties
The inferred commute transport modes and social ties allowed us to further investigate on

the mode choices of the ego-subjects• social ties. We separated the ego-subjects into two

groups according to their commute mode choices; driving and transit. As our initial inter-

est was to observe the characteristic distributions of social ties• mode choices that were

believed to in”uence the choices of the ego-subjects, so we inspected the mode choices

the ego-subjects• ties for each ego-subject•s group.

For each ego-subject, we examined the number of driving and transit ties from which

the fraction of each tie•s mode choice was calculated. Figure�
 (a) shows a histogram of

the fraction of each mode choice of the driving ego-subjects• social ties. The average and

standard deviation of the fractions were calculated to be 
.��� and 
.��� for the driving

(a) (b)

Figure 10 Fraction of mode choices of the ego-subjects’ social ties. (a) Histogram of the fraction of each
mode choice of the driving ego-subjects� social ties; driving (blue bars), transit (red bars). (b) Histogram of the
fraction of each mode choice of the transit ego-subjects� social ties; driving (blue bars), transit (red bars).
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ties, and 
.��� and 
.��� for the transit ties, respectively. It can be observed that there is a
much higher fraction of social ties whose commute mode choice are driving, which may
have in”uenced the mode choice decision for the driving ego-subjects.

On the other hand, by examining the mode choices of the transit ego-subjects• social
ties, we found that the fraction of social ties whose choice is driving is still higher than
that of the social ties with transit being their mode choice, as shown in Figure�
 (b). The
average and standard deviation are (
.
��, 
.���) for driving ties, and (
.�
�, 
.���) for
transit ties.

Since driving is the mode choice of the majority, its fractions appear to overwhelm the
transit ties• fractions in both mode choice groups of the ego-subjects. Although, this is the
case, it is still observed that there is a slight shift of these fractions where the average of
the transit ties• fraction (
.�
�) is slightly higher than the driving ego-subjects• transit ties•
(
.���), as well as a downshift in the driving ties• fractions for transit ego-subjects. This
minor evidence may have softly suggested that the mode choice made by the members of
the ego-subject•s social network can in”uence the ego-subject•s mode choice as well.

To ensure that this result is not entirely due to the unbalanced distribution of car and
transit users, we re-generated the result with a random reference system that randomly
shu�es the mode choices among people in the dataset. Firstly, we reshu�ed the driving
mode choices among the people and re-measured the average fractions of driving and
transit social ties for each set of driving and transit ego-subjects. We repeated this exper-
iment for �
 times. Secondly, we reshu�ed the transit mode choices and re-measured the
results. We•ve observed that the results obtained from this random reference system are
di�erent from the result in Figure �
 as there are overlaps (histograms shown in Tables�
and � in the Appendix) and hence the di�erence between the average fractions of driv-
ing and transit ties (Tables� and � in the Appendix) are less than the results observed in
Figure�
 , which are (
.���, 
.���) for driving subjects and (
.
��, 
.�
�) transit subjects.
The average di�erence between the fractions of driving and transit ties from the random
reference system is 
.��
 for driving subjects and 
.��
 for transit subjects, while the re-
sult in Figure �
 has the di�erences of 
.
�
 and 
.��� for driving and transit subjects,
respectively - which are overall ��.�% and �.�% greater than the random references. This
may suggest that the result in Figure�
 is not entirely due to the unbalanced distribution
of car and transit users but perhaps also the social in”uence.

There may be multiple realizations for why the mode choices of the ego-subjects resem-
ble the mode choices of ego-subject´s ties for each ego-subject´s group. Pike [�� ] explained
that other members in the ego-subject´s social network could in”uence the ego-subject.
Alternatively, it may be that all members in the ego-subject´s social network have a sim-
ilar choice context such as similar costs associated with each mode, and that may result
in the same mode choice among the ego-subject•s social network. It is also possible that
members of the subject´s social network are all prone to make the same choice because of
shared attitudes on transportation, and this preliminary “nding has led us to our further
investigation (presented in the later sections).

4.2 Social distance
The strength of tie de“nes the level of social closeness or relationship. Strong ties are
people who are socially close to us and whose social circles tightly overlap with our own.
Typically they are people we trust and with whom we share several common interests. On
the contrary, weak ties represent mere acquaintances. Di�erent strengths of social ties can
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Figure 11 Fraction of social ties sharing a
common commute mode choice with the
individual ego-subjects, across a range of tie
strength values.

in”uence various behaviors di�erently, for example, receipt of information [�� ], mobility

[	
 ], and word-of-mouth referral [�� ].

