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ABSTRACT

Ivannikova, Elena

Semantic place prediction from the mobile phone data
Jyvaskyla: University of Jyvaskyld, 2012, 66 p.
Information Technology, Master’s Thesis
Supervisor(s): Himaéldinen, Timo

Extracting the meaning of the most significant places, which are frequently vis-
ited by a mobile user, is a relevant problem in mobile computing. Predicting
semantic meaning of such places is useful in many areas. The problem of place
semantic annotation of a user location can be challenging for service providers.
Awareness of user activities is very important for development of personalized
applications, which can be used in health care systems, living systems, etc. Pre-
dicting location of mobile users not only enables development of high quality
location-based services and applications, but also improves resource reserva-
tion in wireless networks. In this research several solutions for semantic place
prediction from mobile phone data are suggested and analyzed. Presented ap-
proaches have been tested on a real dataset collected during long period of time
involving more than a hundred of participants.

Keywords: semantic place prediction, semantic location, location-based services,
data mining, classification, mobile computing
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1 INTRODUCTION

1.1 Description of problem area

With the increasing pervasiveness of smartphones over the past years, Loca-
tion-Based Services (LBS) and Location-Based Applications (LBA) received an
increasingly close attention. The LBSs and LBAs operate based on knowing us-
er's context, and thus, also called Context-Aware Services (CAS) and Context-
Aware Applications (CAA). The concept of context in this case assumes two
things: (1) a collection (possibly historical) of measurements or logs retrieved
from a mobile device (time, accelerometer, landmarks in the vicinity of geo-
graphical location of the user, e.g., GPS, GSM, Wi-Fi beacons, and mobile device
profile, e.g., calendar entries, messages, calls, media, applications) and (2) se-
mantic or behavioral meaning of a location or semantic location. While the first
aspect of the context refers to the features of the physical context that are direct-
ly measurable (or trivially inferred, e.g., objects that are in the vicinity of the
user), the second aspect is related to what the user does in this location or what
is the meaning of the location for the user.

Knowledge of user activities is very important for development of person-
alized applications, which can be used in health care systems, living systems,
etc. It is crucial for mobile content providers, who can use this information for
better interaction with users according to their preferences and current context.
Predicting location of mobile users not only enables development of high quali-
ty location-based services and applications, but also improves resource reserva-
tion in wireless networks. In particular, active research is devoted to such appli-
cation areas as social-networking, business needs, entertainment, advertisement,
healthcare, local traffic, local restaurants, everyday assistants, reminders, meet-
ing scheduling, multi-user collaboration etc. (Kortuem et al., 1999; Marmasse
and Schmandt, 2000; Roth and Unger, 2001; Hudson et al., 2002; Terry et al.,
2002; Hull et al., 2006; Yoon et al., 2007; Hoh et al., 2008; Mohan et al., 2008; Kim
et al., 2011).
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As the user's context is not provided to CAA automatically, in order to act
relevantly CAA must infer the user's context. There are two scenarios of the
inference and subsequent use of the context by an application. The application
might want to know (1) the current context or (2) to predict the next context.
The first situation is peculiar to reflexive applications that act on a current con-
text. These applications may certainly lack the power of predicting the next vis-
iting location. The second scenario is symptomatic to proactive applications,
like everyday assistants or advertisements (Kim et al., 2011). In the case of ad-
vertisements this could be important to provide more relevant targeting by con-
sidering not only the spatial, but also temporal relevance of advertisements to
mobile users.

To identify the current physical location sensing capabilities of mobile de-
vices can be employed. Thus, in-door and out-door localization can be sensed
using GPS, Wi-Fi, or simply mobile cell tower / base station identification. Im-
portantly, to increase energy-efficiency the periodicity of scanning the envi-
ronment using Wi-Fi or GPS should be adapted to how fast a user actually
moves. For example, the moving state or speed and character of the move can
be identified using the measurements of the multi-axis accelerometers.

In the present study measurements of GPS are not used. This is motivated
partially by energy-efficiency considerations. Active use of GPS causes fast bat-
tery drain of a mobile device (Zhuang et al., 2010). Additionally use of GPS for
context-aware applications raises privacy concerns. Temporal and velocity in-
formation (e.g., stopping time, duration of transition, time of an event, speed of
transition) provide additional power to location segmentation from the stream
of measurements compared to when only spatial information is used in isola-
tion. Moreover temporal and velocity clues may allow inferring the semantic
meaning of locations, and efficient modeling of user behavior.

It is important to differentiate between places and locations concepts.
While location term is related to a physical location, the place is a more abstract
term unifying several close locations by the similar semantic meaning. Thus,
tirst step in the location prediction algorithms is to extract meaningful locations.
Usually this is done by clustering locations into places. Semantic location is de-
fined as a location that has a special meaning for a user, e.g., home, work,
school etc. Most of the research works on context-aware platforms are centered
around figuring out important locations, routes, and user mobility patterns
without explicit assignment of class labels (e.g., home, work, leisure activities
etc.). Little attention was paid to inferring semantic meaning of a location, based
on spatio-temporal mobility patterns. Moreover, typical data that is used for
inferring the context is restricted to only spatial, temporal, and velocity (e.g.,
current time, GPS, Wi-Fi and cellular signals, accelerometer measurements) fea-
tures available through a mobile device. Relatively little work has been done on
incorporating the mobile device profile information (calendar entries, calls, ap-
plications) to existing platforms for mining semantics of a location, i.e., assign-
ing semantic class labels to locations.
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This research is focused on predictive and classification capabilities of the
information obtained from a mobile device profile without explicitly modeling
the user's transition behavior, mobility pattern or semantic behavior.

1.2 Research problem statement

The main aim of this Master’s thesis is to develop a solution for predicting se-
mantic meaning of a set of places extracted from mobile phone data and com-
pare different classification techniques.

1.3 Methodology

This section is devoted to methodology used in the current research. All stages
the research process has passed are listed and described, and the connections
between the research phases are presented.

The main stages through which the research process has passed are prob-
lem relevance, solution design and evaluation.

Problem relevance is the first stage, which starts from the problem identi-
fication and motivation for the solution development. Initial research of availa-
ble literature on mobile data analysis and place prediction has been performed.
The areas poorly investigated have been identified and explored.

Solution design is the second stage of the research. It is devoted to the so-
lution development for the research problem. This stage includes selection of
tools and analysis of the data. A literature review related to data mining, name-
ly normalization, dimensionality reduction, classification, relevant data mining
methods and their mathematical backgrounds, mobile data management and
fault detection techniques has been performed. Relevant existing tools have
been identified, analyzed and compared for the purpose of further use. Re-
quired non-existent tools and method have been implemented.

Evaluation is empirical part of the research. At this stage experiments, in-
cluding feature extraction, classification, validation, and performance estima-
tion have been performed. In order to increase classification accuracy, different
data sets have been created, and different classification method have been used.

The final part of the research covers analysis and comparison of the
achieved results. Conclusions have been made based on the information ob-
tained at the previous stages. The best solution has been identified.

For better perception Figure 1 provides structural representation of the
methodological approach. The sections in blue correspond to the research stag-
es described above. Grey blocks under each section name contain brief descrip-
tion of activities performed at every stage. Arrows represent inter-connection
between stages of the research.
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Literature review 1 , Problem
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|
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Literature review 2 Designh and

(Mobile data mana- development
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classification ) clfassification, data
postprocessing)

v

Evaluation

Experiments: different datasets (different features),
different classification methods, parameter values
of classification algorithms

v

Analysis and comparison of the achieved results,
conclusions

FIGURE 1 Methodological approach

1.4 Related work

This section provides an overview of existing research in the area of analysis of
mobile phone data and location prediction. It examines available research topics,
models and techniques used and discusses what has been and remains undone
so far.

To predict next location, probabilistic graphical models and probabilistic
inference are typically employed (Ashbrook and Starner, 2003; Gambs et al.,
2010, 2012; Asahara et al., 2011). Little attention has been to extracting the loca-
tion semantics using the same mechanisms (Kim et al., 2011). To infer the high-
er-level context or semantics of the location, discriminative models and classifi-
cation techniques (Duda et al., 2000; Hastie et al., 2009), like SVM (Cristianini
and Shawe-Taylor, 2000; Steinwart and Christmann, 2008), most likely to be
used in addition to the mobility pattern discovery methods.
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Marmasse and Schmandt (2000) use the loss of GPS signals to detect
buildings. Lost and later re-acquired within a certain radius GPS signal is
considered to be indicative of a building. Wolf et al. (2001) investigate
automatic travel diaries. They use stopping time to mark the starting and
ending points of trips. Sparacino (2002) proposed a museum guiding system
that infers user's behavior type (e.g., greedy, selective, busy) based on infrared
beacons and suggests routes. The behavior is modeled using Bayesian
networks. The inputs to the model are visitor's stopping times at each exhibit.
Bhattacharya and Das (1999) address the issue of limiting the cellular
infrastructure resources dedicated to locating a user sufficient for call delivery.
Their cellular user-tracking system for call delivery uses transitions between
mobile cells as inputs to Markov model. Depending on the user's movement
mode (passing between cells or staying in one cell), system tries to assign fewer
resources to successfully deliver a call. Similar issues are addressed in Liu and
Maguire (1995), where resource management system uses predictive model
based on updates of locations provided by mobile devices. System allows
services and data to be pre-cached at the most likely future locations.

In Davis et al. (2001) a communication between static and dynamic nodes
in ad-hoc networks is managed by a location modeling and prediction system
that provides smart and timely resource allocation to ensure reliable and fast
packet delivery.

