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Recently, the use of market segmentation techniques to promote sustainable transport has
significantly increased. Populations are segmented into meaningful groups that share sim-
ilar attitudes and preferences. This segmentation provides valuable information about how
policy options, such as pricing measures or advertising campaigns, should be designed and
promoted in order to successfully target different user groups. In this paper, we aim to
bridge between psychological, social marketing and ICT research in the field of transporta-
tion. We explore how attitude based segments are reflected in high resolution mobility
behaviour data, crowdsourced via mobile phones. We use support vector machines to
map eight attitudinal segments, as defined under the European project SEGMENT, to the
n dimensional space defined by crowdsourced data. The success rate of the proposed
approach is 98.9%. This demonstrates the applicability of the method as a way to automat-
ically map attitudinal segments to a wider population based on observed mobility data
instead of using explicit attitudinal surveys. In addition, the proposed approach can facil-
itate the delivery of personalised target messages to individuals (e.g. via smartphones) or at
target locations where users, belonging to specific segment, are located at specific time
windows since the data includes the time-space indications.

� 2016 Elsevier Ltd. All rights reserved.
1. Introduction

Based on the International energy agency findings (IEA, 2014), transportation contributes about 25% to the global CO2

emission and is the only major sector where emissions continue to grow. Even though technological advances improved
the energy efficiency in transport, nevertheless this has been outweighed by the increase in travel demand. In recent years,
several strategies have been explored in order to lower the demand and facilitate the users’ shift towards the more sustain-
able means of transportation. Almost all of these strategies rely on the concept of target groups, where the complexity and
heterogeneity of the whole population is reduced by dividing it into relevant subgroups for which specific mobility manage-
ment campaigns and policies are developed. And whether studies focus on just one target group (Bamberg et al., 2007;
Delang and Cheng, 2012; Hu et al., 2013) or analyse the whole population (Diana and Pronello, 2010; Prillwitz and Barr,
2011), the impact of traditional market segmentation techniques in the field of mobility is evident. The first applications
of these techniques were based on the socio-demographic segmentation and have shown that age, gender, occupation,
household size, income and car ownership are highly relevant for mobility behaviour (De Jong et al., 2004). Next to the
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socio-demographic segmentation, a behavioural segmentation was also used to define segments based on the usage of dif-
ferent transportation modes and frequency of their use (Prillwitz and Barr, 2011). In addition, segmentation by lifestyle was
adopted to better describe an individual’s daily range of actions (Redmond, 2000), but none of these successfully explained
the underlying individual values systems and attitudes that are most likely to have an impact on willingness to change
mobility behaviour and adopt more sustainable means of transportation. Therefore, the most recent research adopts an atti-
tude based segmentation approach in order to better understand users’ motivation. The attitude based segmentation
approach relies on rational choice models like the theory of planned behaviour (Ajzen, 1991). Here, next to social norm
and perceived behavioural control, person’s intention to perform a behavioural option is causally determined by the attitude
towards the behavioural option (individual’s general feeling of favourableness or unfavourableness towards this option).
Attitude mirrors the beliefs that a person holds about the positive and negative consequences of mobility behaviour and
the values that this person ascribes to those consequences. Therefore, attitude based segments are subgroups of population
that share similar attitudes towards same behavioural options and have proven to have a high predictive power for trans-
portation mode selection (Hunecke et al., 2010; Eriksson and Forward, 2011). The related studies, similar to the above seg-
mentation approaches, are based on surveys over the selected sample of participants for data collection (Bamberg et al.,
2007; Anable, 2005; Anable and Wright, 2013).

