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Abstract
Having context information about users gives the possibility to deliver significant benefits in mobile
learning. But in order to show user those benefits (e.g. personalization, recommendation, feedback
etc.), context information has to be processed either using some statistical analysis or data mining
methods.
The purpose of this thesis was to explore possible patterns that can be found by applying data mining
algorithms to the particular sets of data.
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Chapter 1

Introduction
“Everything is connected. Connection is power.”
“Watch Dogs” slogan

In the modern society mobile devices already became a “must have”
element for each and every individual. They help us to stay in touch with
each other, assist us in our job and everyday life. According to the
StatCounter Global Stats [12], the usage of mobile devices and technologies
increases with each year (see Figure 1) and, as one can see, desktop PCs
become less and less popular.

Current status

Figure 1. Mobile versus Desktop from Aug 2009 to Aug 2013
Since technologies progressed in such a way that it is possible to use
network communication almost in all places and given the “mobile”
characteristic of all devices, the emergence of “mobile learning” and
“ubiquitous learning” (in general terms, learning environment that can be
accessed in various contexts and situations) took place. These concepts are
crucial in creation of so called Personal Learning Environments (PLEs) (tools
and services that direct learning for individual learner as well as help him to

Emergence of mobile learning
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pursue educational goals) and providing learners with best possible
experience in their scenarios.
Context

Capturing contex

Recommendations to the user

Still, it is not always feasible to fully use the possibilities given. This is mainly
because the efficiency of how one uses mobile learning platform hardly
depends on each individual’s environment (e.g. location, time of the day),
his mental state and possibilities of devices that he or she uses. All of these
factors are called context information. According to Dey [13], the context is
“any information that can be used to characterize the situation of an entity.
An entity is a person, place, or object that is considered relevant to the
interaction between the user and the application, including the user and
the applications themselves.” (see also chapter 2). Having context
information available for each individual gives us the possibility to present
more personalized data to the learner. Applications, that use context
information about users, can provide context-dependent material and
make learning experience even much better through personalization and
recommendation (e.g. find similarity between users and give collaborativebased recommendations about learning materials).
One can capture context in different ways. The easiest way to do so is to
use sensors of mobile devices (e.g. GPS, gyroscope, bio sensors). The other
way can be to ask learner to input the data himself. This is can be
information, which cannot be implicitly captured by any sensor (e.g. mood,
motivation, level of knowledge etc.). Moreover, even information about the
device(s) itself is important, since there might be some hardware
restrictions for recommended activity (e.g. screen resolution, network type,
battery life) (see chapter 2 for more detail).
Overall, having all this data enable us to have an overview of a learner’s
environment and the idea is that learner can learn faster and more
effective, since all materials, services and activities are adapted to his
personality. One of the follow ups can be utilizing recommender systems
for more precise recommendations. For instance, a system can suggest
what are the best materials for exam preparation for particular subjects.
Another follow up, is to apply learning analytics to detect patterns and
monitor performance. For example, if a learner often uses instant
messaging applications, visits social networks or video hosts while learning,
this may indicate poor concentration on learning itself and thus bad
performance. Analogously, it is possible to track what increases
performance and concentration (e.g. special type of music, learning with
friends etc.) and recommend learner to incorporate those factors.
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In order to provide learners with personalized data, gathered context
information has to be processed and analyzed. Usually, this is done by a
specialized service that captures, persists, processes and present the data
to the learner or any other application for further processing. As already
mentioned, for presenting more personalized data, one can incorporate
recommender systems or learning analytics. In this thesis the emphasis will
be on learning analytics and, in particular, on data mining methods which
are the part of learning analytics tools.

Analytics

Data mining methods provide a powerful toolset for pattern discovering.
Unlike simple statistics and/or filtering, which actually produce interesting
and valuable results for the learner, data mining focuses more on
investigating the hidden knowledge. It is particularly useful when datasets
are very big and consist of different types of information. And this is true
for the case with context data.

Data Mining

1.1 Motivation
The Context capturing services store huge amount of various data. This data
can come from any possible resources that are relevant for the learning
environment of the learner. Moreover, this data may not even be
connected to the learning at first, but by using data mining methods it may
be possible to include those parameters as pivotal points in decision
procedure and gain either new or more precise knowledge. But, there also
may be the case that for the particular learner it is not possible to
determine any patterns or dependencies in his learning scenario. This
usually happens either because of the lack and/or inaccuracy of given data
or because there no patterns and/or dependencies at all. For this particular
research, both cases were present.

Data for analysis

The motivation behind this thesis is, by having a context capturing
framework available and datasets from different sources, apply data mining
methods and try to discover interesting or possible patterns that
characterize learners’ behavior. In addition, not all of the algorithms are
suitable for particular pattern discovery, so this has to be investigated as
well.

Motivation

Having this information available one can argue in which cases it is worth
using data mining instead of simple statistics and/or filtering in context of
activity data.

Data Mining vs Statistics
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Result of this work

The results of this work can be used in the future research on this topic
where additional information is available (e.g. more data sources or, in case
of e-Learning, some specific information about learners’ performance in
subjects during study). Additionally, some visualization techniques may be
applied in order to present the user his patterns and/or some statistics (see
chapter 3).

1.2 Objectives
Goals of the thesis

The goals of this thesis are:







Investigate possible patterns in given datasets
Check whether there are any differences in the performance of
algorithms on those datasets
Find which algorithms provide the best results for their task (e.g.
through user evaluation)
Give the rationale on why patterns can or cannot be found
Add recommendations for more patterns that can be found with
additional information
Provide an API with possible pattern discovery methods via a
webservice

The results of the work have to be reflected in an API, which represents
implementation of methods for pattern discovery and is provided via
webservice (detailed discussion about chosen technology will be covered in
chapter 4). In addition, documentation of the webservice and API has to be
done in order to enable the further development and adding new features
to it if needed.
For actual data mining application a third party library had been used,
which contain most of the clustering, classification and associative rule
mining methods.

1.3 Outline
Outlook

In chapter 2 of this thesis I will make an introduction to some theory about
data mining, context, patterns that were found in the given datasets and
rationale behind chosen third party library for data mining methods. In
addition, I will describe connected projects which served as a background
for this one and those that are using it for analysis of data. Chapter 3
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consists of related work and describes project that are connected to this by
means of data mining, context analysis and e-learning. In chapter 4 I will
describe in detail my implementation rationale, technologies that I choose
and faced troubles during development. Chapter 5 is all about user
evaluation (mainly the results of algorithms application), comparison of
algorithms and discussion about the results that they produce. With
chapter 6 I will conclude my work by a summary and future work. Here I will
also talk about why some parts of future work had not been implemented
and how one can actually do that. Lastly, chapter 7 will present bibliography
and materials that I used during my work on this topic.
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Chapter 2

Background
“It is not that I am so smart. It is just that I stay with
problems longer.”
Albert Einstein

In the following section, I will present in short some fundamentals
regarding context and data mining. We will also take a look at projects that
are connected to the current research question and will investigate possible
patterns that can be found in the given datasets.

2.1 Context

Context

Normally, one can consider context as information that characterizes the
situation of an entity [16]. Entity is considered to be anything that takes
part in a learning process, e.g., a device that learner uses (PC, mobile phone
etc.), user himself or anything else which is important for user-application
interaction [13,14] (more often context is considered to be a location
information). In Figure 2.1 one can see, that context can be divided into
three categories, which will be described further in this section.

Figure 2.1 Aspects of Context
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In order to describe these aspects, four categories are introduced:







Aspects of context

Identity – characterizes the entity with an explicit identifier, which
has to be unique in the name domain of the application.
Location – includes positioning data and orientation as well as
information about regional relations to other entities. This
comprises geographical data as well as spatial relations
Status – contains properties, which can be perceived by a user (e.g.
for a location this can be current temperature, the ambient
illumination or the noise level). For persons this refers to physical
factors like vital signs, tiredness or the current occupation
Time – both date and time.

Identity is the major factor in communication situations. Location is ranked
as the second most important context measure that users rely on. Location
is a complex piece of information because participants refer to it at several
levels of detail, such as in a specific building or office, or “in the bus”.
Although time seems to be a simple piece of context information, the
finding was that actual time did not matter very much to the users; relative
time, defined as the communicator's time limit before a new activity, on the
other hand, is important [17].
2.1.1

Extrinsic state

The extrinsic context deals with a user’s current environment. That contains
the user’s current position (location), the time of the day and the interval in
which the user learns (time), and the object the user currently deals with
and how this information can support his learning (analogue-digital). One
more example of extrinsic context can be relation to learners.
The location offers a lot of information that is useful to support the learning
progress. That is probably why it is often used synonymously with context
[18]. If an application knows where the user currently is, it could advise the
user to visit a library which is close to him and which offers books about the
topic the user is studying right now. It also can draw his attention to an
exhibition that could be interesting for him. Another possibility of locationawareness that is often mentioned is to show people from your learning
group when they are close to you, so that you can meet them and chat
about current topics so that you get a deeper understanding [18,19,20].
Moreover, the place determines the frequency of distraction. For example,

Parts of extrinsic state

Location
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the user is much more distracted at a train station than on a train. So this
information even helps to identify the concentration level of the user.
Time

Analogue-digital

Furthermore, time plays an important role. When the user has to change
locations it is often impossible to continue using the mobile platform
because the user has to focus on processing his environment. So the time
interval between changing locations is important as the information
presented to the user should not exceed the time limits because then the
user is not able to use the information efficiently anymore [21]. For
collecting information about the user it is also of interest at which time of
the day the user learns usually, how long the interval is in which the
application is used, and what is next on his timetable [21]. The latter aspect
could enable automatic reminders for weekly appointments like meetings
with learning groups, for example. Knowledge about individual pace and
user habits can be used to improve personal learning.
The last mentioned aspect here to capture user’s extrinsic state is called
analog-digital. It deals with the possibility of combining digital information
and analog/real world objects. That means the application provides the
user multimedia data about an object he sees in reality. The application on
the device has to detect the object, which can be anything such as a
building or a painting, and download related data from a server [22]. For
example, Bob is visiting London for the first time. Every time he sees an
interesting building like the Westminster Abbey or Big Ben, he focuses with
the camera of his mobile device on the building and gets information about
what the building looked like and what purpose it had. In a museum he gets
informed about the exhibits when focusing on them with his mobile device.
Thereby the data can be text, audio or video. The advantage of analogdigital is that it delivers very important context information since the user
is highly motivated in that situation and the probability that he really learns
is higher. At the moment, the connection between analog and digital
objects is mostly realized in the area of augmented reality.
2.1.2

Intrinsic state

Intrinsic state

The user’s intrinsic state deals with the inside of the user. It includes the
user’s knowledge level, his concentration level, and also his motivation
level.