Ashbrook and Starner (2003) present a system that clusters GPS
measurements into meaningful locations at multiple scales. Clustering is done
using k-means algorithm and extracts locations and sub-locations. The radius of
k-means algorithm is identified by finding a knee in the graph of the number of
clusters found dependent on the cluster radius. The locations are then used in a
Markov model to predict the next user's location or move. They do not take
time into account in their model. Their system does not automatically label
semantically inferred locations and just learns significant or meaningful places.
The system is user-tailored and does not support real-time learning.

An important part of location modeling is the identification of a user's mo-
tion mode, e.g., static, driving, walking, bicycling etc. This problem is tackled in
Kantola et al. (2010), where authors employ a recursive probabilistic inference
over a Hidden Markov Model (HMM). The model obtains evidence from GPS
and accelerometer data.

Similar problem is addressed in Patterson et al. (2003), where authors use
Bayesian network models for guessing transportation modes (bus, car, foot)
based on GPS traces. The input variables they use in their classification model
are average speed and variance. They demonstrate that prediction accuracy can
be improved by taking into account prior knowledge, e.g., location of bus stops
and bus routes.

Liao et al. (2005) proposed a relational Markov network for predicting us-
er's activity given location evidence in a form of GPS data. The authors advo-
cate the idea that user's activities are recognizable from location and time in-
formation.
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Gambs et al. (2010) propose a Mobility Markov Chain (MMC) algorithm
for next location prediction. Essentially they use the same probabilistic model as
authors in Ashbrook and Starner (2003), however, they replace the k-means
clustering algorithm with the DJ-cluster algorithm (Zhou et al., 2004) specifical-
ly tailored for geo-location data.

Kim et al. (2011) propose a visit-pattern-aware mobile advertisement sys-
tem enabling mobile advertising based on user behavior in commercial com-
plexes. They develop a probabilistic prediction model that predicts user's next
visit place from their place visit historical records. Prediction model is based on
a Bayesian network that predicts the next visit place by learning sequential visit
patterns. Importantly visit patterns are learned in a collective manner, meaning
that the model learns common sequential visit patterns from many people and
thus, generalizes for many users, including unseen ones. The model includes
the following variables: visit place, visit time, visit duration, gender and age.
Visit place variable represents possible places explicitly (e.g., cafe, cinema, shop
etc.). The model includes variables related to the current period of time and
several previous states. Although this model does not design various mobility
patterns explicitly, it allows capturing different types of user behavior intrinsi-
cally. The system well addresses the issue of both spatial and temporal ads rel-
evance.

Gambs et al. (2012) explore the problem of the next location prediction.
They extend a Mobility Markov Chain (Gambs et al., 2010) mobility model to n-
MMC by including the n previous location visited to the original model.

A Mixed Markov-chain Model (MMM) for next place prediction was de-
veloped in Asahara et al. (2011). MMM is essentially represented by a set of
conventional Markov chain models each fit to predict transitions for user group
with a common specific mobility pattern. Thus, the first step in this approach is
to identify the group a particular user belongs to. Having fixed the group, next
place is predicted using this group's Markov chain model.

On the contrary to many batch off-line algorithms for learning semantic
locations that have limited practical application Zhang et al. (2007) proposed an
online adaptive technique for learning significant locations from GPS data
without assigning a semantic class label. Their approach models user candidate
locations as a mixture of Gaussians that are updated by a recursive algorithm,
once new measurements are taken. The approach is user-tailored as a separate
model is learned for each user. In addition to learning of meaningful locations
authors proposed an efficient mini-max criterion to discover frequent routes of
a user. These procedures allowed authors to develop an automatic traffic advi-
sory system for cell phones.

Kang et al. (2005) propose another algorithm for extracting significant
places from a trace of coordinates. Location coordinates are taken by listening
for RF-emissions from known radio beacons in the environment (e.g., Wi-Fi ac-
cess points, GSM cell towers). Authors propose simple yet efficient joint time-
location-based algorithm for clustering coordinates into locations. It exploits the
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fact that both location visiting duration and visiting frequency are representa-
tive for importance quantification.

Bayir et al. (2010) share a substantial amount of work on developing a
framework for discovering mobility profiles of cell phone users. Importantly
they consider spatial and temporal information jointly to discover spatio-
temporal patterns. Spatial information processed is in the form of cell-based
location data logs. Their framework consists of five phases: path construction,
cell clustering using a weight based hierarchical graph clustering algorithm,
topology construction, pattern discovery, post processing. For pattern discovery
authors use a Sequential Apriori Algorithm that is a modification of AprioriAll
(Agrawal and Srikant, 1995) string analysis based technique.

In Papliatseyeu and Mayora (2008) a hybrid approach for recognition and
prediction of mobile user places and activities is suggested. The idea of this ap-
proach is to combine data obtained from multiple positioning techniques avail-
able in smartphones. Following this approach places are recognized based on
raw fingerprints obtained from GSM and Wi-Fi. Also available GPS coordinates
can be assigned. Such an approach based on the utilization of a fusion of posi-
tioning techniques increases coverage and accuracy. For improvement of places
classification it is suggested to use an “importance” rank based on the common-
sense reasoning.

Anagnostopoulos et al. (2011) argue that the most suitable algorithms for
location prediction are offline and online clustering and classification. Offline
kMeans is a suggested algorithm for offline clustering, while Online kMeans
and Adaptive Resonance Theory are used to realize online clustering. Classifi-
cation is done via a Hausdorff-like distance.

According to Isaacman et al. (2011) people spend most of their time
around a few key places. Ability to identify important places and movement
patterns can be of a significant importance for such areas as deployment of
transportation infrastructure and telecommunications. Based on the anony-
mized Call Detail Records data from a cellular network collected from a num-
ber of users, the authors propose a set of methods derived from a logistic re-
gression-based analysis in order to identify important places and apply seman-
tic meaning for the locations.

To conclude there is significant amount of research papers related to anal-
ysis of the mobile phone data. However, the majority of works are based on
analysis of data obtained through positioning techniques. Only a few papers
describe attempts to analyze mobile phone data without location measurements.

1.5 Thesis structure

This Master’s thesis contains seven chapters. The current chapter is an in-
troduction and is devoted to overview of the problem area and related research
work in the scientific field. Chapter 2 provides description of the data prepro-
cessing techniques. Essential steps of the data preprocessing phase of data anal-
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ysis, namely feature selection, normalization, and dimensionality reduction are
discussed. Chapter 3 describes classification methods, used in the current re-
search, as well as existing validation and evaluation techniques to be used along
with the methods. In Chapter 4 a detailed data description is provided, also a
list of challenges related to the data is presented. This chapter also covers data
postprocessing phase of data analysis. Then, empirical part of the research work
is expressed in the Chapter 5, which describes machine learning pipeline and
the approaches to the data classification. Practical results of the suggested solu-
tions implementations are presented in this chapter. Final results are compared,
evaluated, and analyzed. Finally, Chapter 6 concludes the whole work and pro-
vides ideas for future work.
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2 DATA PREPROCESSING

Data preprocessing is initial and important step in any data analysis. The idea
of data preprocessing is to prepare input for further data analysis using data
mining and machine learning techniques. It is first necessary to integrate data
from different sources, bring all the data together into a set of instances and
specify attributes. Secondly, it is required to standardize the data set obtained,
handle missing and inaccurate values, select a subset of the attributes for learn-
ing the model and minimize noise in the data set. This chapter describes data
preprocessing steps performed in the current research.

2.1 Feature selection

In machine learning data is the result of measurements, which are often repre-
sented by a combination of items placed in rows and combination of multiple
variables placed in columns.

Many factors affect efficiency of machine learning algorithms for a given
task. The quality of data is one of such factors. Feature selection, or attribute
selection, is a process of selecting a subset of the most important features to
build a robust and accurate learning model. It is very important particularly in
those areas, where a large number of measured variables combine with relative-
ly small number of available samples (or instances). It is also useful if a data set
contains missing values or skewed inputs.

The initial step of feature selection is manual analysis following by more
advanced techniques for minimization of noise. In the stage of manual analysis,
it is important to have comprehensive knowledge of problem area and clear
understanding of the given task. Based on these skills and personal understand-
ing of the data set and meaning of the measurements, a researcher can manual-
ly select a subset of needed features. In this phase the features can be measure-
ments themselves, combinations of measurements or other measurements
transformations.
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The next step relates to handling missing and inaccurate values, and pro-
cessing values of different types, such as continuous, discrete and textual data.
It is important to distinguish between data types, because they influence tech-
niques, which can be used for data analysis.

If needed, following the stage of manual feature selection, other more ad-
vanced dimensionality reduction techniques may be applied.

Feature selection assists with improving performance of learning models
through a careful process of a data set measurements transformations and re-
moving most irrelevant and redundant features.

2.2 Normalization

Normalization is an important part of data pre-processing. Normalizing data
helps to make the source data internally consistent. Due to normalization each
data type has the same kind of content and format. Normalization makes data
dimensionless. It is necessary to apply normalization when the dissimilarity
measure is sensitive to the differences in the magnitudes or scales and when
one variable can mask others.

Formal definition of normalization can be described as follows:

where X = {xij} represents raw data, L; reflects location measure and M; re-
lates to scale measure. Depending on choosing different location and scale
measures, various normalization methods can be obtained. There are different
standardization techniques, but only several methods will be described here.