Nevertheless, today’s advances in data collection (primary high resolution behaviour data crowdsourced from active
mobile devices) (Cheng et al., 2012; Patire et al., 2015; Wu and Liu, 2014) and processing (Gong et al., 2012; Goodchild
and Li, 2012; Calabrese et al., 2013) provide new insights into mobility behaviour far more detailed than the one collected
via traditional travel diaries, household surveys or surveys in general. To get an impression of the difference in resolution of
collected data, one can compare a typical travel survey input on how often, by which mode and what distance a person trav-
els to work (e.g. five times a week; by public transportation; around 10 km) with crowdsourced time-space information and
automatic transportation mode detection (where we have information on which public transit stops were used; how did (s)
he reach the public transportation network; at what time and location did this occur; where did the trip stop; what part was
done by metro, bus or tram; how long did (s)he wait for a connection; did (s)he forgot to mention that (s)he carpools, or goes
to buy groceries on the way home etc.). In light of this recognised potential, a growing body of work has been done in recent
years. Particularly, the potential to use Global Navigation Satellite System (GNSS) data in replacing, or improving, travel sur-
veys with crowdsourced data has been investigated (Vij and Shankari, 2015; Calabrese et al., 2013; Hasan and Ukkusuri,
2014). Furthermore, a more detailed look in travel time estimations indicated that penetration rates for GNSS-based probe
data are now suitable for travel time estimation (Patire et al., 2015). Another promising data source for mobility studies is
seen in mobile network data, particularly call detail records (CDR) (Toole et al., 2015) and positioning data (Chen et al., 2015).
These are most often used for deriving trip’s origin and destination locations (Alexander et al., 2015; Iqbal et al., 2014) and
traffic zones extraction (Dong et al., 2015). And although the applicability of big data in the field of travel behaviour analysis
has gained much attention, these insights are by far unexplored in current existing segmentation theories.

Extending the current research on crowdsourced mobility data and application of market segmentation techniques in the
field of mobility, and in the meantime addressing the above mentioned limitations, the fundamental research contributions
of this work can be situated in the following areas (i) in this paper we aim to bridge between psychological, social marketing
and ICT research in field of mobility, by exploring how attitude based segments can be deduced from high resolution mobil-
ity behaviour data crowdsourced via mobile phones. For this purpose we will rely on the results of the applied theory of
planned behaviour developed under European project SEGMENT (Anable andWright, 2013). We do this as the attitude based
segmentation has proven to have the highest potential on influencing people to adopt more sustainable means of transporta-
tion. In addition, results are well documented (Anable, 2005, 2013a,b; Ladbury, 2013) and as well as examples of ongoing
and completed implementations for mobility management campaigns (Machado, 2015; Lassen Bue et al., 2013). In addition,
(ii) we aim at bridging between applicability of small (survey based) and big data for mobility behaviour analysis. As recent
literature well identifies this gap (Chen et al., 2015; Calabrese et al., 2013; Toole et al., 2015), big data are referred only as
CDR and positioning data for mobility studies and potential of mobile sensed data (data collected based on dedicated smart-
phone apps) is being neglected. We investigate the potential to advance mobility research and bridge between small and big
data based on mobile sensed data as they allow more seamless fusion between computer science research in this field
(mainly focused on data analytics, but often without adequately recognising applicability context of achieved results for
mobility needs) and transportation researchers who are well familiar with existing advances in the field of transportation
but still new to advanced data analytics suitable for big data. And while CDR and positioning data exhibit major benefits
as standardised forms or no additional cost for their collection (telecom operators collect these data anyway for billing pur-
poses), for mobility studies they provide no contextual information and no ground truth information that could be used for
development of learning algorithms. Mobile sensed data allow more balanced approach were traditional small data can be
extended in the form of on-line surveys (Ji et al., 2015) and, in this way, big data supported with matched context. (iii) We
extend current level of knowledge on attitude based segments by providing crowdsourced insights into their observed high
resolution mobility behaviour, whereas so far studies have mainly tried to relate self-reported mobility behaviour with per-
sons’ attitudes towards different mobility options (Molin et al., 2016; Spears et al., 2013) and examine how variance in inten-
tion to use various travel modes can be explained based on these attitudes (Eriksson and Forward, 2011; Susilo et al., 2012).
In addition, (iv) we explore potential to, after collection of test and learning datasets for target area, implement less resource
demanding way to assign users in one of predefined attitudinal segments based on their high resolution observed mobility
behaviour.
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2. Method and data

2.1. ‘Golden questions’