Learning Technologies Research Group
RWTH Aachen University

9

Learners have different knowledge levels. It depends on their concentration
when getting in touch with a topic, their previous knowledge, their
knowledge about related topics, and their given skills. In the development
stage of a learning application it is important to adjust the system to these
differences. The less the user knows about a given topic the more basics
have to be provided to the user to let him understand the information step
by step. Having more knowledge about a subject leads to providing more
deep and more precise details about the subject for the user. The system
must interrogate the user’s knowledge to provide him with suitable
learning material and to be able to decide what the user should learn next.
In [21] an approach is introduced which shows alternatives to take the
knowledge level into account. When a user joins the system for the first
time, he is asked general questions to measure his knowledge. Depending
on the evaluation, the system offers the user personal learning materials.
Every time a user finishes a topic he has to participate in a small test where
he has to answer several topic-specific questions. Depending on the results,
he has to repeat the topic or is unlocked for the next level. Following this
idea and adding the knowledge level to the context supports learning since
learners get suitable materials so that they learn without being discouraged
because questions are too difficult.

Knowledge levels

Another aspect in this category is the concentration level. It has a great
impact on the success of learning. If the concentration is low, the user will
hardly learn and needs a lot of repetitions. If the system knew about the
user’s current concentration level, it could react, for example, by providing
material via different channels to obtain the user’s attention. But
measuring the concentration is very difficult because it is hard to capture
and it changes during the usage of the system. Just asking the user, if his
concentration level is low, medium or high [21] does not add further
information to the context because the user could simply lie, he might not
be aware of his real level, or the level changes during learning. So other
techniques are required. One could use other state information like the
location or the time to measure the concentration. For example, if you are
standing at the main train station with a crowd of people around you, you
will probably not have a high level of concentration since there are many
distractions. So the location contributes to the concentration, but also the
time of day, which could be a sign for your tiredness, and the time available
for learning. In [23] they suggest to use sensors to capture eye gaze shifts
and algorithms to evaluate and interpret the findings. But it is also added
that it is difficult to accomplish the right interpretation so far.

Concentration level
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Motivation level

It is even more difficult to measure the current motivation level of a user.
Although it is an important piece of context information the motivation
level is rarely part of the context of approaches at the present time. The
main reason is that it is hard to capture. There are methods of detecting
facial expressions with algorithms [23] but interpreting them does not work
sufficiently yet. One possibility of understanding low motivation could be to
use the information the system gains out of knowledge testing. If the user
cannot answer the questions at the end of a topic correctly, he was
probably not motivated. In this case the system should be able to provide
information about this topic in other ways like using audio sources, videos,
or learning games to motivate the learner and thus gaining his attention.
2.1.3

Technologies

This category contains the hardware and technological properties of mobile
devices, such as: bandwidth, communication, display size, memory, sensors,
peripherals, battery, operating system etc [14].
Hardware

Bandwidth is a very limited resource. Depending on the given bandwidth,
the type of data which should be sent for requested information must be
adapted to, otherwise the user is not able to process the information
adequately because of traffic problems. In addition, the communication
technology used gives hints about the mobility and the quality of the
connection. Its quality changes depending on the current provider and
available signal strength on a location. Another point is the display size
which limits the spatial allocation and size of GUI elements of the provided
content. The application developer must think of a design that enables
easy, intuitive, and fast navigation independent of the screen size. Memory
is another limitation which affects how much data can be cached or stored
on a mobile device. Applications should not claim too much memory
because this will deter learners from using it. Another very important
aspect is the availability of sensors. The more information can be retrieved
from a mobile device, the better is the estimation of user’s context (e.g.
gyroscope enables the check of whether display changes from portrait to
landscape, accelerometer can be used to see whether user moves or not
etc.). Peripherals give information about the type of input and output
peripherals. For example, the usage of a touchscreen differs enormously to
the usage of a keyboard, because of the possible range of interaction
techniques, like gesture recognition and so on. The available battery power
which determines the type of provided data content of information is also
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important. Applications that use much of this resource will not willingly be
used by learners since their mobile device is not just their learning medium
but also cell phone and PDA. Another issue is having different operating
systems for which applications have to be developed.

2.2 Related and Prerequisite Projects
This section presents projects that are necessary in order to understand the
idea and rationale behind the current research. They also give some
prerequisite knowledge as well as possible future usage of the results of
this work.
2.2.1

A Framework for Context Capturing in Mobile Learning
Environments

This project was made by RWTH Aachen University Master student Esra
Yalcin. The idea of it was to develop a framework that integrates different
context information into one uniform model for mobile learning
environments [14]. Figure 2.2 illustrates the process.

Context service and framework

Figure 2.2 Process of Realizing Context Awareness [24]
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The framework collects information about a particular user from different
sources. The sources can be different applications running on the mobile
device which monitors the user. The information comes either from
device’s sensors or reflects the user’s activities (two outer rings in Figure
2.2). The data is processed, collected and form a context model. Since the
model has a predefined structure, it can be used by other applications.
Depending on an application’s transformation functions they can interpret
the values of the model and react to the user by personalization,
recommendation, adaptation and collecting analytics [14].
Hence, the current research project is using given framework which runs as
a web service and requests a context model for particular user. It extracts
necessary data for particular mining algorithms and presents the result
which can be visualized further.
2.2.2

Activity collector

Context

in

Mobile

Learning

The project was made by RWTH Aachen University Master student Torsten
Kammer. He has showed that collecting activity data on Android is
effectively possible. This was proved by developing a program that collects
activity context data on Android phones through a variety of
complimentary means. Additionall, this thesis makes use of the work by
Rene Wagner [50]. The data structure presented there reflects users’
learning session data, mentioned above.Overall, the data is correctly
transmitted to the framework and stored there [15]. For the way the data
can be retrieved, please see chapter 4.
2.2.3

Visualizer

Capturing Activity
Environments

Interactive Visualizations of Activity Patterns in Learning
Environments

This project is currently under development by a RWTH Aachen University
Master student Thomas Honne. The main goal of it is to come up with
visualization of the results of current research (e.g. the results of mining
algorithms). However, it also does statistical analysis of the context model
data and presents user with visualizations of his activities (see Figure 2.3
and Figure 2.4). This project also shows how one can connect to the
developed web service that presents an API for external usage and use the
results of algorithms.
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Figure 2.3 Time consuming activities

Figure 2.4 Productivity
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2.3 Context Model and Patterns
In this section I will describe how context model looks, what are the
attributes in it and what kind of patterns for the user can be found.
2.3.1

Examples of model

Context Model

There are several examples of how the context model may look. In the
current version of the service, one can retrieve up to 3 possible variations
(e.g. examples) of what that model represents (see Listings 2.3.1, 2.3.2 and
2.3.3):
"APIVersion":2,
"result":1,
"total_events":154,
"returned_events":7,
"events":[
{
"id":"430",
"app":"de.thues.bigbrother",
"source":"MOBILE",
"action":"START",
"type":"POSITION",
"category":"ENVIRONMENT",
"timestamp":"1367494024",
"entities":[
{
"key":"lat",
"value":"50.7777497"
},
{
"key":"lng",
"value":"6.0612095"
}
]
}
Listing 2.3.1 Location information
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"events":[
{
"id":"12502",
"app":"de.thues.bigbrother",
"source":"MOBILE",
"action":"END",
"type":"APPSTART",
"category":"ACTIVITY",
"timestamp":"1370602739",
"session":"5o5irl4x2a",
"entities":[
{
"key":"app",
"value":"Hangouts"
},
{
"key":"package",
"value":"com.google.android.talk"
}
]
},
{
"id":"12420",
"app":"de.thues.bigbrother",
"source":"MOBILE",
"action":"END",
"type":"APPSTART",
"category":"ACTIVITY",
"timestamp":"1370587684",
"entities":[
{
"key":"app",
"value":"Gmail"
},
{
"key":"package",
"value":"com.google.android.gm"
}
]}]
Listing 2.3.2 Applications usage data (both application and package names)
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{
"timestamp":1370522000,
"type":"APPSTART",
"category":"LEARNINGACTIVITY",
"action":"START",
"entities":{
"key:RATING":"value:1",
"key:MOOD_AT_START":"value:1",
"key:TIME_PRESSURE":"value:false",
"key:LONGITUDE":"value:0.0",
"key:TITLE":"value:Test1",
"key:LEARN_GROUP":"value:1",
"key:LECTURE":"value:Aufbaukurs L²P: Kontinuierliches Lernen fördern
mit eTests (CDS)",
"key:LATITUDE":"value:0.0",
"key:LOCATION":"value:library",
"key:TIME_STAMP_END":"value:1370525912000",
"key:MATERIALS":"value:Skript",
"key:LECTURE_ID":"value:13ss-44008",
"key:GOAL_ACHIEVED":"value:false",
"key:GOAL":"value:Finish a)"
}
}
Listing 2.3.3 Learning session data
JSON structure

As one can see, this is a typical JSON representation format, which was
chosen in the projects mentioned above. The elements that actually contain
relevant information for analysis are 2 arrays – events and entities. Let us
take a look at their attributes more closely [31]:











id – auto-incremented value for identification
app – name of the application, which sent the data
source – determine where the event happened (MOBILE or
STATIONARY)
action – represents usage of a certain application (START or END) or
changing of position (UPDATE)
type – topic for context information (e.g. POSITION, APPSTART)
category - a group of different kind of context information
timestamp – time, when event was triggered
session – random string; used to identify events that belong
together.
entities - contain key-value pairs which can be used to describe the
event (what happened).
key – the name of the variable
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value – the value of the variable

Overall, it is possible to determine what this model presents about
particular the user:
a) Location information
b) Used applications
c) Learning sessions
Having this information available, one can think of what is possible to
achieve by applying data mining techniques to it. This is the topic of the
next subchapter.
2.3.2

Possible Patterns

In the previous chapter I showed what kind of information about the user is
available. Here, I will describe what kind of pattern or data can be extracted
from that data:
Location Information
The application developed in the related project checks every minute
whether user has moved more than on 15 meters from previous position. If
so, it triggers the event with a dataset mentioned above that contains
user’s new location. So now, having all these position data, it is possible by
applying data mining (in particular, clustering) create clusters which will
show the user his most visited places (e.g. home, work etc.).