Z-score normalization is used for transformation of normal data to stand-
ard score form. This method is useful when it is needed to determine whether a
specific value is above or below average, and by how much. In z-score normali-
zation each value of the obtained numeric matrix is calculated from values of
the current matrix as follows:

. Xij — Hj

ij 0; :
Here y; is the mean value of the j-th column and o; is the j-th variable standard
deviation. Each column of the new matrix has a mean of zero and a variance of
one. Z-score is useful when comparing variables with very different observed
units of measure.

Range (min-max) normalization transforms the numbers in a column to
tit within a specific range. Often a data set is transformed to numbers between
zero and one. This type of normalization is helpful for ensuring that extreme
values are located within a fixed range. In this method the range of the variable
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is used for normalization and the elements of a new matrix can be calculated in
the following way:

xij - rr}inxij

Y maxx;; — minx;;
J J

In the obtained matrix the lowest value is set to 0 and the highest value is
set to 1. This provides an easy way to compare values that are measured using
different scales or different units of measure. It worth mentioning, that range
normalization is susceptible to noise, which means that if there are outliers,
such a normalization will scale the normal values to a very small interval near
zero, which can cause inconvenience as most of the data sets have outliers.

Log normalization transforms each value using a logarithm. It uses loga-
rithms to better represent skewed data. Log normalization is helpful when val-
ues are clustered around small values with a few large values. Each value of a
new matrix is calculated by subtracting its column’s minimum, adding one, and
then taking the logarithm of that value according to the formula:

Xi; = log(xij - rr}inxij + 1).
Log transformation reduces impact of outliers, but does not exhibit constant
mean, range or variance values across variables.

Final results can significantly differ depending on the normalization tech-
nique applied in the preprocessing phase. Despite existence of significant
amount of normalization methods, those matched the data and the goal of the
research must be utilized.

2.3 Dimensionality reduction

In many practical applications there are far too many attributes, or features, to
be handled by learning schemes. Some of the attributes can be irrelevant or re-
dundant. Many learning methods try to appropriately handle attributes and
ignore redundant ones, however, in practice their performance and speed can
often be improved by dimensionality reduction. Thus, the data must be prepro-
cessed to select a number of attributes to use in learning. Manual selection of
attributes, based on a deep understanding of the problem area and meaning of
the attributes, is considered the best technique for feature selection. Neverthe-
less, automated methods are also widely used.

This section covers the main linear technique for dimensionality reduction
- Principal Component Analysis (PCA). PCA description, algorithm and evalu-
ation techniques are discussed.
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2.3.1 Principal Component Analysis description

Principal Component Analysis (PCA) (Pearson, 1901) is a linear technique that
allows projecting n -dimensional data onto a lower dimensional subspace in a
way that is optimal in the least-squares sense. PCA can be understood in two
different ways. First it reveals the minimum reconstruction error. That is the
reconstructed data must have as little difference from the original data as possi-
ble, while keeping a fixed amount of principal components that contain the
main part of information and are uncorrelated. In a typical dimensionality re-
duction task components, which contribute to the original data less information
than a certain predefined fixed threshold (expressed in percentage of the source
data explained) are discarded. It can also be viewed as a technique that maxim-
izes variances of the original vector projections on a new rotated coordinate sys-
tem, where these projections are uncorrelated. The components that have very
low variance are omitted in the latter case.

The starting point for PCA is a random vector x with n elements, which is
described by a sample x(1), ..., x(T). No explicit assumptions on the probability
density of the vectors are made in PCA, as long as the first- and second-order
statistics are known or can be estimated from the sample. Also, no generative
model is assumed for the vector x. It is essential in the PCA that the elements
are mutually correlated, so that there is some redundancy in x making the com-
pression possible. If the elements are independent, nothing can be achieved by
PCA.

In the PCA transformation, the vector x is first centered by subtracting its
mean:

x «x—E{x}.

In practice such a mean is estimated from the available sample x(1), ..., x(T)
according to the following formula:

1 T
E{x} = sz(i)'

Here T is the number of available realizations of vector x. Further let us
assume that the centering has been done and, thus E{x} = 0. Next, x is linearly
transformed to another vector y with m elements, where m < n, so that redun-
dancy induced by the correlation, or dependency of variables, is removed. This
is done by finding a rotated orthogonal coordinate system such that the ele-
ments of x in the new coordinates become uncorrelated. At the same time, the
variances of the projections of x on the new coordinate axes are maximized so
that the first axis corresponds to the maximal variance, the second axis corre-
sponds to the maximal variance in the direction orthogonal to the first axis, and
SO On.
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2.3.2 Principal Component Analysis algorithm

A variant of a step by step algorithm of the PCA is described below.

1. Compute n -dimensional mean u = % . Z x(i).

2. Compute n X n covariance matrix C*' = % (X () = 1) - (X, () = 1), for

allk,l =1,n.

3. Compute eigenvectors and eigenvalues of C, by solving a set of n equa-
tions: C, - wy, = Ay - wy, subjectto || w|| =1, wy, L w;.

4. Choose m largest eigenvalues. m is the inherent dimensionality of the
subspace governing the data and (n — m) dimensions generally contain
noise.

5. Form an n X m matrix W with m columns of eigenvectors in the order de-
termined by the largest eigenvalues.

6. The representation of data by principal components consists in project-
ing data into m -dimensional subspace by y = WT - (x — p).

Also there are Neural Network implementations of the PCA available.
2.3.3 Principal Component Analysis evaluation

To perform successful feature extraction and an assignment of principal com-
ponents to features, producing “best” features, there is a need to introduce an
appropriate principal component evaluation criterion. This criterion must be
chosen in accordance with the eventual goal of the research process (feature
extraction, dimensionality reduction, etc.), when seeking for the optimal solu-
tion of the problem (e.g., best correlation of features). Optimal solution (the set
of fixed parameters - fixed way of assigning principal components to features)
gives the best fitness of the resulting function being optimized (e.g., maximiza-
tion of feature correlations).

Selection of the most important principal components can be done in dif-
ferent ways. The simplest way to define the principal component evaluation
criteria is to introduce some ordering of the set of principal components. The
ordering must express the importance of the principal component for a particu-
lar feature assignment. There are several options for ordering:

1. Following the effect on data as the result of PCA application, it is natural
for PCA to use the ordering of the principal components by their vari-
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ance (variance of the data projection to principal directions). In such a
way principal components having greater variance are counted as more
important, containing most information about the data distribution, and
principal components having small variances are treated as “noisy” irrel-
evant components. However, this interpretation of the importance of
principal components suits well only for the dimensionality reduction
task. For other purposes, principal components having small variances
may be still useful.

Another way to sort out principal components properly is to estimate the
distributions of principal components. Since it might be known in ad-
vance (by the experience or conditions and constraints of a concrete task)
that certain distributions are critical or otherwise “noisy”, someone
might wish to preserve them or get rid of them. In this case ordering cri-
teria will be, actually, some measures of closeness to a specific distribu-
tion, or measures of some properties of distributions. Following this idea,
principal components will be sorted by their resembling properties with
the concrete distribution.

The third way of ordering is based on the experience of the researcher. If
the domain of investigation is well-known by the researcher, he can se-
lect proper principal components and make the assignment of them to
features properly based on his knowledge and subjective opinion.
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3 METHODS DESCRIPTION

3.1 Supervised Self- Organizing Maps

3.1.1 SOM method description

The Self-Organizing Maps (SOM) (Kohonen, 2001) was introduced by T. Ko-
honen and has gained success in many application fields. Traditionally the Self
Organizing Maps (SOM) is regarded as unsupervised classification and cluster-
ization. Supervised SOM arose later, when during attempts of phonemes
recognition from natural speech it turned out that the class separation and thus
also classification accuracy could be improved by significant amount, if infor-
mation about the class-identity were taken into account in the learning phase.

Unsupervised methods are in a disadvantage against the supervised
methods as they do not use the class information of the training samples at all.
On the other hand, unsupervised methods can be used even without the class
labels. In real life the labels are rarely available.

SOM is a well- known neural model and is popular in areas, which re-
quire visualization and dimensionality reduction of large, high dimensional
data sets. The SOM was developed in order to assist in identifying clusters in
multidimensional datasets. Also, the SOM has a capability to generalize. Gener-
alization capability means that the network can recognize or characterize inputs
it has never encountered before. A new input is assimilated with the map unit it
is mapped to.

The SOM algorithm is based on unsupervised, competitive learning. The
idea of the method is that the SOM projects the dataset onto a g-dimensional
plane where often q equals to two. In other words, it provides a topology pre-
serving mapping from the high dimensional space to map units. Map units, or
neurons, usually form a two-dimensional grid and thus the mapping is a map-
ping from high dimensional space onto a plane. Figure 2 below provides a gen-
eral graphical representation of the SOM architecture.
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Input space Map units

FIGURE 2 A simple Kohonen network

The SOM architecture consists of two layers:
e The input layer
e The Kohonen (map) layer

The neurons, or nodes, in the Kohonen layer are arranged in one- or two-
dimensional grid. Each neuron in the input layer has a feed-forward connection
to each neuron in the Kohonen layer. There are no lateral connections between
nodes within the grid. The property of topology preserving means that the
mapping preserves the relative distance between the points. Points that are near
each other in the input space are mapped to nearby map units in the SOM and
thus “similar” in the original multidimensional space data points are mapped
onto nearby areas of the gq-dimensional output space (Hagenbuchner and Tsoi,
2004).

3.1.2 SOM algorithm description

The Self-Organizing process is based on the following major elements.