Along this line of behavior understanding, here we were interested in how tie strength

relates the transport mode choice decision. So, we extended our preliminary investigation

on social ties• commute mode choices to examine the tie strength. In particular, we in-

spected the fraction of social ties who share a common mode choice with the individual

ego-subjects, across a range of tie strength values (calculated using Eq. (� )).

Interestingly, as the strength of tie increases, the fraction of ties sharing a common mode

choice decreases. This relationship can be “tted with a power law equationy(x) = �.��� ×
�
 …�x…
.	���� + 
.	���� with r = 
.���, as shown in Figure �� . The result may suggest that

weaker ties tend to have a higher in”uence on the ego-subject•s mode choice, as a higher

fraction of them share a common mode choice with the ego-subjects.

To ensure that the observed result is not entirely due to the overwhelming fraction of

weak ties, we re-produced this result by considering a network with the same number of

connections, degree, and overall fraction of weak ties as originally, but with the transport

modes reshu�ed among people. We repeated the experiment for �
 trials. We•ve observed

that the results obtained from this setup (shown in Table	 in the Appendix) are rather

random when compared with the result in Figure�� , which is more structured and can be

nicely “tted by an equation.

We further examined two separate groups of the ego-subjects; driving and transit.

A quite similar result is also observed for the driving ego-subjects (shown in Figure�� (a)),

but not the same for the transit ego-subjects (Figure�� (b)). Interestingly, for driving

ego-subjects, two distinct trends are observed. When the tie strength is less than the

average tie strength, the portion of driving ties decreases as the tie strength increases

(y(x) = 
.

����� x…
.�
��
 + 
.����� with r = 
.���). However, when the tie strength is

higher than the average, the portion of driving ties increases with the tie strength value

(y(x) = 
.	��	� x…
.
���
� + 
.�	��� with r = 
.�
�).

The average tie strength has been used to determine strong ties and weak ties [	
 ] where

those with a tie strength value of greater than the average are classi“ed as strong ties,

and otherwise classi“ed as weak ties. So, the result in Figure�� (a) suggests that as the tie

strength increases, weak ties become less in”uential while strong ties become more in”u-

ential for the driving ego-subjects. Note that our notion of being in”uential here means

being likely that ego-subject is to share a common choice as re”ected by the fraction of

social ties• mode choices observed.
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(a) (b)

Figure 12 Fraction of ties who share a common transport mode across tie strength values. (a) Fraction
of social ties sharing a common commute mode choice with the driving ego-subjects, across a range of tie
strength values. Red vertical dash line indicates the average tie strength value. (b) Fraction of social ties
sharing a common commute mode choice with the transit ego-subjects, across a range of tie strength values.
Red vertical dash line indicates the average tie strength value.

The observed higher in”uence of weaker ties here follows the phenomenon described

by Granovetter [
� ] that individuals are often in”uenced by others with whom they have

tenuous or even random relationships - i.e., weak ties. Our observation of the similar level

of in”uence across tie strengths is in line with a study of the impact of strong and weak

ties on the acceptance of a new product by Goldenberg et al. [�
 ] that concluded that the

in”uence of weak ties is as strong as the in”uence of strong ties, and their e�ect approx-

imates or exceeds that of strong ties, in all stages of the product life cycle. In addition,

they also observed that when personal networks are small, weak ties were found to have

a stronger impact on information dissemination than strong ties, which is likely the case

for our result in Figure�� (a). Our result thus adds to the literature from the perspective

of the in”uence of social ties on the choice of commuting by a car.

On the other hand, for the transit ego-subjects, opposite trends are observed (Fig-

ure �� (b)). As the tie strength increases, the in”uence of weak ties become more pro-

found (y(x) = 
.���
� x…
.
����� + 
.
����� with r = 
.��
), whereas the in”uence of strong

ties become less re”ective (y(x) = …
.�	��� x…
.���� + 
.����� with r = 
.��
). Thus, Fig-

ure �� suggests that strong ties are more important to determine if driving is the per-

son•s transport mode choice, whereas weak ties are more important to determine if public

transit is the person•s choice. People commuting by transit may have a larger chance to

create homophilic weak links, as they share space and spend some time together. Driver-

commuters, on the other hand, are traveling either by themselves or with people who are

presumably strong links. This result complements the study of de Kleijn [�� ], which found

that stronger ties have a greater in”uence than weaker ties on choice of travelling by public

transport, and it extends the observation with a remark of the in”uence that drops as the

tie strength increases for the strong ties.