Clusters of location

Used Applications
Every time user starts an application, it triggers an event which is saved in
the database. It means that all history of applications usage can be analyzed
and some patterns may be found. This is an ideal situation for the
associative rule mining. By applying this technique here, one can find
groups of applications that user uses together. In addition, knowing user’s
location from clustering method, it is possible to group and filter all the
applications that user uses at certain positions.

Applications used in groups

Learning Sessions
With the help of classification technique, one can add a class to each of the
instances. This will give an opportunity to learn something new from user’s
data (e.g. depending which class was added). But in order to do so,

Effectiveness of learning
sessions
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classification model has to be created as well. Additionally, if one applies
association rule mining to the learning session dataset, it is possible to
show user dependencies between the values of attributes he or she
submits.
In the following chapter the data mining methods will be presented in
detail.

2.4 Data Mining Methods
In this section I will describe methods of data mining that were used for
analysis of context activity data. I will provide a rationale why these
methods were chosen as well as why others were not (the choice of the
algorithms also partially depended on the usage of 3rd party data mining
library, which in this case was WEKA [29] (see chapter 4)) .
2.4.1

Data Mining Introduction

Fundamentals

Data mining involves methods from such areas as artificial intelligence,
machine learning, statistics, and database systems. The overall goal is to
extract interesting (e.g. non-trivial, implicit, previously unknown and useful)
information or patterns from data in large databases. The input data consist
of instances and attributes. An instance is an individual example of the
things that have to be classified, clustered, etc. Each instance is
characterized by a predefined set of attributes. An attribute can be
understood as a distinct feature of the instance. The complete dataset
represents a matrix where each row corresponds to an instance and each
column — to an attribute [30]. The output of data mining represents a set
of observed structural patterns in the input data. Depending on the learning
scheme, the generated knowledge can have several forms (e.g. models,
decision trees, association rules etc.).
In the next subchapters, the used approaches will be described in detail.
2.4.2

Clustering description

Clustering

Clustering is the task of grouping a set of objects in such a way that objects
in the same group (called cluster) are more similar (in some sense or
another) to each other than to those in other groups (clusters)[25]. It also
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can be called as unsupervised “classification”, which means that there are
no predefined classes and the main task of this technique is to determine
these classes (in the context of clustering – clusters; see Figure 2.5 [25]).

Figure 2.5 The result of a cluster analysis
shown as the coloring of the squares into
three clusters [25].
There are different clustering approaches that form several groups of
methods for cluster analysis:




Partitioning algorithms: obtain a single partition of the data instead
of a clustering structure. The partition techniques usually produce
clusters by optimizing a criterion function defined either locally (on
a subset of the patterns) or globally (defined over all of the
patterns) (e.g. find k partitions, minimizing some objective
function). The drawback of this approach is the choice of the
number of desired output clusters. Therefore, the algorithm is
typically run multiple times with different configurations and the
best one is used as output clustering [26]. Examples of methods in
this groups are squared error clustering, k-Means clustering (and its
variants) etc.
Probabilistic Model-Based Clusters: statistical approach for finding
maximum likelihood estimates of parameters in probabilistic
models. The most popular algorithm here is so called Expectation
Maximization (EM) algorithm. Its idea is to define clusters as
probability distributions (e.g. each object has a certain probability
belonging to each cluster). The algorithm iteratively improves the
parameters of each distribution (e.g. center, “width” and “height”
of a Gaussian distribution) until the time, when some quality
threshold is reached. The drawback here is that results are sensitive
to initialization and usually this technique has slower convergence
that, for example, partitioning algorithms.

Partitioning algorithms

Probabilistic Model-Based
Clusterers
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Density Based methods



Hierarchical methods



Density Based Methods: clusters are dense regions in the data
space, separated by regions of lower object density. The most
popular algorithm in this category is DBSCAN. In contrast to many
newer methods, it features a well-defined cluster model called
"density-reachability". It is based on connecting points within
certain distance thresholds. Here, a cluster consists of all densityconnected objects (which can form a cluster of an arbitrary shape,
in contrast to many other methods) plus all objects that are within
these objects' range [25]. The complexity of this algorithm is fairly
low: linear number of range queries in the database and O(n2) time
for actual algorithm.
Hierarchical Methods: these methods yield a dendrogram
representing the nested grouping of patterns and similarity levels at
which grouping change. A dendrogram corresponding to the seven
points in Figure 2.6 is shown in Figure 2.7. It can be broken at
different levels to yield different clusterings of the data [26].

Figure 2.6 Three clusters with points.

Figure 2.7 The dendrogram obtained using single-link algorithm
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There are three most popular algorithms in this category (singlelink, complete-link and average-link algorithms) as well as a
modification of a DBSCAN called OPTICS. The –link algorithms differ
by the distance function (here X and Y are clusters):
 Single-link – dist_sl(X,Y)=min dist(x,y)
 Complete-link – dist_cl(X,Y)=max dist(x,y)
 Average-link – dist_al(X,Y)=∑dist(x,y)/(|X|*|Y|)





As for OPTICS, it addresses the DBSCAN major weakness which is
the problem of detecting meaningful clusters in data of varying
density [25].To do so, the points are ordered in such a way that
points which are spatially closest become neighbors in ordering.
Additionally, a special distance is stored for each point that
represents the density that needs to be accepted for a cluster in
order to have both points belong to the same cluster [25] .The
drawbacks of hierarchical methods – the user has to choose the
final clustering and also these algorithms may not always scale well.
Subspace Clustering: a technique which is used in clustering of highdimensional data. The task of subspace clustering is to detect all
clusters in all subspaces. This means that a point might be a
member of multiple clusters, each existing in a different subspace
[25]. Since in the current research I am not dealing with highdimensional data structures, the details of this technique will be
omitted.
Other methods: Grid-Based, Neural Networks (SOM’s), Graphtheoretical methods etc.

Subspace clustering

Now, I will concentrate more on algorithms that were chosen for the
analysis.
X-Means
Although K-means [33] has been very popular in clustering task because of
its simplicity and local-minimum convergence properties, it suffers from 3
main drawbacks [32]:

Problems of K-means

1. Scales poorly with respect to the time it takes to complete each
iteration.
2. The number of clusters K has to be supplied by the user
3. When runs with a fixed value of K it empirically finds worse local
optima than when it dynamically alter K.
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X-means solutions

To deal with these issues, the X-means algorithm was proposed [32]. It
improves speed by embedding the dataset in a multiresolution kd-tree and
stores sufficient statistics as its nodes. An additional geometric
computation, blacklisting, maintains a list of just those centroids that need
to be considered for a given region (and it also scales very well). It is a
building block in X-means - an algorithm that quickly estimates K. It goes
into action after each run of K-means, making local decisions about which
subset of the current centroids should be split themselves in order to better
fit the data. The splitting decision is done by computing the Bayesian
Information Criteria (BIC). Overall, blacklisting naturally extends to ensure
that obtaining the BIC values for all current centers and their offspring costs
no more than a single K-means iteration [32].
The algorithm consists of two operations [32]:



Advantages

Improve-Params: running K-means till convergence
Improve-Structure: operation finds out if and where new centroids
should appear. This is done by letting some centroids split in two.

The algorithm was proved to produce better clustering on both synthetic
and real life data, with respect to BIC. It also runs much faster, even when
the baseline is accelerated blacklisting K-means. And moreover, since user
do not have to give the number of clusters, this algorithm is a perfect
choice to use in the current research, since user does not know how many
clusters he will get.
Figure 2.8 and 2.9 show the examples of running both algorithms on the
same dataset.

Figure 2.8 Result of running K-means with 3 centroids [32]
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Figure 2.9 Successful run of X-means [32]
DBSCAN
This is another algorithm that was used in the implementation. Unlike the
previous algorithm, which was used as a function call from 3rd party library
(see chapter 4), DBSCAN was implemented fully because of the issue in its
implementation. The idea of it is that it locates the regions with sufficient
density based on two parameters:



Introduction

The radius of the neighborhood of the point.
The minimum number of neighbors that suffices in building the
cluster.

The algorithm starts with an arbitrary point and checks if it has the
minimum number of neighbours in the defined radius. In case it is, the item
is added to the present cluster; otherwise, it is considered noise [34]. The
process is repeated for all neighbours of this point, till there is no unvisited
point in the cluster. The algorithm proceeds with all other not clustered
items, till all clusters are found. A cluster satisfies two properties:
 All points within the cluster are mutually density-connected.
 If a point is density-connected to any point of the cluster, it is part
of the cluster as well.
The main disadvantage of DBSCAN is that its performance can suffer
depending on chosen input parameters [34].

Execution algorithm

The pseudocode of the algorithm is presented on Listing 2.4.1 below:
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DBSCAN(D, eps, MinPts)
C=0
for each unvisited point P in dataset D
mark P as visited
NeighborPts = regionQuery(P, eps)
if sizeof(NeighborPts) < MinPts
mark P as NOISE
else
C = next cluster
expandCluster(P, NeighborPts, C, eps, MinPts)
expandCluster(P, NeighborPts, C, eps, MinPts)
add P to cluster C
for each point P' in NeighborPts
if P' is not visited
mark P' as visited
NeighborPts' = regionQuery(P', eps)
if sizeof(NeighborPts') >= MinPts
NeighborPts = NeighborPts joined with NeighborPts'
if P' is not yet member of any cluster
add P' to cluster C
regionQuery(P, eps)
return all points within P's eps-neighborhood (including P)

Listing 2.4.1 DBSCAN pseudocode
Rationale behind

This algorithm is a great choice since it does not need to know how many
clusters to search, it is easy in implementation, fast and can produce
clusters of arbitrary shape. In the chapter 4 I will describe how it was
implemented in context of this work.