1. Initialization. All connection weights between input units and neurons
in the Kohonen layer are initialized with small random values.

2. Competition. Each unit of the input space x; = (x;1, ..., Xjx), i = 1,N is
mapped to a position j in a pre-defined grid of fixed dimension (Ko-
honen layer). Considering w; = (le, ...,ij), j= 1,L is the weights vec-
tor between the i*" input unit and j** neuron in the Kohonen layer (w; is
called input prototype), the discriminant function can be defined as:
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K
dij = Z(xik - Wir)? .

k=1

A neuron with the smallest value of the discriminant function is declared
the winning neuron (Best Matching Unit; BMU) and can be defined as
follows:

BMU; = argmind;; .
J

3. Cooperation. The winning neuron determines the spatial location of a
topological neighbourhood of excited neurons. A neighborhood function
is defined based on the distance between neurons, for example, it can be
Gaussian neighborhood function:

2

llu; —ugpully

huyupyy = exp| — gz )’

where u; is a vector containing coordinates of i-th unit in the map, ugyy
is a vector containing coordinates of BMU, o decreases with time.

4. Adaptation. Weight adaptation occurs interactively after each input
presentation. The winning neuron modifies its input prototype wgyy,
which brings it closer to the input x and causes weight adaptation of all
the neighboring neurons via the function h (Buessler et al., 2002).

In order to make the SOM supervised, the input vectors were formed of
two parts x; and x,. The first part was an n-dimensional codebook vector,
which is an input vector of the unsupervised SOM. The second part was a unit
vector with its components assigned to one of the possible classes, which were
taken into account. Then the final vector x = [x],x}]is used as input to the
SOM. Since x, is the same for all vectors of the same class and different for dif-
ferent classes, clustering of the vectors x along with classes leads to improved
class separation. This method explicitly uses class labels of the instances in the
learning phase.

The unsupervised SOM constructs a topology perceiving representation of
the statistical distribution of all input data. The supervised SOM tunes this rep-
resentation to discriminate better pattern classes.

3.2 Naive Bayes

Bayesian classification is named after T. Bayes, who proposed the Bayes Theo-
rem (Bayes et al., 1940). Naive Bayes is a supervised learning method and at the
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same time it is a statistical method for classification. Naive Bayes classifiers are
widely used in different areas dat. They are well known among the most suc-
cessful algorithms for learning to classify text documents, spam filtering and etc.

A Naive Bayes classifier is a probabilistic classifier, which is based on es-
timating conditional probabilities of an observation variable from the training
data set and using them for classification of new data instances. The main idea
of Naive Bayes classifiers is as follows. In classification learning, each instance
is described by a vector of attribute values and its class can take any value from
some predefined set of values. A set of training instances with their class labels,
the training dataset, is provided, and a new instance is presented. The learner is
asked to predict the class for this new instance according to the evidence pro-
vided by the training dataset.

Considering D is given observed data, H is a set of candidate hypothesis,
h € H is a particular hypothesis, the Bayes’ theorem can be formulated in the
following way:

P (h) P (D |R)
P(D)

P (h|D) =

Here is a list of definitions related to the formula above.

e P(h) represents prior probability of hypothesis h and reflects any back-
ground knowledge about the chance that h is a correct hypothesis (before
having observed the data).

e P(D)represents prior probability of data D and reflects the probability
that data D will be observed given no knowledge about which hypothe-
sis h holds.

e P(D|h) represents conditional probability of observation D and denotes
the probability of observing data D given that hypothesis h holds.

e P(h|D) is posterior probability of h and represents the probability that h
holds given the observed data D.

The goal of the Bayes’ theorem is to determine the most probable hypothe-
sis, given the data D and initial knowledge about prior probabilities of various
hypotheses in H. To find the most probable hypothesis h from a set of candidate
hypotheses H, given the training data D, a maximum a posteriory (MAP) hy-
pothesis can be calculated, according to the formula:

hyap = arg I;Illéigip (h [D)

P (h) P (D |h)
—TINE T PD)

= arg r}rllealg(P (D |h)P(h).
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If prior probabilities P(h) of every hypothesis from H are equal, then the
formula above can be simplified through choosing maximum likelihood (ML)
of the data D given h:

hy, = arg ri?ezg(P (D |h).

In classification tasks Bayes’ theorem can be used to calculate the probabil-
ity of each class given the instance x:
_P(C=0PX =x]|C =0

P(C =c|X = x) PX = )

Here C is a random variable denoting the class of an instance, c is a particular
class label, X < X3, X,, -+, X} > is a vector of random variables denoting the ob-
served attribute values (an instance), x < xq,x,"--,x; > is a particular ob-
served attribute value vector (a particular instance).

Figure 3 below shows graphical representation of Naive Bayes model,
where attribute nodes are independent from each other given the class label C.

FIGURE 3 Graphical model of a Naive Bayes classifier

Bayes’ rule decomposes the computation of posterior probability into the
computation of likelihood and prior probability. Expected error can be mini-
mized by choosing the class with the highest probability as the class of the in-
stance x. Because the probabilities needed for the calculation are not known, it
is necessary to estimate them from the training dataset.

Bayesian classification calculates explicit probabilities for hypothesis and
it is robust to noise in input data. Naive Bayes classifiers are simple, efficient
and robust to noise and irrelevant attributes. One defect, however, is that Naive
Bayes classifiers utilize an assumption that the attributes are conditionally in-
dependent of each other given the class. Although this assumption is often vio-
lated in the real world, the classification performance of Naive Bayes classifiers
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is still surprisingly good for many classification tasks, compared with other
more complex classifiers. According to (Domingos et al., 1997), this can be ex-
plained by the fact that classification estimation is only a function of the sign (in
binary cases) of the function estimation, the classification accuracy can remain
high even while function approximation is poor and by considering the fact that
we are not interested in conditional probability P(h|D), but merely in calculat-
ing the most likely class.

Another thing that can go wrong with Naive Bayes is that a particular at-
tribute value might not be presented in the training set in combination with
every class value. This puts zero probability on the attribute value given this
class and because the other probabilities are multiplied by this one, the final
probability for this class will be zero. Unfortunately, a zero estimate can create
significant problems for classification process. This however can be solved by
minor adjustments to the method of calculating probabilities from frequencies.
To overcome this problem, smoothing procedures are usually used to avoid
zero probability estimates in practice. One of the standard techniques is called
Laplace smoothing, which can be done via the formula:

count(x;|C) + u

Y R

Here x = (x4, ..., X,) is a feature vector, count(x;|C) is the number of times the
feature x; appears in the class C , N; is the number of values that the class C can
take, [x| = n is size of the feature vector x, and u is a smoothing parameter. A
special case of Laplace smoothing is “add one” smoothing, which is obtained by
setting u = 1. Nevertheless, there is no particular reason for adding one, instead,
a small constant can be used. Such smoothing parameter provides a weight,
which determines influence of the a-priory values for all possible attribute val-
ues. The larger the smoothing parameter value, the higher the importance of
priors compared with the new evidence coming in from the training set. On the
other hand, small values of the smoothing parameter give them less influence.

3.3 Support Vector Machine

3.3.1 SVM method description

Support Vector Machine (Vapnik, 1995) is a kernel based method, which is used
for solving pattern classification and function approximation problems. In pat-
tern classification problems a classifier is constructed so, that the objects are
classified correctly with a high accuracy. Input to such a classifier is called fea-
tures, which represent each class well or are determined so that data from dif-
ferent classes are well separated in the input space (Abe, 2010).

The idea of SVM is minimization of an upper bound of generalization er-
ror through maximizing the margin between the data and separating hyper-
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plane. Margin is the sum of distances from the separating hyperplane to the
closest data points belonging to each class. Such closest data points are called
Support Vectors.

The basic idea of linear SVM is to construct a hyperplane as the decision
plane, which would separate positive and negative classes with the largest
margin. If the classes are linearly separable then the optimal separating hyper-
plane would be the one, which gives the smallest generalization error among all
possible hyperplanes. Such a hyperplane would be the one, which has the max-
imum margin between the classes. In practice two classes are not fully separa-
ble. Hence in order to find the optimal hyperplane, an optimization problem
must be solved.

In general case SVM constructs a hyperplane or a set of hyperplanes in a
high- or infinite- dimensional space, which can be used for classification. Intui-
tively, a good separation is achieved by the hyperplane that has the largest dis-
tance to the nearest training data point of any class, since in general the larger
the margin the lower the generalization error of the classifier.

Whereas the original problem may be stated in a finite dimensional space,
it often happens that the sets to discriminate cannot be separated in that space.
For this reason, the original finite-dimensional space is mapped onto a much
higher dimensional space, presumably making the separation easier in that
space. The hyperplanes in the higher-dimensional space are defined as a set of
points whose inner product with a vector in that space is constant. The vectors
defining the hyperplanes can be chosen to be linear combinations with parame-
ters of images of feature vectors that occur in the data base. To keep the compu-
tational load reasonable, the mappings used by SVM schemes are designed to
ensure that dot products may be computed easily in terms of the variables in
the original space, by defining them in terms of a kernel function selected to
suit the problem.

SVM has been successfully applied in many areas such as object detection
and recognition, text detection and categorization, information and image re-
trieval, prediction (Tay and Cao, 2002; Mager et al., 2008; Byun and Lee, 2002),
etc.

3.3.2 SVM tools description

In this research LIBSVM toolbox (Chang and Lin, 2011) has been chosen as a
tool for applying the SVM. LIBSVM is a library for SVM. It is currently one of
the most widely used SVM software. A typical use of LIBSVM consists of two
steps: (1) a model prototype is trained to obtain a model and (2) the model ob-
tained is used to predict information of a test set.