The SEGMENT project (Segment, 2013) aimed to test the use of consumer market segmentation techniques to help per-
suade people to change their travel behaviour and adopt more energy-efficient forms of transport. As mentioned in the intro-
duction, this approach relies on surveys for data collection. Literature (Segment, 2013) reports that during the project more
than 10,000 comprehensive attitudinal surveys have been completed by users in different cities containing more than 100
different questions. Based on these results, respondents were split in two groups (those with access to car and those without)
and for each group, a hierarchical cluster procedure (Wards method, squared Euclidian distances) has been applied. For each
cluster, the mean value for each variable has been used to start a k-means procedure (no-update method) in order to reduce
the set to eight final clusters or consumer segments. In order to come to a practical approach, the size of the questionnaire
still needed to be reduced. For this reason, the authors examined the segments based on the full list of survey questions and
applied discriminant analysis to identify a smaller number of the most ‘powerful’ questions (those that discriminate the
most among different segments of transportation system users). This smaller number of survey questions is referred to,
by authors (Anable and Wright, 2013), as ‘Golden questions’ (Table 1). The accuracy of the ‘Golden questions’ (proportion
of cases that were allocated to the correct segment) was examined using cross-validation and found to be higher than
82.5% and therefore above that expected by chance (Anable and Wright, 2013). Additional confirmation of applicability came
from the successful use in mobility management campaigns in a number of, different sized, cities as Almada, Portugal
(Machado, 2015), Gdynia, Poland (Lassen Bue et al., 2013), London, UK (Frost, 2015) and Utrecht, Nederland (Anable,
2013a,b). More details on the ‘Golden questions’ methodology can be found in the SEGMENT project’s supporting documen-
tation (Anable and Wright, 2013; Ladbury, 2013; Anable, 2005).

Overall, the ‘Golden questions’ contain eighteen question where the first one separates respondents based on their access
to a car and the remainder are attitudinal questions (mainly in the form of statements where respondents are asked whether
they agree or disagree on a 5-point Likert scale). Furthermore, these questions are grouped in three categories based on their
conceptual meaning: questions solely for those that have access to a car, for those that do not and questions common for all
users (Fig. 1). For the purpose of our research, participants were able to fill in the ‘Golden questions’ survey via the smart-
phone application used to track their mobility behaviour, as part of their registration process.

After completing the survey the participants are allocated into one of eight resulting segments (Table 2). These reflect
their attitudes towards car use, cycling, electric vehicles or wider issues such as climate change and health.

In the following sections, we explore the possibility to automatically detect these attitude based segments based on high
resolution mobility behaviour data without the need for users to answer the ‘Golden questions’.
2.2. Collection of high resolution mobility behaviour data

In order to collect high resolution mobility behaviour data, an Android smartphone application (Routecoach, 2015) has
been used and data is stored using the MOVE data platform (Ghent University, 2015). The application was freely available
and had a registration process with the option to fill in the ‘Golden questions’ survey. During the registration process, every
user was assigned a unique ID number used for mobility behaviour tracking. For every user’s ID more than one device ID
could be added (every time the user would use his/hers ID to complete the installation of the smartphone application for
Table 1
The ‘Golden questions’ (Anable and Wright, 2013).

‘Golden questions’