Expectation-Maximization (EM)
Main idea

The Expectation Maximization (EM) is a model-based clustering that utilizes
a finite Gaussian mixture model to compute the probability of certain
cluster membership. Each item can belong to several clusters with a
particular probability. Each cluster is represented by a probability
distribution The EM procedure begins with an initial estimate of the
parameter vector and iteratively rescores the patterns against the mixture
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density produced by the parameter vector. The rescored patterns are then
used to update the parameter estimates [26]. In a clustering context, the
scores of the patterns (which essentially measure their likelihood of being
drawn from particular components of the mixture) can be viewed as hints
at the class of the pattern. Those patterns, placed (by their scores) in a
particular component, would therefore be viewed as belonging to the same
cluster [26]. The illustration of the algorithm is shown on the Figure 2. 10
[35].

Figure 2.10 Illustration of EM algorithm [35]
The advantage of this algorithm is that it gives extremely useful results on
the real data and does not require explicitly specified number of clusters,
although it is highly complex in nature.

2.4.3

Advantages

Classification

This technique belongs to a supervised data mining category that learns
from a set of labeled instances how to predict classes for unseen instances.
The classification process is correspondingly divided into two phases:
training, when a classification model is built from the training set, and

Introduction
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testing, when the model is evaluated on the test set. In the training phase
the algorithm has access to the values of both predictor attributes and the
goal attribute for all examples of the training set, and it uses that
information to build a classification model [41]. This model represents
classification knowledge – essentially, a relationship between predictor
attribute values and classes – that allows the prediction of the class of an
example given its predictor attribute values. For testing, the test set the
class values of the examples is not shown. In the testing phase, only after a
prediction is made is the algorithm allowed to see the actual class of the
just-classified example. One of the major goals of a classification algorithm
is to maximize the predictive accuracy obtained by the classification model
when classifying examples in the test set unseen during training [41]. The
knowledge discovered by a classification algorithm can be expressed in
many different ways like rules, decision trees, models etc. Rest of this
subchapter will present algorithms which were used during the
implementation phase.
J48
J48 description

J48 is an open source Java implementation of the C4.5 algorithm in the
Weka tool. The algorithm uses a greedy technique to induce decision trees
for classification and uses reduced-error pruning. A decision tree is a
predictive model that decides the target value of a new sample based on
various attribute values of the available data. The internal nodes of a
decision tree denote the different attributes, the branches between the
nodes are the possible values that these attributes can have in the
observed samples, while the terminal nodes are the final value
(classification) of the dependent variable [42]. Whenever the algorithm gets
a training set, it identifies the attribute that discriminates the various
instances most clearly (e.g. what is able to tell us most about data
instances). If there is any value for which there is no ambiguity, then the
algotithm terminates that branch and assigns to it the target value that it
had obtained. It continues in this manner until it reaches a clear decision
tree or until there any attributes [42].
Random Tree

Random tree
description

The Idea of random trees is to randomize attribute selection. This means
that classifier will no longer look for globally optimal split. Instead, it will
randomly use a subset of K attributes on which to base split. Choosing of
the best splitting attribute will be done by maximizing the information gain
(e.g. reducing entropy).
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Randomized splitting gives several advantages:




Faster training (O(KN2logN) with K<<D instead of DN2logN)
Using very simple binary feature sets
Typical choice: (K=10 for root node, K=100d, for node at level d)

NaiveBayes
The Naïve Bayes classifier is based on the Bayes rule of conditional
probability. It makes use of all the attributes contained in the data, and
analyses them individually as though they are equally important and
independent of each other [42].

NaiveBayes description

AdaBoost
AdaBoost [43] is one of the most powerful and influential Boosting
algorithms. The general idea of boosting is to combine multiple classifiers
(not necessary the same types of classifiers) with the goal to improve
classification accuracy. The scheme of boosting is described below (in case
of 3-component classifier):

AdaBoost description

1. Sample N1<N training examples from training set D to get set D1.
Train weak classifier C1 on D1.
2. Sample N2<N training examples half of which were misclassified by
C1 to get set D2. Train weak classifier C1 on D1. Train weak classifier
C2 on D2.
3. Chosse all data in D on which C1 and C2. Train weak classifier C3 on
D3.
4. Get the final classifier output by majority voting of C1, C2 and C3.
Now, the main idea of AdaBoost is instead of resampling, reweight
misclassified training examples. This will increase the chance of being
selected in a sampled training set. So now, the algorithm will look the
following:
1. Train a new weak classifier using the current weighting coefficients
by minimizing the weighted error function.
2. Estimate the weighted error of this classifier on the training set.
3. Calculate the weighting coefficients for the classifier.
4. Update the weighting coefficients
Nearest Neighbour
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kNN description

A Nearest Neighbor Classifier assumes all instances correspond to points in
the n-dimensional space. During learning, all instances are remembered.
When a new point is classified, the knearest points to the new point are
found and are used with a weight for determining the class value of the
new point. For the sake of increasing accuracy, greater weights are given to
closer points [41].
2.4.4

Theory
Background

Associative Rules

The associative rule mining deals with finding frequent patterns,
associations, correlations or causal structures among sets of items or
objects in transaction databases, relational databases, and other
information repositories. According to the definition presented by Agrawal
in [27] the problem of association rule mining is defined as: Let I={i1,i2,…,in}
be a set of n binary attributes called items. Let D={t1,t2,…,tn} be a set of
transactions called the database. Each transaction in D has a unique
transaction ID and contains a subset of the items in I. A rule is defined as an
implication of the form X=>Y, where X and Y belong to I and both contain
different items. The sets of items X and Y are called antecedent (for the lefthand side) and consequent (for the right-hand side) of the rule respectively.
In order to select the most interesting rules from the set of found ones,
such constraints as support and confidence are used. Overall, the basic
terminology can be formulated in the following way:
1. Tuples are transactions, attribute-value pairs are items.
2. Association rule: {A,B,C,D,...} => {E,F,G,...}, where A,B,C,D,E,F,G,...
are items.
3. Confidence (accuracy) of A => B : P(B|A) = (# of transactions
containing both A and B) / (# of transactions containing A).
4. Support (coverage) of A => B : P(A,B) = (# of transactions containing
both A and B) / (total # of transactions).
Hence, one has to look for rules that exceed pre-defined support (minimum
support) and have high confidence [28]. Figure 2.8 shows the example
database with market based items and transactions.
transacrion
1
2
3

Milk
1
0
0

Bread
1
0
0

Butter
0
1
0

Beer
0
0
1
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4
1
1
5
0
1
Figure 2.11 Example database

1
0

0
0

An example rule for this case will be {butter,bread}=>{milk},meaning that if
butter and bread are bought, customers also buy milk [27]. The rest of this
subchapter will contain information about the algorithms used in the
analysis.
Apriori
This is one of the most popular algorithms for finding association rules.
Apriori uses a "bottom up" approach, where frequent subsets are extended
one item at a time (a step known as candidate generation), and groups of
candidates are tested against the data. It uses breadth-first search and a
Hash tree structure to count candidate item sets efficiently [38]. The idea of
the algorithm is presented below:

Apriori Main idea

Pass 1
1. Generate the candidate itemsets in C1
2. Save the frequent itemsets in L1
Pass k
1. Generate the candidate itemsets in Ck from the frequent
itemsets in Lk-1
1.
Join Lk-1 p with Lk-1q, as follows:
insert into Ck
select p.item1, p.item2, . . . , p.itemk-1, q.itemk-1
from Lk-1 p, Lk-1q
where p.item1 = q.item1, . . . p.itemk-2 = q.itemk-2, p.itemk-1 <
q.itemk-1
2.
Generate all (k-1)-subsets from the candidate itemsets in Ck
3.
Prune all candidate itemsets from Ck where some (k-1)subset of the candidate itemset is not in the frequent itemset
Lk-1
2. Scan the transaction database to determine the support for each
candidate itemset in Ck
3. Save the frequent itemsets in Lk

Listing 2.4.2 Apriori pseudocode
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One can define two major computation steps [39]:
1. All itemsets x with support of more than the fixed threshold
“minsup” are found
2. All itemsets are split into left and right hand side x and y and the
confidence of the rule {x=>y} is computed as support(x U
y)/support(x)
The main property of algorithm is so-called property of anti-monotonicity
(see Figure 2.11), which says the following:



Any nonempty subset of a frequent itemset is frequent too
Any superset of a non-frequent itemset is non-frequent too

Figure 2.12 Antimonotonicity property of Apriori [37]
The algorithm proved to be very efficient in association rule mining,
although, it has 2 performance disadvantages: huge candidate sets (e.g. to
discover a frequent pattern of size 100, one needs to generate 1030
candidates) and multiple scans of database.
Predictive Apriori
Main idea

This algorithm was proposed in order to deal with the problem of trading
confidence of an association rule against support in Apriori algorithm.
Predictive Apriori differs from Apriori in the way that it does not have fixed
confidence and support thresholds. Instead, it tries to find the n best rules
[39]. In the first step the algorithm estimates the prior p(c). Then
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generation of frequent itemsets, pruning the hypothesis space by
dynamically adjusting the minsup threshold, generating association rules
and removing redundant association rules interleave.
FP-Growth
In opposite to Apriori, this algorithm finds frequent patterns without
candidate generation. The algorithm has two step approach [40]:



Main idea

Build a compact data structure called the FP-tree (built is done
using 2 passes over the data set)
Extract frequent itemsets directly from the FP-tree (traverse
through the tree)

Advantages of this algorithm are only two passes over the data set, no
candidate generation and improved speed in comparison to Apriori. But
disadvantages also have to be taken into account, since FP-tree may not fit
in memory and is very expensive to build [40].
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Chapter 3

Related Work
“Success is a lousy teacher. It seduces smart people
into thinking they cannot lose.”
Bill Gates

In this chapter some approaches will be presented that deal with applying
data mining techniques to different types of data (both general and eLearning). Their central idea and properties will be discussed.
MIS Project

Data mining in
e-Learning

The MIS project described by Iko Pramudiono and co.[1] was an
experimental location-aware search engine from NTT laboratories. It
collected spatial information about users and provided a portal to access it.
Having the access log of the website enabled researchers to perform
associative rule mining and sequence pattern mining against them in order
to detect the behavior of mobile users regarding the spatial information on
the web. For example, gathered statistic showed the dependency between
the location (or time) and place which users searched for (e.g. 16:00, Friday,
restaurant). Clustering was performed too, but only by addresses, which
was denoted as a drawback and therefore as one on the future work
latitude-longitude clustering is recommended (as you will see, this
approach was applied in this research as well).
In [2] the research question was how to apply data mining methods to eLearning evaluation system. The idea behind this was using some data
mining techniques (in this case – classification with decision tree), create
accurate model that will evaluate students’ learning behavior. In this
particular research, developers had access to such information as average
score of assignments and tests, number of asked questions and answered
questions, number of sent and replied posts etc. This information was used
to build a decision tree model using J4.8 algorithm which had accuracy level
of 87%. That means that model accounts for the relationship between
learning behavior and effect and can be used to evaluate students. In this
thesis, I enhanced this idea by creating model not only with decision trees,
but also using other classification techniques (more details in chapter 3 and
chapter 4), and using it to predict the effectiveness of the user during the
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studying session. I also give recommendations how one can further use this
approach having more data.
The EDM project at CHAI, University of Sydney [3], is aimed to “identify,
adapt or create new data mining methods that are suited for turning
learners' performance data into information of relevance to teachers,
instructional designers, and learning researchers”. This is one of the
“classic” educational data mining projects, that tries to handle large
quantities of data collected from the students’ interactions, behavior and
learning sessions. In addition, the goal is not only to find the dependencies,
but to visualize them as well, which is why it is closely connected to TadaEd
project at the same university, which focuses more on visualizing.