4.3 Physical distance
After having investigated on the in”uence of social distance on mode choices, here we

were interested in exploring how geographical distance plays a role in mode choice de-
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(a) (b)

(c) (d)

Figure 13 Likelihood of a social tie using the same transport mode with the ego-subject as the
distance between the ego-subject and the tie’s locations varies; (a) subject’s residence and tie’s
residence locations, (b) ego-subject’s residence and tie’s workplace locations, (c) ego-subject’s
workplace and tie’s residence locations, and (d) ego-subject’s workplace and tie’s workplace locations.

cision. In particular, as we•ve already observed that distance in social relationship is an

in”uential factor, so we wanted to further explore if the physical distance to the social ties

is also another in”uential factor for the mode choice decision. For instance, are friends

who live (or work) nearby more in”uential than those who live (or work) farther away? It

is the question concerning landscape and transport infrastructures that may in”uence the

transport mode choice decision, as di�erent geographical areas may be structured with

di�erent physical arrangements.

So, we examined the portion of ties who share a common mode choice with the in-

dividual ego-subjects across a range of geographical distance between them. Residence

and workplace locations were considered. We observed the trend that as the distance

increases, the portion of ties who share a common mode choice drops, conceivably

(as shown in Figure�� ). The drop is approximately �
% from 
 km to 	

 km in all

cases. The “tted curve equations and their corresponding correlation coe�cientr are:

y(x) = �.����( x + �	.
��) …
.���

 with r = 
.��� (between the ego-subject•s and tie•s res-

idence locations),y(x) = 
.����( x + ��.���) …
.

��� with r = 
.��� (between the ego-

subject•s residence and tie•s workplace locations),y(x) = 
.�����( x + ��.
��) …
.
�
	�� with

r = 
.��� (between the ego-subject•s workplace and tie•s residence locations), andy(x) =

�
.
�( x + 	��.��) …
.���	 with r = 
.��� (between ego-subject•s and tie•s workplace loca-

tions).
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The observed results suggest that social ties who are geographically closer are more
in”uential for the commute mode choice than the ones who are farther away. Plausibly,
landscape and transport infrastructures may also play a role in transport mode choice as
it circumscribes spatial arrangement and thus constraints for the area•s transportation.
So, for those who are within nearby areas, their transport mode choices tend to be more
similar.

Previous studies approached the interplay of mobility patterns and social relationship
from a di�erent angle. Their primary objective was measuring the correlations between
tie strength and mobility similarity and showed that mobility similarity can be used to
classify social relationships [	� , 	� ]. Our study o�ers another perspective that physical
distance to the social ties, from working/living nearby to sharing/attending sets of similar
locations, can be in”uential factor for the mode choice decision.

We continued to ask the question concerning the physical space or spatial arrangement,
particularly in this case it refers to the public transit accessibility - i.e., how public transit
infrastructure in”uences the decision of public transit usage.

Accessibility of public transit is important in evaluating existing services and predicting
travel demands. Access distance [	� ] is one of the accessibility measures. So for each of
our �,�
� subjects, we measured the distance to the nearest public transport station. We
used the Google Places API via the Nearby Place Search [	� ] with •TypeŽ parameter set
to •transit_station•. We then examined the fraction of the subjects who are transit users as
the distance to the nearest public transit station varies from �

 m to �
 km. Expectedly,
the result (in Figure�� ) shows that as the access distance increases the portion of transit
users decreases. This relationship can also be described by a “tted power law equation:
y(x) = �.���	 × �
 	 (x + �,���.
) …�.
��� with r = 
.���. Hence, public transit access distance
is also one of the in”uential factors for commute mode choice decision.

Our current analysis considers the accessibility as the ease of access to the public trans-
port stations. Our future studies will also explore other aspects of public transport use,
such as out-of-vehicle and in-vehicle-times, speed, directness of travel, and number of
transfers for speci“c origin-destination connections, and so on. In a study conducted in
Lisbon, Papaioannou and Martinez [�� ] emphasized on the primary role of accessibility
in people´s mode choice decision. This however is not always the case, in major urban
areas, where residents have access to variety of transportation options, distance can be a
less in”uential factor and travellers tend to choose transport modes that provide better
service rather than being nearby.

Figure 14 Likelihood of public transit usage
decreases as the distance to the nearest transit
station increases.
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(a) (b)

Figure 15 Likelihood of choosing (a) transit or (b) driving as a commute mode choice increases as the
portion of social ties using the same mode choice increases.