The classification algorithm is organized in the following way. Given
training vectors x; € R",i = 1, ..., with labels belonging to two classes and in-
dicator vector y € R!such thaty; € {1, —1}, the following optimization problem
is being solved:
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l
1 c
minz ww+C ) g
=1

subject to

yi(wlop(x)+b)=1- &,
£ >0i=1,.,1.

Here ¢ (x;) maps x; into a higher dimensional space and C > 0 is the regulariza-
tion parameter. The usual way to cope with the possible high dimensionality of
the vector variable w is considering the following dual problem:

min- a’Qa—e’ a
a 2

subject to

0<aq<Ci=1,..,1.

In the formulas above e = [1, ..., 1]7 is the vector of all ones, Qisl X[ positive
semi-definite matrix, Q;; = y;¥;K(x;,x;) and K (x;, x;) = qb(xi)Tq,')(xj) is the ker-
nel function.

After the above dual problem is solved, from the primal-dual relationships,
the optimal w is obtained in the following way:

l
w = Z yia;d(x;)
i=1
with the decision function

!
sgn(wl¢(x) + b) = sgn (Z yiaiK(x;, x) + b) :

=1

Obtained values for y;, a;, Vi, b, label names, support vectors, kernel parameters
are stored in the model for prediction.

After solving the optimization problem described above and obtaining a
model, labels can be predicted on the test set. Classification accuracy in this case
is calculated according to the following formula:

#correctly predicted data

A = X 100% .
ceuracy # total testing data &

For classification, in the training phase LIBSVM decouples a multi-class
problem to a two-class problem and calls one-class SVM several times. For mul-
ti-class classification LIBSVM implements the “one-against-one” approach
(Knerr et al., 1990), which consists of constructing one SVM for each pair of
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classes, which are trained to distinguish the points of one class from the points
of another class.

In classification a voting strategy is used, where each binary classification
is considered to be a voting. During this procedure votes are assigned to all da-
ta points, then in the end a class with maximum number of votes is designated
for a data point. If two classes have identical amount of votes, then the class
appeared first is chosen.

3.4 Validation and Evaluation

Validation techniques are motivated by two fundamental problems in pattern
recognition: model selection and performance estimation. In real application
there is a limited number of examples, which is usually smaller than wanted.
One approach is to use the whole training data set to select the classifier and
estimate the error rate. However, this approach has two fundamental problems:
(1) the final model will most likely over-fit the training data and (2) the error
rate will be under-estimated (lower than the true error rate).

Estimating the accuracy of a classifier is important for several reasons.
First of all it is used for estimating future prediction accuracy of the classifier.
Secondly, it is used for choosing a classifier from the given set, the best model
from several available qualification models.

There are several estimation methodologies. The most commonly used
methodologies are described below.

The holdout (simple split) method is an example of simple validation. In
this method the data set is split into two parts: training set and test set. The
training set is used to train a classifier, the test set is used to estimate the error
rate of the trained classifier. This method however has some drawbacks. The
main disadvantage of this method is that it assumes that the data in the two
subsets are of the same kind (has the exact same properties) and since this is a
simple random partitioning, such an assumption may not hold true (David,
2012). The limitations of this method can be overcome with a set of resampling
methods, which require more computations.

There are a number of cross validation techniques, which are more ad-
vanced, comparing with the simple split.

Random subsampling cross validation is also known as Monte Carlo
cross validation. The idea of this method is that the data set is randomly split
into training and test subsets without replacement. For each such split the mod-
el is fit to the training data then the estimate is evaluated using test data. The
results are then averaged over the splits.

The advantage of this method is that it can be repeated indefinite number
of times (Maimon and Rokach, 2005). Its estimate is significantly better than the
holdout estimate. Comparing to k-fold cross validation, the proportion of the
training/validation (test) split does not depend on the number of folds.
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The disadvantage of this method is that some examples may never be se-
lected to the validation (test) set, when others can be selected more than ones. In
other words, test sets are not independent with respect to distribution of exam-
ples (Maimon and Rokach, 2005).

In the k-Fold cross validation the data set is randomly split into k subsets
of equal size. These subsets are mutually exclusive. Then the classification mod-
el is trained and tested k times. For each of k experiments, the model is trained
on the k-1 subsets and tested on the remaining single subset. These subsets are
called folds. The cross validation estimate is calculated by averaging the k indi-
vidual performance measures using the following formula:

k
1
P=7 P
i=1

where P; is a performance measure of i-th experiment.

The main advantage of the k-fold cross validation is such that all the ex-
amples in the data set are used for training and testing. In other words, it re-
duces the bias associated with the random sampling of the training and holdout
data samples by repeating the experiment k times, each time using a separate
portion of the data as holdout sample (David, 2012). The main disadvantage of
this method is that the training and testing procedures must be repeated k times.

Leave one out cross validation is similar to the n-fold cross validation,
where n equals to number of instances in the data set. Every time the method is
trained on all but one instance and tested on the remaining instance. Thus, the
experiment is repeated until all instances of the data set have been passed. The
cross validation estimate is calculated in the same way through averaging the n
individual performance measures, according to the formula above.

Among the advantages of this method are size of the training set and effi-
ciency. The training performs on the maximum possible training set with great-
est possible amount of data used in every case, as there is only one instance left
for testing. This significantly increases the chance that the classifier is accurate.
Because random sampling is not involved, leave-one-out is efficient comparing
to other methods, where fold content must be randomized. Thus, the procedure
is deterministic and does not require to be repeated to acquire accurate results,
as the same result will be obtained every time. On the other hand, this method
has high computational cost, as the learning procedure must be executed n
times and therefore is not eligible for large data sets. However, it can work pret-
ty well for a small data set. There is as well a disadvantage of this cross valida-
tion, which is it guarantees a non-stratified sample. Stratification requires hav-
ing correct proportion of the examples of each class in the test set, which is im-
possible when the test set contains only a single example (Witten and Frank,
2005).

Bootstrapping is a statistical method for estimating, based on the proce-
dure of sampling with replacement. The idea of this method is to sample a data
set with replacement to for a training set. A particular bootstrapping approach
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is called 0.632 bootstrap, where a data set of n instances is sampled n times with
replacement in order to obtain a new data set of n instances. Some elements in
the new data set can be repeated and thus there are might be elements in the
original data set, which have not been picked and will be further used as test
instances. The probability of a chance of a particular instance not being picked
at all is calculated in the following way:

1
(1- H)” ~ e 1=0.368.

Thus for a large enough data set, the test set will contain 36.8% of the instances
and the training set will contain 63.2% of the instances. In the training set some
instances will be repeated.

The disadvantage of this method is that only 63.2% of data is used in the
training set. This number is quite pessimistic comparing for example to 90% in
10-fold cross validation. However an advantage of the method is that the pro-

cedure can be repeated any number of times, allowing statistical tests (David,
2012; Witten and Frank, 2005).



34

4 HANDLING DATA

4.1 Data description

The mobile phone data was collected on a 24/7 basis over several months. In
addition to mobile data, the ground truth data was also collected. These data
are semantic labels created by the users related to places that were visited fre-
quently during the data collection period. In Figure 4 below a schematic repre-
sentation of the data collection process can be seen.

DATA

- Scan of accelerometer
sensors
+ Application events

GPS, WLAN, - Bluetooth dev_ices
- Calendar entries

®
Accelerometer | | ooy jog
= | ——| - Contact entries
+ GSM cells seen by the user

+ Sequence of place visits

dask + General system information

+ WLAN devices seen by the
user

FIGURE 4 Data collection

A set of data files has been obtained from the users” mobile phones. These
tiles contain information related to mobile phone and its activity, including in-
formation about accelerometer sensors scan data, application events, Bluetooth
devices, GSM cells and WLAN devices seen by the user, calendar and contacts
entries, call log, media and how it was played, running processes, mobile phone
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system information and the sequence of place visits, which are longer than spe-
cific period of time. A part of information from these files has been extracted
and converted to a data set used in the current research. The raw location data
was transformed into a symbolic space, which excludes actual geographic coor-
dinates. In order to do so, first, the visited placed were detected, then the se-
quence of visits to checked-in places was mapped to the sequence of coordi-
nates. All places are user-specific and each place corresponds to a circle with a
radius of 100 meters. Places are ordered by the time of the first visit and thus
the obtained dataset is continuous. In order to keep user privacy many fields
have been anonymized (Laurila et al., 2012).

Along with the data set itself, a list of place labels has been provided as
input for the current research. It is a file containing three columns: user id num-
ber, place id number and place label. All places are user-specific, however place
labels are common for all the users from the data set. There are ten possible
values for place labels, which are listed in the Table 1 below.

TABLE 1 Place labels
Place label Place label description

Home
Home of a friend, relative or colleague
Workplace/school
Location related to transportation
The workplace/school of a friend, relative or colleague
Place for outdoor sports
Place for indoor sports
Restaurant or bar
Shop or shopping center

0 Holiday resort or vacation spot

— O 0NN WN -

In the current research a data set, consisting of mobile phone data collect-
ed from 80 users during quite long period of time, has been used. The training
set and the test set have been built based on the data set. Further the training set
has been used for training and parameters validation, the test set has been used
for performance evaluation.