EDM project

Feng-Jung Liu and co. from Tajen University applied data mining technology
on e-Learning material recommendation [9]. They proposed an integrated
learning activity-based recommendation system. This was done in order to
solve the following problems that e-Learning systems may experience:
difficulty of learning resource sharing, high redundancy of learning material
and deficiency of the course brief. The solution is an automatic inquiring
system for learning materials which utilize the data sharing and fast
searching properties of LDAP (see Figure 3.1).

e-Learning material
recommendation

Figure 3.1 System architecture for material recommendation
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The system emphasizes friendly search interfaces and also gets associative
rules from log data of learning activities. Additionally, collaborative filtering
is performed in order to improve the reliability of searching results.
LON-CAPA

Another project in this context is The Learning Online Network with
Computer-Assisted Personalized Approach (LON-CAPA) [4]. The project
started in 1992 at Michigan State University and is a e-learning platform
(also known as a Course Managements System (CMS) or Learning
Management System (LMS)). The system features such data mining
techniques as decision trees, k-NN, association rules, genetic algorithms
and K-means. It focuses on assessment and feedback to a learning actor as
well as clustering of students’ performance .The main difference to other
CMS platforms is in that most of the web servers, which are located in
various parts of the world, can communicate with each other. This enables
participating universities and schools to create learning resources (e.g. web
pages, discussion problems, etc.) and share them across the whole network
[5].

Clustering uncertain
location data

The work of Michael Chau and co. about clustering uncertain location data
[6] shows how different results can be if one applies classic clustering
algorithm (in this case - K-means) to moving objects with location
uncertainty. If doing so, many objects could possibly be put into wrong
clusters. Moreover, every member of a cluster would change the cluster
centroids, which means that more errors will occur (see Figure 3.2).

Figure 3.2 (a) The real-world data are partitioned into three clusters (a, b,
c). (b) The recorded locations of some objects (shaded) are not the same as
their true location, thus creating clusters a’, b’, c’ and c’’. (c) When line
uncertainty is considered, clusters a’, b’ and c are produced. The clustering
result is closer to that of (a) than (b) is [6].
The solution presented, is to incorporate uncertainty information (e.g. like
probability density function) of uncertain data into existing data mining
methods. The research was done using K-means clustering algorithm. The
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results of it show, that mining results can resemble closer to the results
obtained as if actual data were used in the process.
Another interesting work was done by Mikołaj Morzy [7], in which he
researched location prediction of moving objects by mining their frequent
trajectories. The idea behind that was to find possible (future) locations of
the objects knowing only a part of its movement history. For each possible
location the computation of the probability of prediction correctness based
on the support and confidence of discovered movement rules was done.
The method proved itself to be fast and reliable. Frequent trajectories and
movement rules are discovered periodically in an offline manner. The
scoring process is performed online. The experiments show that the scoring
process can be performed within milliseconds. The presented method is
independent of the movement area topology and scales well with the
number of moving objects. However, the idea of using movement rules for
location prediction was first presented in [8] and work [7] continues and
extends previous initial findings. Generally, approach uses Traj-PrefixSpan
algorithm for mining frequent trajectories and a modification of the FP-Tree
method for fast lookup of trajectories. Following approach can be applied
to develop a mobile application, which, knowing users’ history of
movement, can predict where he or she is going in particular moment of
time and show him possible options on the map. Unfortunately, in this
thesis it is not possible, since I deal only with static representation of the
mining results. However, this can be done in future.

Prediction of moving
objects

Since in this thesis I use association rule mining and the results of the Recommendation
research may be used in the future for recommender systems, it is worth technique
mentioning the collaborative recommendation technique presented in [10].
The technique is based on a specialized algorithm for mining association
rules of classification type and provides good approach for
recommendation based on association rules. A significant feature of it is
that it does not require that the minimum support of the rules to be mined
be specified in advance. Overall, algorithm automatically adjusts the
minimum support during mining, which means that the number of found
rules is decent and time for execution significantly decreases.
Work presented in [11] proposes a context-aware data mining framework,
where context will be represented in ontology. It will be automatically
captured during data mining process. Generally, the approach is divided
into 2 parts: “the actual representation of the context factor for a domain in
corresponding ontology and a generic framework which can query this

Ontology-based contextaware framework
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ontology and invoke the mining processes and coordinate them according
to ontology design” (see Figure 3.3). However, presented framework is not
focusing on how data is being collected. Rather, it tries to show how the
data can be utilized to obtain relevant and correct results.

Figure 3.3. Architecture of Context-Aware Data Mining Framework
Although, in this work, ontology has no application, since the used
framework does not utilize it, the research [11] shows completely different
approach by combining ontology and data mining methods (here –
classification with decision tree) for medical data.
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Chapter 4

Implementation
“If you think you are smart, think twice to be
smarter.”
Toba Beta

In this chapter, the architecture and implementation of my system will be
introduced. First, I will list the abstract architecture, as well as technologies
and tools used. Next, the data conversion and preprocessing are presented.
Finally, I will show how data mining methods are called with the help of
Weka API and conversion of the result to JSON format for response.

Outline

The overall architechture is presented in Figure 4.1.

Figure 4.1 Abstract workflow of the approach

4.1 Tools and Technologies
This section summarizes the tools and technologies used for implementing
the approach. The system has been developed as a SOAP webservice using
Java programming language and METRO 2.0 web service stack [48]. It has
been developed using NetBeans IDE version 7.3 [44]. Hence, both logic part

Technologies
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and webservice were implemented within the
development environment.
NetBeans IDE

same integrated

NetBeans IDE is an open-source integrated development environment. Its
functions are provided by modules (e.g. NetBeans Profiler, GUI design tool,
NetBeans JavaScript editor etc.). It contains all the modules needed for Java
development in a single download, allowing the user to start working
immediately. The IDE was chosen for its lightweight and support for all
needed technologies to fulfil the tasks of this project.

METRO 2.0 METRO 2.0 is an open source web service stack. It includes added
nonstandard components to support both basic JAX-WS service definition
and a variety of WS-* extensions to SOAP message exchange. Its
configuration is easy if one develops on NetBeans IDE, which includes GUI
tools for configuring both basic Web services and WS-* extensions.
Apache Tomcat
& GSON

The web service runs on an Apache Tomcat service [45]. For the
construction of JSON strings from Java objects GSON [46] was used. This is
needed in order to send the results of the algorithms to the application that
uses the web service.
The implementation of the analysis module was done with the integration
of Weka data mining tool.
Weka

Description

For data minining calculation external library Weka was used, a Java library
embedded in the server side code. Weka (abbreaviated from Waikato
Environment for Knowledge Analysis), is free and open source software that
provides an extensive collection of machine learning algorithms. It is
written in Java and contains a GUI for interacting with data files and
producing visual results. Also it is platform independent. It includes all main
features for data mining: preprocessing filters, attribute selection
techniques, visualization, algorithms for classification, clustering,
association rule mining. It also has a general API, so one can embed WEKA,
like any other library, in his or her own applications to such things as
automated server-side data-mining tasks. According to [47], Weka is the
most popular free and open-source data mining library.

Drawbacks

There are slight drawbacks if one decides to use Weka. First, Weka makes
the application highly dependent on its objects. Additionally, certain
algorithms scale very badly. For large datasets it is mandatory to increase
the heap memory size as all the data is loaded into the main memory and
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stored throughout all the computation steps. During the development
phase, I increased the default virtual memory size up to 512 MB (or even 1
GB). Besides, one should be careful about the release version that is used
and the API reference version. Between releases the code has changed
significantly and some packages have been removed. I used Weka 3.6.9
stable version. Additionally, the DBSCAN algorithm for clustering is not able
to cluster new instances. To overcome this, the algorithm was implemented
separately.
Weka Background
The main concept in data mining is dataset. In Weka it is represented as
Instances object. This object contains a collection of examplars, each one of
class Instance. Every Instance is characterized by a set of attributes. The
values of those attributes can be numeric, nominal or string. Overall, one
can consider a dataset as a two-dimensional matrix.

Instances

There are several ways how one can represent data sets for Weka. The
most common one is to use ARFF format. The example data set which was
used for classification is presented below:

Data representation

@relation learning
@attribute Location {5056.0,5058.0,library,home}
@attribute Learn_Group numeric
@attribute Lecture {Webtech }
@attribute Goal_Achieved {yes,no}
@attribute Mood numeric
@attribute Time_Pressure {no,yes}
@attribute Timespan numeric
@data
5056.0,2,Webtech,yes,2,no,5000
5058.0,2,Webtech,no,2,yes,3000
library,3,Webtech,yes,3,no,4000
home,2,Webtech,no,3,no,9500
Listing 4.1.1 Representation of a dataset in Weka

The header defines the name of the relation and lists attributes by
specifying name and type for each of them. After a token @data, the actual
data set is listed. In this particular each row presents one user learning
session with a question mark in the end. Question mark denotes missing
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data in Weka and can be predicted by a classifier. Here, question mark
defines effectiveness of the session.
Other formats

In addition to ARFF format, Weka also supports CSV format. This format is
way easier for representation since it simply has a form of a table and does
not require any tokens for description. This format was used for clustering
and association rule mining. However, for classification and prediction, this
format is not suitable since in that case train and test sets may not be
compatible. The main problem of it is that in a CSV file format there is
absolutely no information about the attributes and Weka needs to
determine the labels for nominal attributes by itself. So one can define two
major problems that arise with this:


The order of the appearance of labels create different attributes
(a,b,c versus a,c,b).
One cannot be sure that all labels that were in the train set will
appear in the test set (a,b,c,d versus a,c,d).