4.4 Ego-network effect
We were back to the question of how our social network in”uences our mode choice de-
cision. Do we have a tendency of having the same choice with our social network? Is a
person likely to be a public transit user if most of people in the person•s social network are
public transit users? To “nd out about this ego-network e�ect, we scrutinized the frac-
tion of number of social ties in each ego-subject•s social network who share a common
commute mode choice.

We inspected the fraction of social ties who share a common commute mode choice
with the main subject. The result (in Figure�� ) shows that the there is a higher likelihood
of the subject using the same commute mode choice with his/her ties when the portion
of the ties using the particular mode choice increases within his/her social network. It is
the case for both mode choices: (a) transit and (b) driving. For transit, the trend can be
described by a “tted linear equationy(x) = �.���� x + 
.
��	�� with r = 
.��
, while for
the driving, the “tted linear equation isy(x) = �.���
 x … �.�� with r = 
.��.

The result is a supporting evidence of homophily in social networks [� ]. Our result sug-
gests that people who are already connected within personal network can also in”uence
one another•s behavioral characteristics such as commute mode choice decision, as shown
in this study. Our data does not allow us to go further in an explanation of psychological
factors implied in the individual decision-making, however the in”uence of social expec-
tations on intention and habits to use a car or public transport has been observed in psy-
chological studies [�� ]. Our research indicates that the social in”uence can be particularly
e�ective when originating in one•s interpersonal relations.

5 Conclusions
The advance in information and telecommunication technologies such as personal mobile
phones has opened up new exciting opportunities for behavior studies among which is the
opportunistic behavioral sensing that incorporates human being as part of sensing infras-
tructure via cellular network. By analyzing a longitudinal mobile phone data that include
both location and communication logs, we were able to infer transport mode choices of
�,�
� mobile phone users that were considered as the subjects in our study, as well as
investigate on the social in”uence on commute mode choice decision. Our results show
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that strong ties are more important to determine if driving is the person•s transport mode

choice. On the other hand, weak ties are more important to determine if public transit is

the person•s choice. These results seem to be in line with the threshold model of social

in”uence [
 ]. However, it indicates also that the in”uence of others can be di�erentiated

according to their relation with ego. Not only all individuals are not equally in”uenced by

others [�� ], but di�erent links can be more or less in”uentials in the mode choice. Further-

more, we•ve observed that social ties that are geographically closer are more in”uential for

the commute mode choice than the ones who are farther away. Our analysis also shows

that the public transit access distance is one of the in”uential factors for the commute

mode choice decision, as the results have pointed out that the portion of transit users de-

creases as the access distance increases. In addition, we•ve observed that the likelihood of

choosing either transit or driving as a commute mode choice increases with the portion

of social ties choosing that particular mode choice. Hence, social network evidently does

in”uence transport mode choice.

There are nonetheless some limitations to the observations we present in this study. The

“rst of these is the discontinuous nature of the location traces in our dataset. Since indi-

viduals were only located when connections with the cellular network were established,

we were able to only identify a subset of all the locations visited in the course of a day.

However, we believe that our aggregation of mobility patterns and the longitudinal nature

of our data compensates for this. The second limitation is the coarse spatial resolution

of the location traces, which is determined by the granularity of cellular tower coverage.

Although traditional surveys can achieve much higher spatial resolution, in practice such

surveys are only conducted for small samples of the whole population and for very lim-

ited periods of time. Another limitation is the unavailability of the actual transport mode

ground-truth information at the individual level, which restricts our validation to an ag-

gregate level (national level). Thus, the individual-level validation will be part our future

investigation that explores possible means for ground-truth data collection. Our future

investigation will also include the development of map matching algorithm that can be

applied to map waypoints (legs information) to actual road network for higher precision.

Furthermore, there are other signi“cant places besides residence and workplace such as

grocery store, restaurant, and so on that can be explored for more complete understand-

ing of travel behavior, in particular, mode choice behavior, which may vary signi“cantly

with the type of these contextual places, as seen in service usage patterns [�
 , �� ]. More-

over, there are several relevant factors that can in”uence transport mode choice decision

such as age, socio-economic status, geographical constraints, social in”uence, awareness

to environmental damage, time of commuting, and so on. Social in”uence, the focus of

this study, is one of these many in”uential factors. Although social in”uence may not be

the strongest determinant of travel behavior, it contributes interestingly to some extent,

and its e�ect has often been left out when modeling the mode choice decision process.

So, this study provides an observational view of travel behavior from the social network

context perspective.

We believe that this study sheds new light on the transport behavior research from the

social-context perspective, and we hope that our “ndings suggest new ways to use mo-

bile phone data to investigate the social in”uence on transport mode choice behavior.

