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Theoretical significance and importance of the study

The pervasiveness of mobile devices equipped with internet connectivity and global position-
ing functionality (GPS) has resulted in the generation of large volumes of human mobility
data. This data is used to construct mobility models of individuals, which are essential for
applications such as urban planning, traffic management, consumer profiling and targeted ad-
vertisements [4]. These models are formulated by capturing vital information regarding user
mobility such as movement velocity, changes in direction, number of visited places, periodicity
of visitation and others alike [8]. Our research work mainly revolves around constructing the
mobility models in an efficient and privacy preserving manner for applications such as mobility
prediction useful for improving location-based services. Location-based services provide con-
textual information to users depending upon their location, typical examples include Uber and
Google Maps.

In the literature, it has been extensively shown that human mobility is repetitive and highly
predictable with regards to the temporal and spatial regularities [1]. Such regularities result in
a problem known as overfitting, where a model only learns the dominant trend observed in a
population moving in a given area [2]. Overfitting leads to poor performance in applications such
as mobility prediction [3], location recommendation [9] and synthetic mobility traffic generation
[5]. This occurs when regular users change their behavior on account of personality trait of
neophilia, where people show propensities of novelty seeking [6]. In order to avoid this problem
of overfitting, some amount of stochasticity has to be added to the dataset under consideration
[7] . Adding mobility profiles having such stochastic behavior increases the entropy of the general
population and hence is known to eliminate this problem to a certain degree. According to our
observation, tourists who are on short term visits and students on an exchange program show
this required level of stochasticity in their mobility behaviors. As a result, we plan to collect
mobility traces of 50 students who are on an exchange program. This dataset will help us to
answer the following questions:

• Do mobility profiles of exchange students have a higher level of stochasticity in comparison
to regular students? If yes, then to what extent? (quantified in terms of the number of
visited places, transportation modes used, movement periodicity and level of entropy).

• Does adding such profiles to a dataset of regular user pool eliminate the problem of gener-
ating homogenous synthetic mobility traffic? The synthetic traffic is generated by applying
Deep Learning on the trajectories of subjects. Such synthetic datasets address the lack of
mobility datasets available in certain cities.

• Do such profiles improve point of interest recommendation schemes formulated by using
techniques such as collaborative filtering? Collaborative filtering is a method of making au-
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tomatic location predictions about the interests of a user by collecting location preference
information from many users (collaborating).

In addition, this dataset will be used to correlate another traffic related dataset to improve
the movement of public transport controllers in the city of Lausanne.

Description of the empirical set-up and study design

After the selection of all participants, we will ask them to answer a preliminary survey to collect
demographic data and information regarding their mobility behavior (gender, age, working type,
means of transportation, etc.) as well as their perception of location privacy. We will provide
the participants an iOS application that will run on their smartphones during the duration of
the data collection campaign. The location data of each participant will be frequently captured
and stored at a server located at UNIL. At the end of this data collection campaign, we will
ask the participants to answer a last survey in order to collect a ground truth composed of
their points of interest as well as their new perception of location privacy. Complete anonymity
will be maintained during the entire data collection process. This study is accepted by the
ethics committee.

The collected data will then be analyzed to formulate the mobility models based on our
previous work. These models will be added to the dataset pool we already have to study the
stochasticity impact on the following four projects to answer the aforementioned questions.

1. On the difference between the mobility profiles of regular students and students of an
exchange program.

2. Generating synthetic mobility traffic by applying deep learning on user trajectories.

3. Privacy aware collaborative filtering for improving mobility prediction.

4. An efficient model for public transport controller movement by randomization in space
and time.

In addition to the above projects, the insights gained from the analysis can be useful to
universities to improve the exchange programs by catering to the students requirements.
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