4.2 Architecture and sources
This subchapter provides an overview on most important components of
the architechture together with some parts of the source code.
4.2.1

Web Service
implementation

Web service API

The program was implemented using SOAP web service technology.
Therefore, it is very easy for any client to call functions that were
predefined (in this case they present algorithms) to get required results. On
Listing 4.2.1 an example of web service methods that were defined.
As one can see, methods are defined with annotation @WebMethod and
operation name specified afterwards. Every method has the same attribute
list:




Username: name of the user which requests certain method for
data analysis.
Password: password of the user.
Start and end: these elements denote the time period within which
data has to be analyzed.
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public class Analysis {
private ServerRPC getRequest;
@WebMethod(operationName = "applyEM")
public String applyEM(@WebParam(name = "username") String username,
@WebParam(name = "password") String password, @WebParam(name = "start")
int start, @WebParam(name = "end") int end) { …. }
@WebMethod(operationName = "applyApriori")
public String applyApriori(@WebParam(name = "username") String username,
@WebParam(name = "password") String password, @WebParam(name = "start")
String start, @WebParam(name = "end") String end) { …. }
@WebMethod(operationName = "applyPredictiveApriori")
public String applyPredictiveApriori(@WebParam(name = "username") String
username, @WebParam(name = "password") String password, @WebParam(name
= "start") int start, @WebParam(name = "end") int end) { …. }
….

Listing 4.2.1 Example of web service API methods
As soon as these parameters will be submitted to the method, it will call the
run function of ServerRPC class. This class works as a manager and is
responsible for:





Generating and sending the request to the context capturing
service.
Receiving the data and submitting it to the file converters for
further transformation
Calling the particular data mining method for getting the result.
Sending result back to the web service class

The framework that collects data uses HTTP RPC interface, with a
implementation based on JSON. The request for it is written as a JSON
string manually and needs to contain service service url, app_secret (unique
for every application), AID (unique for every application), nonce (generated
every time for a new request) and actual data requested (see Listing 4.2.2).
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private void createData(int offset, int start, int end) {
try {
data.put("model", "SPECIFIC");
data.put("start", start);
data.put("end", end);
data.put("offset", offset);
} catch (JSONException ex) { … }
}
Listing 4.2.2 Function that creates data to be submitted to framework
For communication with the framework, the HttpClient, HttpResponse and
HttpEntity Java classes are used. After result has been received as a JSON
string, it is submitted to the CSVConverter for further transformation and
preparation for analysis.
4.2.2

Data conversion

Workflow

CSV and ARFF Conversion

In order to submit the data to the algorithm, it needs to be converted in
suitable format for Weka. As alteady mentioned in subchapter 4.1, Weka’s
presentation of a data set is done in the form of class Instances. There are
two ways to create and populate class Instances with data – manually by
specifiying all data explicitely for the attributes or by importing it from the
file by using a getDataSet method of predefined class DataSource which is a
inner class of class ConverterUtils. The last method was used during
development, since it was considered as the easiest way for importing big
amount of data. Ultimately, it really does not matter which kind of file
format one chooses for a data set, but in this case for majority of used
techniques (in particular – clustering and association rule mining) CSV was
chosen. For classification though, ARFF has to be applied (reasoning behind
this was specified in subchapter 4.1).
So the overall algorithm of all implemented file converters looks the
following:


Get the JSON array of data
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Parse the data, separate and persist the needed for analysis
information in variables (e.g. arrays, lists etc.)
Write saved information into the file
Return the name of the file to the manager class (in this case –
ServerRPC)

The trickiest thing here is to find the correct representation of the data in
the file for the analysis. It really matters what is the goal of applying
particular algorithm.
Clustering
For clustering the representation is relatively easy. Basically, if one has the
location information represented by latitude and longitude values, it is
simply enough to filter the JSON data for that and write it into a file one by
one. Overall, one will get a table form data with 2 “columns” (latitude and
longitude) and their values (see Listing 4.2.3 ):

Data representation

lat,lng
50.7722215, 6.0913864
50.7720996, 6.0912548
50.7722235, 6.0913569
50.7751406, 6.0933377
50.7740415, 6.0891297
50.7729829, 6.0853433
50.7751072, 6.0928192
50.7729829, 6.0853433
Listing 4.2.3 Data for clustering
This form is suitable for all algorithms. If clustering needs to be done on
other type of data, it is enough to change the parsing algorithm and writing
into a file.
Classification
As mentioned before, for classification the ARFF format was used, but the Data representation
idea stays the same. The difference here is that writing into a file gets a bit
complex since if an attribute has nominal values, all of them need to be
specified in the header of the file. In addition, the value that needs to be
classified or predicted has to be denoted with the question mark sign – “?”
(it is basically how Weka treats the missing values). On Listing 4.2.4 there is
an example of what needs to be achieved with parsing and file writing in
the end for any classification technique.
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@relation predict
@attribute Location {5056.0,home}
@attribute Learn_Group numeric
@attribute Lecture {Webtech,Logic}
@attribute Goal_Achieved {yes,no}
@attribute Mood numeric
@attribute Time_Pressure {no,yes}
@attribute Timespan numeric
@attribute isEffective {yes,no}
@data
home,2,Webtech,no,3,no,9500,?
5056.0,1,Webtech,yes,1,no,10000,?
home,3,Logic,yes,1,no,3600,?
home,1,Logic,no,3,no,3600,?
Listing 4.2.4 Data for classification

Association rule mining
Transactions

Normally, to represent data for association rule mining one uses concept of
transactions. Additionally, it is not necessary to give information about all
possible items in a transaction (see Table 4.2.1).
Transaction ID
100
200
300
Table 4.2.1 Transaction-based model

Items
A,B,C,D
A,C,D
B,E,F

For example, on Table 4.2.1 one can see that transaction 300 does not
contain any information about items A, C or D which is good, because there
is no redundant information. Unfortunately, this is no applicable for Weka
in all possible cases.Yes, depending on what one wants to get as a rule it is
possible to represent the data in the way, which will not lead to any
redundancy. But this really depends on the requirements and vision of what
result needs to be in the end (e.g. one can use rules on the data set similar
to one presented for classification (without question mark) and get items
that often occurs together).
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However, for the data set available the representation needs to be similar
to one presented in subchapter 2.4.4. Except here for more usability one
can add statements like “yes” or “no” instead of 1 or 0 (see Listing 4.2.5).

Data representation

Phone,Hangouts,Gmail,MX Player,Clock
no,yes,no,yes,no
no,yes,no,no,no
yes,no,no,yes,no,
no,no,no,yes,yes
yes,yes,yes,yes,yes
no,yes,no,no,yes
Listing 4.2.5 Data for association rule mining
The results are objective and algorithms perform well, but if there is huge
amount of items (here – applications, which is the first row of the table),
than they all need to be specified even if there is only one of them
occurring in the transaction. This is because Weka cannot have data sets
with not equal number of attributes for rows.
Another point worth mentioning here is that since there is no concept of
transaction in terms of user’s interaction with the mobile device and
applications he or she has, it needs to be defined and specified explicitely
what should be count as a transaction. Eventually, it was decided to check
the places where user spends more than one hour and count that time as a
transaction. So if user spends at least one hour at some position it counts as
a transaction and in case he or she moves to another one, it will count as a
transaction only in case he or she spends at least one hour there (by
transaction it means all applications the user used at this position).
4.2.3

Algorithms

In this section the implementation details of using each data mining
technique are presented. Algorithms were used from Weka API and
applyied to the data set which was got from web service and transform for
further use. The overall algorithm (see Listing 4.2.6 for example of
PredictiveApriori) of the procedure is the following (except classification):
1.
2.
3.
4.

Defining transactions

Workflow

Get the name of the file from the manager class
Extract data set in the form of Instances from the file
Call the method on the dataset
Process the result and transform it into the form suitable for JSON
converter
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5. Call the appropriate method of JSON converter on the prepared
result
6. Return the JSON string to the manager class

source = new ConverterUtils.DataSource(filename);
data = source.getDataSet();
if (data.classIndex() == -1) {
data.setClassIndex(data.numAttributes() - 1);
}
PredictiveApriori fp = new PredictiveApriori();
fp.setNumRules(20);
fp.buildAssociations(data);
FastVector[] rules = fp.getAllTheRules();
for (int i = 0; i < rules[0].size(); i++) {
ItemSet antecedents = (ItemSet) rules[0].elementAt(i);
}
for (int i = 0; i < rules[1].size(); i++) {
ItemSet antecedents = (ItemSet) rules[1].elementAt(i);
}
result = jsonConverter.convertToJsonApriori(rules, data, 2);
Listing 4.2.6 PredictiveApriori usage example (short version)
Example structure presented above holds for all other algorithms in
clustering and classification whith the only difference in processing the
result of the algorithm and preparing it to the form needed for JSON
conversion. Hovewer, it is completely different for DBSCAN since it was
implemented from scratch and not used from Weka API (see subchapter
4.1) and differs slightly for classification.
Modifications for
classification

In case with classification the overall algorithm changes due to the fact that
at first one has to train classifier on the known data. The example of
implementation is shown on Listing 4.2.7.
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J48 tree = new J48();
tree.buildClassifier(data);
Instances unlabeled = new Instances(
new BufferedReader(
new FileReader("D:\\effectivness.arff")));
unlabeled.setClassIndex(unlabeled.numAttributes() - 1);
Instances labeled = new Instances(unlabeled);
for (int i = 0; i < unlabeled.numInstances(); i++) {
double clsLabel = tree.classifyInstance(unlabeled.instance(i));
labeled.instance(i).setClassValue(clsLabel);
}
Listing 4.2.7 J48 usage example (short version)
As one can see from example above, at first classifier is build on the known
data set data. This will give it necessary knowledge to classify unknown
data of similar type. Secondly, the unknown data is imported from the file.
Finally, for each instance in the data set, the function classifyInstance of the
classifier is called. Afterwards, all classified items will be saved in the object
of class Instances and can be used for JSON conversion.
DBSCAN Implementation
As was mentioned before, DBSCAN algorithm was implemented from
scratch. The idea of the implementation follows from the pseudocode
presented in Listing 2.4.1 in subchapter 2.4.2. According to the pseudocode,
three main functions were implemented (see Listing 4.2.8):