This present analysis is based on a static ego-centric social network. In the future, with

time-evolving information such as transport mode adoption, and network evolution, it
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will allow for investigation of more insights into social in”uence on mode adoption over

time. Additional data sources such as socioeconomic status in di�erent areas can also be

considered in future investigation. There is still a number of remaining interesting open

questions, such as how much does each of the social and spatial elements in”uence the

mode choice decision, what role do the social norms play in the decision, and how does

transport mode decision change over time?

Appendix
Tables� and� show the numeric results obtained from a random reference system where

mode choices are randomly reshu�ed among people in the dataset. The experiment was

carried out for �
 trials each with a di�erent random set of mode choice assignments. The

purpose of the experiment is to compare the obtained results with the result in Figure�


to ensure that that the result in Figure�
 is not due entirely to the unbalanced distribution

of car and transit users. Tables� and � show the corresponding histograms of the results

in Tables� and� , respectively.

Table 1 Results obtained from a random reference system where driving mode choices are
randomly reshuffled among people in the dataset. Experiment is composed of 10 trials each
with a different random set of driving mode choice assignments

Trial Average fraction of social ties who commute by driving and transit

Driving ego-subjects Transit ego-subjects

Driving ties Transit ties Driving ties Transit ties

1 0.796 0.204 0.771 0.229
2 0.79 0.21 0.758 0.242
3 0.79 0.21 0.754 0.246
4 0.806 0.194 0.737 0.263
5 0.795 0.205 0.769 0.231
6 0.781 0.219 0.774 0.226
7 0.773 0.227 0.811 0.189
8 0.799 0.201 0.761 0.239
9 0.773 0.227 0.763 0.237
10 0.782 0.218 0.777 0.223

Table 2 Results obtained from a random reference system where transit mode choices are
randomly reshuffled among people in the dataset. Experiment is composed of 10 trials each
with a different random set of transit mode choice assignments

Trial Average fraction of social ties who commute by driving and transit

Driving ego-subjects Transit ego-subjects

Driving ties Transit ties Driving ties Transit ties

1 0.798 0.202 0.76 0.24
2 0.808 0.192 0.758 0.242
3 0.793 0.207 0.753 0.247
4 0.798 0.202 0.765 0.235
5 0.804 0.196 0.77 0.23
6 0.809 0.191 0.747 0.253
7 0.798 0.202 0.765 0.235
8 0.794 0.206 0.741 0.259
9 0.796 0.204 0.772 0.228
10 0.791 0.209 0.763 0.237
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Table 3 Histograms of the results shown in Table 1

Trial Histograms
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Table 3 (Continued)

Trial Histograms
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Table 4 Histograms of the results shown in Table 2
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Table 4 (Continued)

Trial Histograms
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Table � shows the calculated values of the correlation coe�cient (r) of candidate func-

tions that “t the data points shown in Figures�� -�� , from which the best “tted function is

chosen and shown in bold type.

Table 	 shows the re-produced results of Figure�� by a random reference system - i.e.,

considering a network with the same number of connections, degree, and overall fraction

of weak ties as originally, but with the transport modes reshu�ed among people. Exper-

iment was carried out for �
 trials to produce some evidence that ensures that the result

observed in Figure�� is not entirely due to the overwhelming fraction of weak ties.

Table 5 Calculated values of the correlation coefficient (r) of the fitted candidate functions

Figure Correlation coefficient (r) of fitted function

Linear: ax + b Exponential: aebx Power-law 1: a(x + b)n Power-law 2: axn + c

11 0.073 0.078 0.139 0.941
12(a) 0.263, 0.896 0.263, 0.969 0.228, 0.109 0.943, 0.975
12(b) 0.634, 0.968 0.551, 0.107 0.103, 0.863 0.950, 0.987
13(a) 0.914 0.802 0.924 0.637
13(b) 0.815 0.803 0.844 0.486
13(c) 0.825 0.803 0.834 0.486
13(d) 0.801 0.803 0.888 0.486
14 0.867 0.761 0.886 0.654
15(a) 0.940 0.937 0.119 0.923
15(b) 0.890 0.651 0.101 0.610

Table 6 Re-generated result of Figure 11 by considering a network with the same number of
connections, degree, and overall fraction of weak ties as originally, but with the transport
modes reshuffled among people. Experiment was carried out for 10 trials

Trail Result

1

2

Trail Result

3

4
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Table 6 (Continued)

Trail Result

5

6

7

Trail Result
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