Q1: Have you driven a car or van in the past 12 months?
Q2: For most journeys, I would rather use the car than any other form of transport
Q3: I like to drive just for the fun of it
Q4: I am not interested in reducing my car use
Q5: Driving gives me a way to express myself
Q6: How likely are you to drive in the next 12 months?
Q7: I am not the kind of person who rides a bicycle
Q8: I feel I should cycle more to keep fit
Q9: I find cycling stressful
Q10: Cycling can be the quickest way to travel around
Q11: I like travelling by bicycle
Q12: I am not the kind of person that likes to walk a lot
Q13: I feel I should walk more to keep fit
Q14: I like travelling by walking
Q15: I am not the kind of person to use the public transportation
Q16: In general, I would rather cycle than use the bus
Q17: I feel a moral obligation to reduce my emissions of greenhouse gases
Q18: People should be allowed to use their cars as much as they like
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Fig. 1. Survey structure.
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mobility tracking on a new device, a new ID would be automatically assigned to that device). After the installation and reg-
istration process, a user could either choose to register his mobility behaviour actively or allow data to be collected in back-
ground. Switching between the two modes was possible at any time. In the background data collection mode, the user’s
location and timestamp are continuously recorded with a frequency of 0.1 Hz. On the other hand, when a user chooses to
actively register his mobility behaviour, the app basically functions as a mobile travel diary. By marking the transportation
mode used for the trip, a user starts ‘active’ trip recording that collects location and time with a frequency of 1 Hz. The user
also has an option to select one of the pre-offered trip purposes in the app but this is not obligatory. During the trip, the user
is able to switch between transportation modes through the user interface, e.g. when walking to the train station and con-
tinuing the trip by the train, one would tap the ‘pedestrian’ icon at the beginning of the trip and swipe to ‘train’ at the train
station. These parts of the trip travelled with different transportation modes we considered to be a trip segments and every
of them had unique trip segment ID as well as every trip. Therefore, in the database, trip segment IDs that have the same trip
ID are a part of one (and the same) trip and their order is recognised based on the timestamps. After reaching the destination,
the user would tap the app to mark the end of the trip. From this data we extract the travel duration and distance. The com-
plete list of variables collected is given in Table 3.

Overall, 1026 users installed the app and completed the registration process. In average, every 15th user had more than
one device used for collection of mobility data (e.g. two smartphones or smartphone and tablet). Of our user base, we have
used data from 629 users. These are users who have both completed the ‘Golden questions’ survey and have actively regis-
tered their mobility behaviour. Overall, 126,380 trips that satisfied these criteria have been collected over a period of six
months (from Jan 2015 to Jun 2015) in the region of Flanders, Belgium.

In order to try to capture how attitude based segments can be deduced from the collected high resolution mobility beha-
viour data, we applied support vector machines. A short overview of this approach is given in the following section.
Table 2
Users segments (based on (Ladbury, 2013)).

Segment Short description

Active aspirers Have a high moral obligation to the environment and are highly motivated to use active transport modes, predominantly
cycling as they believe that it is quick and provides freedom and fitness. They are not public transport users and see lots of
problems with using it.

Carfree choosers Do not like driving and think that cars lead to unhealthy lifestyles, they prefer cycling, public transport (do not think it is
stressful or problematic) and walking. They feel a high moral obligation to the environment and are more likely to be
women.

Car contemplators They do not use car, have the highest proportion of non driving licence owners, but would like to as they see cars as status
symbols. They see lots of problems with the public transportation use and find it, same as cycling, stressful. They believe
walking is healthy and have a neutral or moderate attitude towards the environment.

Devoted drivers Have no intention of reducing car use and think successful people use car. They do not use public transportation, nor cycling,
and think walking is too slow. They are not motivated by fitness and have a very low moral obligation to the environment.

Image improvers Like to drive, see the car as a way of self-expression and do not want to cut down car use. They do not use the public
transportation but see cycling also as way of expressing them self’s and a good way to keep fit. They have neutral or
moderate environmental attitudes.

Malcontented
motorists

They find driving stressful and have a moderately strong intention to reduce car use, but not to increase the use of public
transport. Although, they would rather use the public transportation than cycle. They have a small level of environmental
consciousness.

Practical travellers They use car only when necessary as they think that it reduces the quality of life. They prefer cycling, as quicker, over the use
of public transportation and would also walk when it seems more practical. They are not motivated by climate change and
see local pollution and congestion as issues. They are highly educated and above-average part-time working.

Public transport
dependents

They think people should be allowed to use cars and would like to see less congestion (they consider more roads as
appropriate solution). They use public transport, although they think that it is not the quickest method. They do not cycle,
but would like to walk more for fitness. They are not motivated by the environment, are least likely to start driving and have
the highest number of retired people.



Table 3
Description of the crowdsourced mobility behaviour data.