DBSCAN details

applyDBSCAN: loops over all unvisited points in data set and
manages creation of clusters.
expandCluster: expands existing cluster
regionQuery: returns all points in the neigbourhood of the asked
point
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public void initializeData(JSONArray events) { …. }
private List<Point> regionQuery(Point p, List<Point> ps) { …. }
private void expandCluster(Point p, List<Point> neigbs) { …. }
public String applyDBSCAN(JSONArray events) {….}
Listing 4.2.8 Main function of DBSCAN implementation
Additionally, two helpful functions for distance computation were
implemented (see Listing 4.2.9). Function deg2rad converts decimal
degrees to radians and function distance actually calculates the distance.
private double deg2rad(double deg) {
return (deg * Math.PI / 180.0);
}
private double distance(double lat1, double lng1, double lat2,
double lng2) {
lat1 = deg2rad(lat1);
lng1 = deg2rad(lng1);
lat2 = deg2rad(lat2);
lng2 = deg2rad(lng2);
double distance = 6378.388 * Math.acos(Math.sin(lat1) *
Math.sin(lat2)
+ Math.cos(lat1) * Math.cos(lat2) * Math.cos(lng2 - lng1));
return distance;
}

Listing 4.2.9 Functions for distance calculation
Since this algorithm was not used from Weka, it is not needed to do the
data conversion into CSV or ARFF for JSON results. All one has to do is just
simply initialize the data with latitude and longitude information directly
and save it the variables. And that is for function initializeData from Listing
4.2.8 was implemented. It does behave exactly like any converter function,
but without writing the result of conversion into the file.
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4.2.4

JSON Conversion

In this subchapter the JSON conversion details will be presented for each Outlook
particular technique. Since this project was implemented together with
visualization project mentioned in subchapter 2.2.3, it was decided that
resulting information will be converted from standard Weka output to JSON
format to simplify visualization of results. All conversions have been
implemented as separate functions for each technique and use GSON
library to create JSON objects.
Clustering
Listing 4.2.10 shows the example of JSON result that may be obtained.
[ { "position": [
{"key": "latitude",
"value": 50.779298},
{"key": "longitude",
"value": 6.071125},
{"applications": [
{"app": "Google Play Music"},
{ "app": "Gmail"},
{ "app": "Opera"},
{ "app": "System UI"},
{ "app": "Twitch"},
{"app": "News & Weather" }, ] } ]},
{ "position": [
{"key": "latitude",
"value": 50.778731
},
{ "key": "longitude",
"value": 6.060607
},
{ "applications": [
{"app": "Skype"},
{"app": "Gmail"},
{"app": "Hangouts"},]} ] }]

JSON result

Listing 4.2.10 JSON result for locations with applications
Conversion of clustering results provide latitude and longitude information
about found centroids as well as additional data about used applications at
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those positions. This additional data is calculated separately for each cluster
and is included into converter itself. This is not required, but it gives
possible visualization additional options and data to show.
Classification
JSON result

Classification result is presented by information about each learning session
(see Listing 4.2.11). Overall, session is presented with the data that was
submitted by the user plus information about effectiveness of his or her
learning activity (effective or not effective). If needed, this can be scaled to
any other classification by simply modifying class parameter (e.g. prediction
of values of existing attributes or introducing the new ones).
[{ "session": [
{"key": "location",
"value": 5056},
{"key": "learn_group",
"value": 1},
{"key": "lecture",
"value": WebTech },
{"key": "goal_achieved",
"value": yes },
{"key": "mood",
"value": 3},
{"key": "time_pressure",
"value": ”no”},
{"key": "timespan",
"value": 7200},
{ "key": "isEffective",
"value": yes }]}]

Listing 4.2.11 Exampe of JSON result for classified instance
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Association rule mining
Associations present groups of applications that are used together by the
user. In the JSON result it was presented like relation between predecessor
and successor (see Listing 4.2.12).

JSON result

[{"predecessor":[{"app":"Hangouts","usage":"no "}],"successor":[{"app":"MX Player","usage":"yes "}]},
{"predecessor":[{"app":"Opera","usage":"yes "}],"successor":[{"app":"Gmail","usage":"yes "}]},
{"predecessor":[{"app":"Twitch","usage":"yes "}],"successor":[{"app":"Clock","usage":"no "}]},
{"predecessor":[{"app":"Angry Birds","usage":"yes "}],"successor":[{"app":"Bad Piggies","usage":"no "}]},
{"predecessor":[{"app":"MX Player","usage":"no "}],"successor":[{"app":"Clock","usage":"no "}]},
{"predecessor":[{"app":"YouTube","usage":"yes "}],"successor":[{"app":"Dropbox","usage":"no "}]},
{"predecessor":[{"app":"Shazam","usage":"yes "}],"successor":[{"app":" YouTube","usage":"yes "},{"app":"
Google Play Music","usage":"yes "}]},
{"predecessor":[{"app":"MX Player","usage":"no "}],"successor":[{"app":" Clock","usage":"no "},{"app":"
System UI","usage":"no "}]}]

Listing 4.2.12 JSON result for founded rules
As one can see, there might be several applications in left- or right hand
side. The result here means “if user uses application(s) on left hand side, he
or she will most probably use (or not use) application(s) on the right hand
side afterwards”.
As was mentioned in subchapter 2.3.2, it is possible to apply association
rule mining to the learning session data and get dependencies there. On
Listing 4.2.13 one can see possible dependencies that might be found on
such a data set.

Associations in learning
sessions

isEffective=yes ==> Goal_Achieved=yes
Time_Pressure=no isEffective=yes ==> Goal_Achieved=yes
Goal_Achieved=no ==> isEffective=no
Lecture=Webtech isEffective=yes ==> Goal_Achieved=yes
Location=home Goal_Achieved=yes ==> isEffective=yes
Learn_Group=1 Goal_Achieved=yes ==> isEffective=yes
Learn_Group=1 isEffective=no ==> Goal_Achieved=no

Listing 4.2.13 Learning session dependencies (formatted Weka output)
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Chapter 5

Evaluation
“I have surrounded myself with very smart people“

Dolly Parton
In this chapter I will present the evaluation of suggested methods on the
given datasets. Additionally, I will describe how the testing of web service
was conducted. Finally, the discussion of the findings will take place as well.

5.1 Web Service
Outline

In this subchapter the discussion about web service testing will take place. I
am going to explain how web service’s methods were tested using client
test application written in Java as well as PHP client application that
vizualises the results from clustering and association rule mining algorithms.
Finally, in the end, the system will be checked through functional and nonfunctional requirements that must hold in case of web service
development.
Java Class in Java SE Application

Testing with Java client

There are different ways how one can check developed web service for
correctness by making use of the implemented methods [49]:




A Java Class in Java SE Application
A Servlet in a web application
A JSP page in a web application

For this particular case the first approach was taken, since it was found to
be the fastest and simpliest of the available ones. Since NetBeans IDE 7.3
was used during development, it is possible to use IDE’s tools to create a
client and consume the web service. Eventually, one will come up with a
simple Java program that has main method and calls the needed methods
from web service with printing the results in console (if needed) afterwards.
The example of how it looks like for this particular project is presented in
Listing 5.1.1.
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public static void main(String[] args) {
try{
String result=applyDBSCAN("iurii","test",1,1371471483);
System.out.println("The result is "+result);
}
catch(Exception ex) { … }
}
private static String applyDBSCAN(java.lang.String username,
java.lang.String password, int start, int end) {
de.rwth.i9.thesis.Analysis_Service service = new de.rwth.i9.thesis.Analysis_Service();
de.rwth.i9.thesis.Analysis port = service.getAnalysisPort();
return port.applyDBSCAN(username, password, start, end);
}
Listing 5.1.1 Java client calls DBSCAN algorithm
This approach was done in first instance in order to prove that all methods
are available and can be called from outside (in particular, by using Java). It
was also used to test the results of newly added methods.
PHP Client
After deploying the web service, it was used by the visualizer application
described in subchapter 2.2.3. This application was developed using such
technologies as PHP, Smarty and JavaScript. During the development phase
it was observed that there are no problems when using SOAP web service
developed in Java together with PHP client. The application connects and
retrieves data successfully.

Testing with PHP client

Summary
Overall, one can check through functional and non-functional features that
must hold for the developed web service:

Functional and nonfunctional features

1. Functional
a. Applications connect to a web service using SOAP requests.
As it was showed previously, it works both in case of Java
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based applications as well as other technologies given they
provide possibility to connect using SOAP.
b. Registration of consumer application is not needed to
connect to the web service, but the correct user data is
required in order to get a positive response.
c. The web service successfully connects (given correct user
data is provided) to a context service.
2. Non-Functional
a. The entire functionality has been tested. User’s login data is
send to the context service and checked there for relevance
together with whole request.
b. The system is resistant to noisy or missing data. All possible
erros points have been addressed and captured through
testing.
c. The project has no user interface. In this case, consumer
applications have to be self-explanatory. The only
interaction point is calling the required method with
needed parameters and processing the result.
d. The application can be easily extended by adding new
methods or changing usage logic of existing ones. The
source code was structured in order to ease the
understanding and is well documented.
e. The system runs on a server and is easily accessible to
various applications.