The following challenges can be emphasizes with regard to the data in the
obtained data sets:

e Some data in the data set are wrong or missing. Such incorrect data must
be handled properly in order to make results correct.

e Some files are huge, and thus needed to be processed by parts. This pro-
cedure costs significant amount of resources and time.

e All data have different types. In order to make it possible applying data
mining methods, the data need to be represented as one type as well as
the appropriate normalization and scaling must be performed.
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e As there is a limited amount of instances, which becomes even less after
removing all incorrect data, the results might not be accurate enough.

e Labels are unbalanced. Some labels significantly dominate upon others,
which makes the learning of the algorithms less accurate for the labels
rarely appeared in the dataset.

4.2 Data postprocessing

Data postprocessing usually includes various steps. Among these steps are in-
terpretation, evaluation, and integration of the results. This section is devoted to
the evaluation techniques and integration procedure.

4.2.1 Evaluation

Evaluation is an important step in data mining. There are many different tech-
niques for methods’ performance evaluation. Some of them have been de-
scribed in section 3.4. However, comparing performance of different methods
on a given problem is another nontrivial issue. To ensure that differences in
methods” performance are not caused by chance effect, statistical tests are need-
ed. For a problem of classification, the ability to classify test instances is being
predicted. But, different classification methods use different techniques for pre-
dicting this ability. Thus, for example some methods are based on predicting
class probability, instead of a class itself, while others involve predicting nu-
merical rather than nominal values. In each case different performance evalua-
tion methods are need. A set of evaluation techniques to be used for comparing
performance of different methods are described in this subsection.

Error rate is a simple evaluation measure for classification tasks, which
measures overall performance of a classifier. Thus, a class predicted by classifier
is counted as “success” if prediction is correct and “error” otherwise. The error
rate is calculated as proportion of errors made over the whole test set.

In classification tasks the measures true positives, true negatives, false
positives, and false negatives are widely used for calculating more advanced
performance evaluation measures. True positives (TP) and true negatives (TN)
are correct classifications. False positive (FP) occurs when a class is incorrectly
predicted as positive, and false negative (FN) occurs when a class is incorrectly
predicted as negative.

Recall-precision evaluation is based on measure of relevance. Precision is
a fraction of retrieved instances that are relevant. Recall is a fraction of relevant
instances that are retrieved. They can be calculated using the formulas:

TP

p . . — '
recision —TP T FP
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TP

Recall = TP-F—FIV .

High recall means that an algorithm returned most of the relevant results.
High precision means that an algorithm returned more relevant results than
irrelevant.

F-measure (Rijsbergen, 1979) is also used in information retrieval. In a tra-
ditionally F-measure precision and recall are evenly weighted. Such a measure
is called F1-score and can be calculated via the formula:

precision X recall

Fl = 2 — .
precision + recall

However in a more general case, a weight can be assigned to put more empha-
sis either to precision or recall. In this case the formula for calculating the meas-
ure can be re-written in the following way:

precision X recall

Fg = (1+ B* ,
p=( B B? X precision + recall
where f > 0 is a weight constant.
There are number of different techniques for performance evaluation,
however only those used in this Master’s thesis have been described.

4.2.2 Integration

A list of place labels, provided as input for the current research, is a file contain-
ing three columns: user id number, place id number and place label. All records
in the file are unique and can be used for evaluation of the classification results.
This file has size of 336, which means that overall in the data set there are 336
unique pairs corresponding to user id number and place id number. Although
one label can correspond to different combinations of user id and place id, the
mapping of a pair “user id - place id” to a specific label must be unique.

Thus, for accurate evaluation of the predicted via classification models la-
bels, an additional transformation technique is required. This transformation
must convert the labels obtained after applying classification model to the
whole data set, into a file having the format “user id - place id - label id”, suit-
able for evaluation.
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5 EMPIRICAL PART

5.1 Planning of the machine learning pipeline

During the implementation of the classification approach, several important
practical concerns must be taken into account.

Input selection and dimensionality reduction. To ensure the optimal per-
formance the features must be carefully selected. Some methods, like SOM do
not depend on whether the features correlate or not, as they perform this analy-
sis themselves. However, there are methods, like SVM or Neural Networks,
which require that the input features should be as much independent, as possi-
ble. For this purpose dimensionality reduction techniques must be applies.
These concerns have been discussed in details in Chapter 2.

Generalization. It might appear that a model trained on a data set shows
poor prediction results on new data. This phenomenon is called overfitting and
it is related to the ability of the model to generalize. There are a number of
techniques, which are used for assessing such model’s ability. Some of them
have been listed and described in section 3.4.

Method selection and evaluation. A method for classification must be
chosen according to the data being analyzed and a problem being solved. Care-
ful analysis of the data in preprocessing phase is capable to influence perfor-
mance on the later stages. Depending on the data, the results shown by differ-
ent methods can vary. There is a set of techniques to be used for methods” per-
formance evaluation. They are discussed in subsection 4.2.1.

5.2 Application of the methods

This section is devoted to empirical results of the methods used during data
analysis process in the research. Subsection 5.2.1 describes feature selection pro-
cess and lists number of features selected during initial data analysis phase. Re-
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sults of applying normalization and dimensionality reduction techniques are
presented in subsections 5.2.2 and 5.2.3 correspondingly. Subsections 5.2.4-5.2.6
cover methods used for data classification as well as graphical representation of
the results.

5.2.1 Feature selection

According to the information, provided in the Data Description section, a set of
semantic labels related to places visited by the users has been collected. In order
to successfully predict semantic labels, it is essential to extract relevant features
from the data sets. To obtain needed features almost all the files from the pro-
vided data have been used. Since all the places are user-specific, extracted fea-
tures are supposed to be generic for all users. 410 features have been extracted,
386 out of them are binary features related to applications.

The following features related to places have been extracted from the data.

Values related to accelerometer sensors:
e Time spent by a user in a place.
e Average value of square change of all the values divided by the
number of samples (avdelta).

Values related to application events:

e Number of unique active applications, collected every second.
e Status of application. For every existent application this value
equals to 1 if it is active, and to 0 otherwise.

Values related to Bluetooth devices:
e Average number of Bluetooth devices seen by a user.
Values related to calendar entries:

e Number of calendar entries added by a user, collected every se-
cond.

Values related to calls log:

e Percentage of time a user spent speaking by phone.

e Number of incoming calls, collected every second.

e Number of outcoming calls, collected every second.

e Number of incoming text messages, collected every second.
e Number of outcoming text messages, collected every second.
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Values related to contact entries:

e Number of interactions with contacts from the phonebook, col-
lected every second.
e Number of contacts added, collected every second.

Values related to GSM cells that a user has seen:

e Quality of average network signal strength (from 0 to 7).
e Average network signal strength (in dBm).

Values related to media files played by a user:

e Number of media files played.
e Percentage of the time media files were playing.

Values related to system information about the phone:

e Average battery level. All records related to invalid battery level
namely having battery level higher than 100%, have been re-
moved.

e Percentage of time a phone was charging.

e Percentage of time a phone was inactive.

e Dominating type of ring.

e Average amount of free RAM.

Values related to WLAN devices seen by a user:

e Average received WLAN signal level.
¢ Dominating security mode.
¢ Dominating operational mode.

Finally two data sets containing 32903 instances each have been obtained:

1) D1 (389 features related to applications). Each feature is a binary repre-
sentation of a particular. One means that the application is active, and
zero otherwise, at a particular time interval. All records are ordered by
time.

2) D2 (24 features not related to applications). This data set contains only
numerical features. All records are ordered by time.

Both data sets have a common problem, which is place labels are not
equally distributed among all the data, in other words, labels are unbalanced.
Thus, place labels 1, 2 and 3 significantly dominate upon others, whereas there
are only a few records related to places with label 10. Other place labels are
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more or less equally distributed among the remaining data, varying around 1%.
Table 2 below represents relative amount of records in the data set, placed in
descending order by their percentage ration.

TABLE 2 Place labels ordered by presence in the data set (in %)
Place ID %

49.59
39.25
6.18
1.34
0.93
0.92
0.87
0.57
0.33

0 0.02

= s 0100 O DN W

In order to treat the records more or less similarly during training phase,
the data sets have been re-organized. On the basis of the data sets D1 and D2,
two reduced data sets have been formed in the following way. All records relat-
ed to dominating place labels 1, 2 and 3 have been separated from the original
data sets D1 and D2, then they have been shuffled. Only 1.5% of records related
to every label from the separated data set above have been chosen and added to
new data sets D1 _reduced and D2 _reduced. These two reduced data sets are
relatively balanced with regard to place labels, and have been used in the train-
ing phase of the methods Supervised SOM, Naive Bayes and SVM as further
described in the related sections.

Further, data set D1 (D1_reduced) will be used for the statistical Naive
Bayes method, and data set D2 (D2_reduced) for the Supervised SOM and SVM.
It can be explained by the fact that data set D1 is categorical and thus it is easier
to perform parameters evaluation in the Naive Bayes classification using this
data set. Moreover, quick tests have shown that other methods do not work
well on this data set and thus will not be covered in this Master’s thesis.

5.2.2 Normalization

In the dataset D2 there are variables, which are much greater than others. These
variables will mask others. Moreover, there might be outliers. It is reasonable
to apply one of the standardization methods.
Z-score standardization has been chosen, where each value of the obtained
numeric matrix is calculated from values of the current matrix as follows:
« _ Xij T H

X:: =
l] i
9j
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Here g; is mean value of the j-th column and y; is the j-th variable stand-
ard deviation. Each column of the new matrix has a mean of zero and a vari-
ance of one, and affects the result in a similar way.