Variable Description

User ID Unique user identification
Segment profile Segment profile as defined by the ‘Golden questions’ survey
Trip ID Unique trip identification
Trip segment ID Unique trip segment identification
Device ID Unique device identification
Trip start time Trip starting time
Trip end time Trip ending time
Trip duration The difference between trip starting and ending time
Trip distance Trip distance
Transportation mode Transportation mode used
Trip purpose Trip purpose
Trip starting point coordinates Trip segment starting point coordinates
Trip ending point coordinates Trip segment ending point coordinates
Indication Indication whether the trip, purpose and transportation mode were collected

in the background or actively registered (confirmed by the user)
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2.3. Support vector machines

Support vector machines (SVM) belong to the supervised machine learning group of algorithms and can be used both for
classification (Joo et al., 2015; Cavar et al., 2011) or regression analysis (Vlahogianni, 2015; Yu et al., 2011; Wang and Shi,
2013). For our purpose, automatically detecting attitude based segments using crowdsourced high resolution mobility beha-
viour data, we focus in this paper only on the SVM classification analysis as the attitudinal segments correspond to categor-
ical dependent variables.

In general, the SVM classification is based on the concept of decision hyperplanes that define decision boundaries (sep-
arates between a set of objects having different class memberships e.g. belonging to the different market segments). Often
this task is not simple. The use of structures more complex than linear ones is needed to correctly classify new objects (test
data) on the basis of the examples that are available (training data). For this purpose different mathematical functions (ker-
nels) can be used in order to map objects in the n dimensional space (Schlkopf and Smola, 2001; Hamel, 2011; James et al.,
2013). In our example, when mapping categorical variables, we adopt dummy variables created with case values as either 0
or 1. Thus, a categorical dependent variable consisting of four levels, say (A, B, C, D), is represented by a set of four dummy
variables:
A: f1000g; B: f0100g; C: f0010g; D: f0001g ð1Þ

In addition, we divided the complete data set in two parts; 75% has been used as training and 25% as test dataset, with

mutually exclusive user ID’s. The input dataset consists of trip segment logs with actively registered user input. A data vector
includes information on the user, trip, device and trip segment ID’s, trip segment duration, distance and transportation mode
as well as the start and end time and location. In addition, the attitudinal segments, based on the ‘Golden questions’ survey,
are assigned to each user and used as the target (output) categorical variable (Table 4).

For the SVM classification we applied C-SVM type and one-against-all approach to map multiclass problem into binary
classification problem. The reason for applying C-SVM type is the fact that crowdsourcing can result in large datasets, and
we wanted to obtain a scalable runtime in regard to the number of input samples. The literature suggests that in this case
C-SVM is a better option over, for example, nu-SVM classification (Chang and Lin, 2001). For the applied C-SVM type the min-
imization error function is defined as:
1
2
wTwþ C

XN

i¼1

ni ð2Þ
Subject to the constraints:
yi w
T/ðxiÞ þ b

� �
P 1� ni ð3Þ

ni P 0 ð4Þ

where i ¼ 1; . . . ;N, w is the vector of coefficients, C is the capacity constant, b is a constant, and ni represents parameters for
handling non-separable data (inputs). The index i labels the N training cases (y 2 �1 represents the class labels and xi rep-
resents the independent variables). The / stands for kernel function (radial basis function - RBF) that transforms input to the
feature space:
KðXi;XjÞ ¼ /ðXiÞ � /ðXjÞ ¼ exp �cjXi � Xjj2
� �

ð5Þ



Table 4
Model variables.

Variable Variable
type

Type Length Example value Units or categorical values

Used ID Independent Double 8 168 No unit
Trip ID Independent Text 36 26cfc8e7-7d40 No unit
Trip segment ID Independent Text 36 439d-8c48 No unit
Device ID Independent Integer 8 1085 No unit
Trip segment start time Independent Double 8 15:15:55 hh:mm:ss
Trip segment end time Independent Double 8 15:25:51 hh:mm:ss
Trip segment duration Independent Integer 4 9 minutes
Trip segment distance Independent Integer 6 1016 meters
Transportation mode Independent Text 13 BIKE Bike; Cara; Foot; Public transportation (bus); Train
Trip purpose Independent Text 10 WORK Drop-off; Home; Other; Recreation; Shop; Visit; Work; null
Trip segment starting point X

coordinate
Independent Double 8 4.1234 degrees (WGS84)

Trip segment starting point Y
coordinate

Independent Double 8 50.1234 degrees (WGS84)

Trip segment ending point X
coordinate

Independent Double 8 4.1234 degrees (WGS84)

Trip segment ending point Y
coordinate

Independent Double 8 50.1234 degrees (WGS84)

Segment profile Dependent Text 27 Practical
travellers

Active aspirers; Carfree choosers; Car Contemplators;
Devoted drivers; Image improvers; Malcontented
motorists; Practical travellers; Public transport dependents

a Both Car (as driver) and Car (as passenger) are labelled as Car.
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It is not possible to known beforehand which capacity constants C (Eq. (1)) and c (Eq. (4)) are best for a given problem.
Because their value is important to keep the training error small and in order to generalize well (Anguita and Oneto, 2011),
we applied the incremental grid-search on C (with step 1; range from 1 to 10) and c (with step 1/30; range from 1/30 to 1/2)
and those that had the best average 10-fold cross-validation accuracy are the ones chosen for use on the test data. The
obtained value for C was 5 and for c 1/6.

For the v-fold cross-validation, the total number of cases are divided into v (in our example v ¼ 10) sub samples
Z1; Z2; . . . ; Zv of almost equal sizes N1;N2; . . . ;Nv , respectively. The v-fold cross-validation estimate is the proportion of cases
in the subsample Z that are misclassified by the classifier constructed from the subsample Z � Zv . This estimate is computed
in the following way:
RðdðvÞÞ ¼ 1
Nv

X
ðxn ; jnÞ2Zv

XðdðvÞðxnÞ–jnÞ ð6Þ
where dðvÞðxÞ is the classifier computed from the sub sample Z � Zv and X is the indicator function for which it is valid:

� X ¼ 1, if the statement XðdðvÞÞ–jnÞ is true.

� X ¼ 0, if the statement XðdðvÞÞ–jnÞ is false.

For the test sample estimate, the accuracy is calculated as follows: as the total number of cases was divided into two sub-
samples Z1 (training dataset) and Z2 (test dataset - not used for constructing the classifier). The test sample estimate is the
proportion of cases in the test dataset which are misclassified by the classifier constructed from the learning dataset. This
estimate is computed in the following way:
RðdÞ ¼ 1
N2

X
ðxn ; jnÞ2Z2

XðdðxnÞ–jnÞ ð7Þ
Since the input vector was trip based, and not user based, for every user the attitudinal segment estimation is deducted
based on the majority vote for all of the trips (s)he made.

3. Results

3.1. Observed mobility behaviour

As previously mentioned in Section 2.2, 126,380 trips have been collected over Flanders. Fig. 2 shows trips made by a car
or bike, highlighting the most used routes and areas.



Fig. 2. Sample of crowdsourced data (blue – car trips, green – bike trips). (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

440 I. Semanjski, S. Gautama / Transportation Research Part C 71 (2016) 434–446
In our data sample six different transportation modes have been reported by users:
� Bike
� Car (as driver)
� Car (as passenger)
� Foot
� Public transportation (bus)
� Public transportation (train).

Among these, bike was used the most and public transportation and car (as passenger) the least (Fig. 3). Considering the
observed trip purposes, in some cases the trip purpose has not been identified by the user. In this case a ‘null’ value (Fig. 4) is
reported. For the trip purposes, most of the trips were related to home or going to work activities.

Considering trip distances (Fig. 5), the longest trip was up to 217 km, but most of the trips were less than 5 km (64%)
while 20% of them were shorter than 1000 m. The distribution of trips during the day (Fig. 6) clearly indicate the peak hours
in the morning, between 7 and 9 h, and an afternoon peak between 16 and 19 h. During these time periods almost half of the
recorded trips were made.