The data set D1, containing features related to application, does not re-
quire normalization, as it contains only zeros and ones.

5.2.3 Principal Component Analysis

Data set D2 containing 24 features not related to applications has been used.
Firstly z_scores normalization has been applied to the data set. Secondly
MATLAB princomp method has been chosen to perform PCA on the normal-
ized data set D2. Variance explained has been calculated according to the for-
mula:

100 X variances

variance_explained = - )
sum(variances)

where variances is a vector containing the eigenvalues of the covariance matrix
of the normalized data set D2. Figure 5 below represents the results of PCA
applied to the data set D2, or more precisely, principal components ordered by
their variance.
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FIGURE 5 Principal components of the data set D2, ordered by their variance



43

According to Figure 5 above, only a few last components, which have
small variance values can be treated as noisy and be candidates for removal.
However their removal would not significantly reduce dimensionality of the
data set, moreover current dimensionality of 24 features is sufficiently small
comparing to the number of records in the data set. Thus, it has been decided to
leave all the components and further analyze the whole set of features.

On the other hand, the features of the data set D1 are categorical, as they
relate to applications and can have only values of zero or one, where one ap-
pears if application is active, and zero otherwise. This data set is likely to be
used for the Naive Bayes classification. Despite the Naive Bayes works well
with both categorical and continuous data, the main reason to leave this data set
unchanged is that for categorical variables there is no very strong distributional
assumptions such as normality (Gaussian distribution) or unimodality (mean-
ing that the distribution curve has just a one bump in it) of the distributions.
Distributions of categorical variables are also easier to understand, since it is
usually sufficient to just count occurrences of values in a data matrix rather
than counting sums and sums of squares and having exponent functions and so
on. With categorical variables the method deals with probabilities instead of
densities and sums instead of integrals (Jeffreys, 1998; Bernardo & Smith, 2007).
Thus, categorical variables are much easier to be handled. Dimensionality re-
duction will destroy categorical property of the data set and thus it has been
decided to use original data set D1 without features’ transformation.

5.2.4 Naive Bayes

For the Naive Bayes method dataset D1 containing 386 features related to appli-
cations has been used. According to conditions of the method, features must be
conditionally independent. However, Figure 6 below representing values of
correlation matrix, corresponding to the data set D1, shows that there are varia-
bles, whose pair-wise correlation values are close to one. Nevertheless, this
method can still show good results despite of existence of some dependency.

For training and validation of the Naive Bayes the data set D1_reduced
described in the section 5.2.1 has been used.
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FIGURE 6 Correlation values of D1 features

Validation technique used during implementation of the Naive Bayes is a
mixture of holdout and 10-fold cross validation procedures. The data set
D1_reduced has first been divided into training set (70%) and test set (30%).
Then 10-fold cross validation has been performed on the training set in order to
select parameters more precisely.

The Naive Bayes has been implemented via MATLAB. This method has
the only parameter, related to the smoothing procedure used to avoid zero
probability estimates. Laplace smoothing with the parameter value of one is a
classical choice, however, smoothing parameter can be any constant small
enough. Thus, as a set of possible values for the smoothing parameter, the con-
stants from the interval [0, 5] have been tested. A number of the method itera-
tions have been performed in order to determine most accurate parameter value
for the smoothing procedure.

Figure 7 displays curves, corresponding to accuracy the method gained
via the respective smoothing parameter value. In Figure 7a it can be seen that
the method’s accuracy first increases then decreases with increasing the
smoothing parameter value, reaching its maximum in the interval [0.5,1]. Fig-
ure 7b is an enlarged part of Figure 7a. It is clearly visible that the optimal
smoothing parameter value, corresponding to the maximal method accuracy,
is 0.75.
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FIGURE 7 Results of the smoothing parameter validation for the Naive Bayes (a) original
size, (b) enlarged size

The final model has been trained on the whole training set using the se-
lected parameters and tested on the test set. The classification accuracy of the
model obtained can be seen in figures below.

Figure 8 represents original labels in blue, correctly classified labels in
green and misclassified labels in red. From this figure it can be seen, what labels
have been mixed up during classification. The method worked quite well for
the labels 1, 2, 3 and 9. There is a small amount of correctly classified data for
the labels 6 and 7. At the same time, the labels 4, 5, 8 and 10 have not been cor-
rectly classified at all.
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FIGURE 8 Results of the Naive Bayes classification for the dataset D1_reduced
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Figures 9, 10 above represent amount of correctly predicted and misclassi-
fied labels in cumulative bar format. Figure 9 presents absolute number of la-
bels and Figure 10 presents their percentage. The first bar in each group corre-
sponds to correctly predicted labels. The second bar relates to misclassified data.
It represents total amount or percentage of misclassified data as well as the
number or percentage grouped by labels. Each color stripe corresponds to a
particular label.

Figures 9, 10 show that the best classification accuracy, which is 70 %, be-
longs to place label 3, followed by labels 9 (46%), 2 (43%) and 1 (34%). The ma-
jority of misclassified labels have gone to the classes 3 and 9, followed by the
classes 2 and 1. This means that this method separates well the classes 1, 2, 3
and 9 from each other, but does not distinguish those from the remaining clas-
ses 4,5, 6,7,8 and 10. This result might be caused by the fact, that the classes 1,
2,3, 9 are dominating comparing to the others. Also there is no strong evidence
of distinctive sets of applications characterizing particular class of labels.

5.2.5 Support Vector Machine

Data set D2 containing 24 features not related to applications has been used for
SVM. The data set D2_reduced described in the section 5.2.1 has been used in
the training and validation phases.

Validation technique used along with the SVM is a mixture of holdout
and 10-fold cross validation. For this purpose the data set D2_reduced has first
been divided into 2 parts: training set (70%) and test set (30%). This step is im-
portant as there is no separate test set and it would be good to see how the clas-
sifying model behaves on new data. At the same time, the result of classification
can be different, depending not only on parameters, but also data it is trained
on. Because of this, 10-fold cross validation has been performed on the training
set.

The effectiveness of SVM depends on the selection of kernel, the kernel
parameters, and soft margin parameter C. There is no straightforward rule for
how to choose the kernel and parameters values, however it is recommended to
use linear kernel when there is a large number of features and small number of
examples in the data set. If number of features is small and number of examples
is large then Gaussian kernel is preferable. Polynomial kernel is rarely used in
experiments (NG, 2012). A common choice of the kernel for SVM is Gaussian
kernel. Moreover, in the data set D2_reduced the number of features is 24,
which is rather small and the number of examples is 3139, which is quite a large
number. Because of these two reasons, the Gaussian kernel has been chosen.

The kernel has a single parameter y. Best combination of C and y can be se-
lected by a grid search, which can start for example from the following values:

C =€{275,278,..,215}, y e{27152713, . 23}.

Each combination of parameter values has been checked using 10-fold
cross validation. For every combination of parameters values a model has been
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trained ten times and the accuracy was calculated through averaging the values
obtained after ten iterations. For visualization, only limited intervals of parame-
ters values have been selected. The results of validation for parameters
C =€ [150,350], y € [0.00003,0.5] can be seen in Figure 11 below, where the
vertical axis corresponds to accuracy and left and right axes correspond to the
parameters y and C correspondingly.

Accuracy
N
©

0.45

FIGURE 11 Results of grid search for the SVM

The meshed surface above is in different colors. Color palette varies from
blue to red tints. Blue palette corresponds to the lowest accuracy values, and
red palette corresponds to the highest accuracy values. Thus it can be seen that
accuracy is more or less constant for the values C € [150,350], however it is
slightly higher in the interval C € [150, 250], reaching its maximum at C = 256.
On the other hand, for the other parameter there is a clearly dominating
uey =~ 0.0625, which in combination with C = 256 provides the highest model
accuracy around 55%.

Thus, the parameters with best cross-validation accuracy are C = 28
and y = 27*. The final model has been trained on the whole training set using
the selected parameters. The model obtained has been tested on the test set,
which consists of 30% from the data set D2_reduced. The classification accuracy
can be seen in figures below.
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Figure 12 represents original labels in blue, correctly classified labels in
green and misclassified labels in red. Looking at this figure it is possible to see,
what labels have been mixed up during classification. The method worked suf-
ticiently well for almost all label classes, except for the class 10, which might be
due to a relatively small number of instances of this class in the data set.
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FIGURE 12 Results of the SVM classification for the dataset D2_reduced

Figures 13, 14 below represent amount of correctly predicted and misclas-
sified labels in the accumulative bar format. Figure 13 presents absolute number
of labels and Figure 14 presents their percentage. The first bar in each group
corresponds to correctly predicted labels. The second bar is related to misclassi-
fied data. It represents total amount (or percentage) of misclassified data as well
as the number (or percentage) grouped by labels. Each color stripe corresponds
to a particular label.

These figures show that labels 1, 3, 7, 8, 9 have been predicted with accu-
racy higher that 50%, labels 2, 4, 5, 6 have been predicted with accuracy a little
less than 50% and only data from label class 10 has not been correctly classified.
Overall, this method shows quite good results.
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FIGURE 13 Number of correctly and incorrectly SVM classified data for the data set
D2_reduced, groupped by labels
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5.2.6 Supervised SOM

The data set D2 containing 24 features not related to applications has been cho-
sen. The data set D2_reduced described in the section 5.2.1 has been used in the
training and validation phases.

Validation technique used during implementation of the Supervised SOM
is a mixture of holdout and 10-fold cross validation procedures. In a similar
way to as described in the section 5.2.5, the data set D2_reduced first has been
divided into training set (70%) and test set (30%). Then 10-fold cross validation
has been performed on the training set in order to select parameters more pre-
cisely.