3.2. Mapping of the attitude based mobility segments on high resolution mobility behaviour data

When applying the SVM to detect attitude based segments using crowdsourced high resolution mobility behaviour data,
the model was able to successfully identify to which attitudinal segment a user belonged in 98.9% of the cases. The cross-
validation accuracy was 97%, while success rate for learning sample was 99.6% and for the test sample 96.7%. The average
error (percentage of misclassified users) per attitudinal segment was 1.5% and its standard deviation 2.2 (Table 5). The con-
fusion only happened for seven users (Fig. 7) - between Active aspirers, Practical travellers, Image improvers and Malcontent
motorist segments (Table 6).

Taking into the account relative observations, the confusion was the highest for the Image improvers (5.88%), misclassi-
fying them as Practical travellers. This was the only users’ segment where the success rate was less than 95%. On the other
hand, for Car-free choosers, Devoted drivers, Public transport dependents and Car contemplators the success rate was the
highest.

Considering the complexity of the n dimensional space, overall 286 support vectors were needed to create boundaries
between the mapped behaviour observations belonging to different attitude based segments. The most challenging part



Fig. 3. Usage of transportation modes.

Fig. 4. Trip purpose.
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was to separate Car-free choosers segment as this required 107 support vectors and the least challenging was to identify the
boundaries of n dimensional space where Active aspirers observations were mapped (Table 7).
4. Discussion

We have found that attitude based segments can be successfully captured using high resolution mobility behaviour data
crowdsourced via active smartphone devices. The applied SVM classification algorithm yields a success rate of 98.9% in pre-
dicting the results of the ‘Golden questions’ survey. The ‘Golden questions’ are smaller set of questions, extracted from the



Fig. 5. Distribution of trips distances in km (left) and distribution of trip distances shorter than 10 km (right).

Fig. 6. Distribution of time of day when trip was stated.
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list of more than 100 questions used to define eight attitudinal segments, that discriminate the most among different seg-
ments of transportation system users. As a reduced set of questions, ‘Golden questions’ themselves are not able to fully
explain all attitudes that differentiate between eight segments but are developed for practical reasons and confirmed to have
satisfying level of accuracy (as explained in Section 2). Furthermore, their applicability is already confirmed by the successful
implementation in number of existing mobility management campaigns. Thus we would interpret our model as having high
accuracy in predicting the results of ‘Golden questions’ survey and applicable for practical use as an automated replacement
for attitudinal segmentation which would otherwise be based on the ‘Golden questions’ paper surveys. As mentioned in the
introduction, the attitude based segmentation is considered to be more sophisticated than a solely behaviour based one.
Nevertheless, although we rely on behaviour data, our findings do not take a step back. By using high resolution data, we
take a step forward in mapping the attitude based segments by applying the advanced and innovative ways to collect data



Table 5
Classification summary.

Total Correct Incorrect Correct (%) Incorrect (%)

Active aspirers 138 136 2 98.55 1.45
Carfree choosers 28 28 0 100.00 0.00
Devoted drivers 114 114 0 100.00 0.00
Image improvers 34 32 2 94.12 5.88
Malcontented motorists 28 27 1 96.43 3.57
Practical travellers 281 279 2 99.29 0.71
Public transport dependents 3 3 0 100.00 0.00
Car contemplators 3 3 0 100.00 0.00
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on mobility behaviour via smartphone devices. A far more detailed set of information regarding individuals’ mobility beha-
viour can be captured compared to the standard but widely used survey techniques for mobility oriented segmentation. Our
findings go in line with those of Prillwitz and Barr (2011), who, based on the survey input of about 1500 individuals, applied
two segmentation approaches aiming to identify gaps between different domains of individual travel behaviour and varying
role of attitudes for travel decisions. Among their findings, they concluded that attitudinal segments did not differ substan-
tially in terms of socio-demographic and socio-economic characteristics, but possessed very different behavioural daily tra-
vel patterns. Our research, based just on these travel patterns (although collected differently and with far higher resolution
than travel patterns captured via surveys), successfully identified support vectors that separate attitudinal segments with
very high precision. In addition, as one of a kind research we aimed at bridging between (i) psychological studies attempting
to identify the typical characteristics of those people who are interested in travel behaviour change (Hunecke et al., 2010;
Anable, 2005; Prillwitz and Barr, 2011), (ii) transportation policy studies attempting to identify which measures are more
likely to gain desired impact in the sustainable mobility sense (Bamberg et al., 2011; Lyons et al., 2008; Cairns et al.,
2008), (iii) social marketing studies trying to identify what message is most likely to trigger desired travel behaviour change
(McKenzie-Mohr, 2000; Kassirer and Lagarde, 2010) and (iv) smart city studies that try to take the advantage of innovative
information and communication (ICT) tools in ensuring data-driven smart mobility management (Motta et al., 2013;
(1) Public transport dependents  (2) Active aspirers (3) Malcontented motorists (4) Image improvers 
(5) Practical travellers (6) Carfree choosers (7) Devoted drivers (8) Car Contemplators 

Fig. 7. Prediction results.



Table 6
Confusion matrix.

Active
aspirers

Carfree
choosers

Devoted
drivers

Image
improvers

Malcontent
motorists

Practical
travellers

Public transport
dependents

Car
contemplators

Active aspirers 136 0 0 0 0 2 0 0
Carfree choosers 0 28 0 0 0 0 0 0
Devoted drivers 0 0 114 0 0 0 0 0
Image improvers 0 0 0 32 0 2 0 0
Malcontented

motorists
0 0 0 0 27 1 0 0

Practical travellers 2 0 0 0 0 279 0 0
Public transport

dependents
0 0 0 0 0 0 3 0

Car contemplators 0 0 0 0 0 0 0 3

Table 7
Model summary.

Number of support vectors 286

Number of support vectors (Active aspirers) 3
Number of support vectors (Car-free choosers) 107
Number of support vectors (Devoted drivers) 23
Number of support vectors (Image improvers) 67
Number of support vectors (Malcontented motorists) 14
Number of support vectors (Practical travellers) 8
Number of support vectors (Public transport dependents) 41
Number of support vectors (Car contemplators) 23
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Semanjski and Gautama, 2015). Additionally, our research presents one of a kind in the field of mobility data collection, par-
ticularly through exploring the potential of ICT versus traditional surveys and bridging between small and big data use for
mobility behaviour studies. Whereas so far the focus was mainly on analysing differences between survey-reported and glo-
bal positioning system (GPS) recorded trips (Bricka et al., 2012; Murakami and Wagner, 1999; Chen et al., 2010), we try to
explore the crowdsourcing potential and its role in facilitating data-driven mobility management. Particularly, we consider
that our findings close the gap between the SEGMENT project findings (Anable and Wright, 2013), that identified eight atti-
tudinal segments for mobility campaigns, and intentions of on-going SUPERHUB project (SUPERHUB, 2015) to compose per-
sonalised notification messages, for these eight segments, to be delivered via smartphones with the aim to trigger/facilitate
travel behaviour changes towards the more sustainable one (Forbes et al., 2014). We do this by providing a tool to match
attitudinal segments with smartphone users, based solely on the crowdsourced data and without any additional effort by
users. This way, seamlessly, personalised mobility campaigns can reach wider population, on a less resource demanding
way (Bohte and Maat, 2009), with greater effect as, potentially, entire population can be mapped into respective attitudinal
segments and not just the survey participants. This area particularly seems interesting in the context of smart mobility man-
agement and future case studies to confirm this concept are desired. In addition, since approach is based on the crowd-
sourced data with time-space indication, targeted messages could be potentially delivered at locations where users,
belonging to specific segment, are located at specific time interval (e.g. variable message signs during peak hour at city cen-
tre, parking entry or public transportation locations).
5. Conclusion

In this paper we successfully mapped sustainable mobility oriented attitudinal based segments to the n dimensional
space defined by crowdsourcedmobility behaviour variables. This way we have confirmed previous indications that different
attitudinal segments show different daily travel patterns. In addition, we have bridged different research fields in order to
facilitate the practical implementation of psychological, social marketing and ICT findings in the field of smart city mobility
management. We have proposed a new means of mobility data collection to identify groups of people that are likely to be
more responsive to different policy options such as pricing measures, traffic calming or advertising campaigns. The method
is shown to be accurate as well as less time consuming to the user and more resource efficient for the transportation
research.
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