SOM toolbox for MATLAB (Vesanto et al., 2000) has been utilized for
training, validation and estimation. The method has two most important pa-
rameters: preferred number of map units and map grid size. Default number of
map units, or neurons, used in the SOM toolbox, is calculated by the formula:

Map units =5 X /Number of instances .

A number of experiments have been performed with different values for
the grid map size from the interval [5, 50]. Figure 15 displays prediction accura-
cy corresponding to different values of the grid map size parameter. The exper-

iments have shown that the best value for the grid map size is the
tion (23,13).
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FIGURE 15 Results of the Map Grid Size parameter validation for the SOM

The final model has been trained on the whole training set using the se-
lected parameters and has been tested on the test set. The classification accuracy
of the obtained model can be seen in figures below.
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FIGURE 16 Results of the Supervised SOM classification for the dataset D2_reduced

Similarly as for SVM three visual representations of classification accuracy
have been built. Figure 16 represents distinct labels separated by color into cor-
rectly classified and misclassified. Figures 17, 18 present amount and percent-
age of correctly and incorrectly predicted labels. Each label can be distinguished
by color.

The method worked sufficiently well for almost all label classes, except for
the class 10, which might be due to a relatively small number of instances of this
class in the data set.

According to Figure 16, there are correctly classified data for every class,
but 10th. However, accuracy for the class 4 is less comparing to the others. From
Figures 17, 18 it can be found out that only classes 3, 7 and 9 have prediction
accuracy higher than 50%. Labels 1, 5, 8 have been predicted with accuracy
around 35%, and prediction accuracy for the labels 2, 4, 6 is less than 30%. Data
from the label class 10 has not been correctly classified at all. Overall accuracy
of SOM on the test set is around 33%, which is lower than for SVM (around
45%).
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5.3 Analysis of the results

This section provides evaluation and comparison of the solutions developed in
this research and compares the results obtained.

In the previous subsections the methods have been applied to the data set
containing significant amount of records (32903). But along with a data set, an
evaluation file, containing a list of place labels, has been provided as input for
the current research. The structure of this evaluation file has been described in
the section 4.2.2. The evaluation file is of size 336, which means number of all
unique pairs “user id - place id” in the data set.

To perform solutions evaluation based on the provided evaluation file, it
is needed to convert the prediction results, obtained through classification of
the whole data set to the same format and size, as the evaluation file has.

For this purpose an instance-wise “voting” scheme has been introduced.
According to this scheme, a label, which had been predicted the maximal num-
ber of times during classification of the whole data set, for a pair “user id -
place id”, has been chosen as place label for this pair. Thus, the final labels to be
evaluated via the evaluation file, have first been predicted on the whole data set,
and then went through the instance-wise “voting” procedure. In the end a file
with predicted labels, where each combination of “user id - place id - label” is
presented only once has been generated for further evaluation of the results.

There is a set of figures below representing evaluation results for three so-
lutions, provided in the current research. Figures 19-21 represent distinct labels
separated by color into not matched classified, not matched original and
matched labels. The term “not matched classified labels” is related to the correct
labels, obtained from the evaluation file. The term “not matched original labels”
is related to incorrectly predicted values, compared to those from the evaluation
file. There is a one-to-one relationship between not matched classified labels
and not matched original labels. Matched labels are marked green and mean
that these labels have been predicted correctly.

In Figure 19, labels from the evaluation file are compared with the ones
obtained through classification via the Naive Bayes, combined with the in-
stance-wise “voting”. Similarly to the Naive Bayes classification without “vot-
ing”, the correctly predicted labels belong to the classes 1, 3 and 9. However,
class 2 has now disappeared from the set of matched labels. This can signify
that the accuracy of predicting class 2 for a proper pair “user id - place id” is
less than accuracy of predicting some other class.
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FIGURE 19 Comparison of the evaluation file and Naive Bayes plus instance-wise “voting”
classification
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FIGURE 20 Comparison of the evaluation file and SVM plus instance-wise “voting” classi-
fication
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In Figure 20, labels from the evaluation file are compared with the ones,
obtained through classification via the SVM, combined with the instance-wise
“voting”. The results are similar to the SVM classification without “voting”,
which is all classes are predicted quite good. Moreover, instance-wise “voting”
has increased prediction accuracy for the class 10, and thus overall prediction
accuracy has increased.
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FIGURE 21 Comparison of the evaluation file and Supervised SOM plus instance-wise
“voting” classification

In Figure 21, labels from the evaluation file are compared with the ones,
obtained through classification via the Supervised SOM, combined with the
instance-wise “voting”. The results are similar to the Supervised SOM classifica-
tion without “voting”, which is all classes excluding the class 10 are predicted
with average accuracy around 30%.

Table 3 presents performance evaluation results for all three solutions,
presented in this research. Precision, Recall and F1 score have been calculated
for separate classes, also total F1 score has been calculate as average F1 score for
all classes, according to the formula:

10
1
Fiscore total = EZ Fiscore (label ==1i),
i=1

where F;score (label == i) is F1 score value for the i*" class.
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TABLE 3 Performance evaluation results of (a) Naive Bayes plus instance-wise “voting”, (b)
Supervised SOM plus instance-wise “voting”, (c) SVM plus instance-wise “voting”

Label | Precision | Recall F1 score Label | Precision | Recall F1 score
1 0,44 0,48 0,46 1 0,82 0,37 0,51
2 0 0 0 2 0,27 0,26 0,26
3 0,42 0,75 0,54 3 0,81 0,65 0,72
4 0 0 0 4 0,86 0,26 04
5 0 0 0 5 0,12 0,33 0,17
6 0 0 0 6 047 0,32 0,38
7 0 0 0 7 0,15 0,79 0,25
8 0 0 0 8 0,45 0,45 0,45
9 0,11 041 0,18 9 0,22 047 03
10 0 0 0 10 0 0 0
Total 0.12 Total 0.34
@) (b)

Label Precision Recall F1 score

1 0,93 0,76 0,84

2 0,65 0,87 0,74

3 0,92 0,81 0,86

4 0,89 0,74 0,81

5 0,83 0,56 0,67

6 0,68 0,76 0,72

7 0,38 0,64 0,47

8 0,75 0,82 0,78

9 0,7 0,94 0,8

10 1 0,6 0,75

Total: 0.74

Thus, the best solution is the one with the highest total F1 score. The high-
est total F1 score value 0.74 corresponds to the SVM plus instance-wise “voting”
classification. Other solutions have shown worse results with total F1 score of
0.34 for the Supervised SOM plus instance-wise “voting” classification and total
F1 score of only 0.12 for the Naive Bayes plus instance-wise “voting” classifica-
tion.

According to Table 3 the winning classification scheme has predicted all
classes with sufficiently high accuracy, whereas other schemes have rather dis-
similar results depending on the class.

Thus, the Naive Bayes plus instance-wise “voting” classification has en-
sured nonzero F1 score only for the classes 1, 3, 9. This can be due to the several
reasons: (1) there is no distinctive set of applications running for particular clas-



58

ses, (2) the features correlate, and (3) huge domination of the classes with labels
1, and 3.

Similarly, the Supervised SOM plus instance-wise “voting” classification
has ensured F1 score greater than 0.5 only for the classes 1 and 3. Such small
accuracy can be explained by several reasons: (1) fuzzy clusters boundary
among classes of the data, and (2) huge domination of the classes with labels 1,
and 3.
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6 CONCLUSIONS AND FUTURE WORK

Knowledge of user activities is very important for development of personalized
applications. Predicting location of mobile users enables development of high
quality location-based services and applications, and assists in improving re-

source reservation in wireless networks.

Main goal of the research was to develop a solution for predicting seman-
tic meaning of a set of places extracted from mobile phone data, collected from
80 users during quite long period of time. The most important features related
to users’ activities have been extracted from the data set. Therefore, 410 features
have been extracted, 386 out of them are binary features related to applications.
Based on the extracted features several training and test sets have been formed.
Three approaches based on the Naive Bayes, Supervised Self-Organizing Maps
and Support Vector Machine methods have been implemented and compared.
The results obtained by the suggested solutions have been evaluated using an
evaluation file provided along with a data set as input to this research work.
The highest F1 score value of 0.74 for the predicted labels of the most significant
places has shown the approach based on the Support Vector Machine. Other
methods have shown less positive accuracy values. Thus, in terms of F1 meas-
ure, the approach based on Supervised Self-Organizing Maps has got 0.34, and
the solution based on the Naive Bayes method has got only 0.12.

The research can be developed further. Although a huge amount of fea-
tures have been extracted from the raw data, still more features can be obtained.
For example, instead of only aggregate avdelta parameter from the accelerome-
ter data, a full range of measurements related to all spatial dimensions and time
can be considered individually.

Also different combinations of methods can be tried including smart
method-wise voting in the postprocessing phase. It is worth trying to improve
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the instance-wise voting scheme used in the postprocessing phase of the current
research through smart instance-wise voting schemes, where different weights
could be assigned for classes.

Apart from applying classical data mining classification techniques con-
sidered in this Master’s thesis, the results, which can be obtained by analysis of
movement patterns, can be integrated in the proposed solutions. Such move-
ment patterns can be constructed based on GPS measurement or base station
identification numbers combined with visiting time stamps. The transition
models can be built on the basis of Bayesian networks. Such combinations can
significantly increase classification accuracy of the solutions.
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