5.2 Comparison of Algorithms
Ways to measure efficiency

In this subchapter both offline and online evaluation of the algorithms are
presented. There are several ways to measure usage of resources of
algorithms – time (how long it takes algorithm to complete), space (working
memory (normally RAM) needed by algorithm), accuracy (how accurate
results are).For this research the structure of analysis was done in the
following way:



Time was tested through test runs of algorithms on different sizes
of data sets.
Accuracy was chosen to test through the user evaluation (e.g. users
themselves would have to decide, which algorithm suits them
better and give better results).
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First, the speed measurements of algorithms will be presented. Secondly, I
will shortly describe the profiles of users that took part in the evaluation.
Lastly, I will present the users’ analysis of algorithms.
5.2.1

Running Time

Here the discussion about speed of the algorithms will take place. For each Testing scheme
of the technique on the same data set the speed run was conducted in
order to see how fast different methods compute the results. Since we are
interested in the speed proportion and not actual computation speed, this
test was done using Weka Explorer [29] which is allows to conduct any
analysis with the help of UI (if one would use client application for calling a
web service method, the data might have been wrong, since program
spends time on connection to the context service and waiting for data to
come as well as conversion to different formats). Rest of the section
contains this analysis for each particular approach.
Clustering
For these methods data sets were chosen that contain 1000 and 6000
instances of location data presented in subchapter 4.2.2. . The
computational complexity of algorithms is the following:




Complexity and time

DBSCAN – O(N2)
Xmeans – O(N log k), for the sample size N and final clusters k
EM – O(N*k*i), i is the number of iterations, needed for
termination (by default set to 100 in Weka)

Every method was run three times on the data set and the resulting mean
value of the time is shown on the Table 5.2.1 below.
Algorithm

Spent time (sec) on 1000 Spent time (sec) on
instances
6000 instances
EM
25.5
270
DBSCAN
0.35
9.9
Xmeans
0.01
0.07
Table 5.2.1 Results of speed run of clustering methods
The results are pretty much prove the theoretical basis behind the
algorithms: EM has the slowest convergence amongst presented
algorithms. For the user this means that in case of a very big data set he or
she will have to wait a lot in order to see the result of the analysis, whereas
DBSCAN and Xmeans provide fast computation.

Iurii Ignatko

56

Classification
Complexity and time

In case with classification the data set with 12960 instances and 9 attributes
was chosen. It follows the learning session structure of user. The complexity
of algorithms on a training set is presented below (m – number of training
instances, n – number of attributes):





J48 – O(m*n2)
NaiveBayes - O(m*n)
RandomTree – K*n2log n, where K is number of a random subset
of attributes
kNN – O(n)



AdaBoost – O(

), where d is a VC dimension

The results of runs are presented in the Table 5.2.2:
Algorithm
Spent time (seconds)
J48
0.05
NaiveBayes
0.02
RandomTree
0.035
kNN
0.001
AdaBoost
0.23
Table 5.2.2 Results of speed run of classification methods
As we can see, training is done much faster on kNN algorithm with
complexity O(n) and much slower on AdaBoost. However, one can see that
it does not take even a second for each algorithm to train a model on such a
big data set.
Unlike with other techniques, which are applied to the data that is collected
automatically, this group of algorithms is applied to the data that gets from
the users directly. This means that users have to submit the information
about their learning sessions manually. This automatically implies small
data sets (below 100), because it is very tedious for users to input and
submit 8 attributes about their session. Moreover, the speed of
classification algorithm proved to be very fast, which means that for the
given task it should not be considered as an issue.
Association Rule Mining
Time and data sets

To test these algorithms I choose a data set with 350 instances and 49
attributes. The algorithms were asked to generate 20 rules with their
default parameters.
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Algorithm
Spent time (seconds)
Apriori
0.015
PredictiveApriori
15 min
FP-Growth
0.01
Table 5.2.3 Results of speed run of association rule mining methods
The slowest here was PredictiveApriori, which can be explained by a very
big number of attributes. Again, this is significant waiting time for the user
in case of this amout of data.
5.2.2

Users’ Profile

In order to see which of the algorithms provide best results for the users,
user evaluation took place. In my evaluation 5 users have participated. They
were asked to install the context gathering application described in
subchapter 2.2.2 to log their data. However, there were some issues:




Application is developed only for Android smartphones. Moreover,
the minimum version it supports is Android 4.1.2 which already cuts
off a lot of people, since not all of them have Android smartphones
and even if they do, the version is not compatible.
Some users did not want to be monitored. Other words, they did no
want to be monitored completely or they disabled a lot of
monitoring features in order to keep some private information.

All of the users are male persons with age within 20-25 years. The spectrum
of profiles based on nationality is presented on Figure 5.2.1.

1
2

Ukraine
Russia
Azerbaijan

1

Germany
1

Figure 5.2.1 User profiles according to nationality
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Users’ occupation and
experience

From occupation perspective, except students there was one software
engineer. Additionally, one of the users was not from the field of Computer
Science, but from Engineering. The background experience in data mining
was checked as well, since this may influence the judgement about the
results. The result of the questionare shows, that 1 user has no experience
in data analysis, 2 are slightly experienced and other 2 have a lot of
previous knowledge (see Figure 5.2.2).

2

No background
knowledge

2

Some knowledge
Highly experienced
1

Figure 5.2.2 Experience with Data Mining
Worth mentioning, that it was necessary for users to spend some time with
application (at least one week). And this leads to the issue that some of
them tend to forget to turn on the application again after they restarted
their phone or if something caused application to terminate. This leads to
serious data holes since user is monitored with big gaps and results of the
data analysis may not reflect his real behavior.
5.2.3

Testing scheme

Accuracy of Algorithms

Here I will present the results of user evaluation for clustering and
association rule mining algorithms. Users were asked to say their opinion
on the performance of algorithms on 3 data sets – Last day, Last 3 days,
Last week (options provided by the visualizer application). As for
classification, the evaluation required a lot of effort from users to conduct it
and they did not have the possibility to do so. Eventually, it was decided to
create an abstract user and a model for him. This will be showed in detail in
the end of this section where I will talk about classification. The sizes of the
data sets for each user per tested time period are shown on Table 5.2.4 for
clustering and Table 5.2.5 for association rule mining.
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Time
User 1
User 2
User 3
period
Last day
32
47
30
Last 3 days 60
74
85
Last week
180
382
280
Table 5.2.4 Data sets size for clustering

User 4

User 5

25
350
600

22
140
420

Time
User 1
User 2
User 3
User 4
period
Last day
141
50
44
52
Last 3 days 277
250
200
225
Last week
552
617
400
570
Table 5.2.5 Data sets size for association rule mining

User 5
70
244
545

It is worth mentioning, that data sets for association rule mining had been
preprocessed further into transactions and irrelevant items have been
deleted. Real data sets size was significant smaller (not more than 100
records).
Clustering
For clustering users were asked to set their priorities for algorithms. The
notion is the following: 1 (biggest priority) till 3 (lowest priority). Tables
5.2.6, 5.2.7 and 5.2.8 show the users’ preferences.
Algorithms
Users

EM

DBSCAN

User 1
1
3
User 2
1
3
User 3
1
3
User 4
2
3
User 5
1
3
Table 5.2.6 Priorities for the data set “Last Day”

Xmeans
2
2
2
1
2

Algorithms
Users

EM

DBSCAN

User 1
1
3
User 2
1
3
User 3
2
1
User 4
1
3
User 5
2
1
Table 5.2.7 Priorities for the data set “Last 3 Days”

Xmeans
2
2
3
2
3
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Algorithms
EM

Users

DBSCAN

User 1
1
3
User 2
1
3
User 3
1
2
User 4
1
3
User 5
1
3
Table 5.2.8 Priorities for the data set “Last Week”
Analysis

Xmeans
2
2
3
2
2

As one can see, in most cases most of the users prefer EM algorithm over
the other ones. The reasons of this are the following:




Xmeans is very sensitive to outliers (which are present in big
amount). Therefore, although the clusters it shows are mostly
correct, their size may be very big and moved towards the outliers.
DBSCAN shows together with clusters also trajectories of
movement and users complained about overloading with data
circles over each other. This was taken into account and now users
can control the attribute “minPts” of DBSCAN which will modify the
number of found clusters.

Overall, all methods were able to find the results and present them to the
user. None of the results was false, but some of them were not complete.
The solution to some issues can be to vary the size of the circles according
to the number of points that fit into the cluster (it was done for the EM
since the algorithm provided this value). This will make the results of the
algorithms more intuitive.
Association rule mining
With association rules the idea was the same: set the priorities for
algorithms for different data sets. However, unlike clustering, when the
result is always present and can be easily evaluated, association rules might
not exist for some users. This basically means that within the particular
time period and using certain algorithms it is not possible to define the
pattern in the behavior because there simply does not exist any. Now, for
the users message that “No rules found!” means that there are no “strong”
dependencies in usage of particular applications. And even if some
dependencies were found, they are not the last instance; they just show the
pattern and say that this is true with high probability.
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Overall, during the evaluation time 2 out of 5 users were able to see the
message about the groups of applications that they use together. For
others it simply means that no dependencies were found in those days
between the used applicatons. Interesting fact is that most of the users do
not remember whether they had something in their behavior that could
lead to the pattern. So if they see that no patterns can be found, they
normally agree since human behavior not necessary follows same pattern
from day to day (in case of applications usage).

Results and Analysis

Those 2 users which were able to see patterns in their behavior have
difference in their judgement. One of them agreed (in general) with about
40-50% of provided information and the other one – 70-80%. Moreover,
there was no preference in algorithms, since on some data sets one
algorithm says “No rules found!”, whereas another one shows some
patterns. Additionally, each one of them showed some unique results which
were not presented by the other. Overall, these algorithms seem to
complete each other. On Figure 5.2.3 one can see several rules for User 4
for the “Last 3 days” period with Apriori algorithm (from visualize
application):

Figure 5.2.3 Snippets of the rules found for User 4
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Classification
As it was mentioned above, for classification testing an abstract user was
created in order to show how different algorithms behave on the same data
set. The main goal for this was to create model accurate enough to classify
user’s data correctly. The snippet of the model is shown on Listing 5.2.1.
@relation student
@attribute Location {5056.0,5058.0,library,home}
@attribute Learn_Group numeric
@attribute Lecture {Webtech,Logic,eLearning}
@attribute Goal_Achieved {yes,no}
@attribute Mood numeric
@attribute Time_Pressure {no,yes}
@attribute Timespan numeric
@attribute isEffective {yes,no}

@data
5056.0,3,Webtech,yes,3,no,7200,yes
5058.0,2,Webtech,yes,2,no,7500,yes
library,1,Webtech,yes,2,no,6000,yes
home,1,Webtech,no,1,no,4500,no
home,2,Webtech,yes,1,no,5500,yes
5056.0,1,Webtech,yes,1,yes,8000,yes
5056.0,4,Webtech,yes,2,no,10000,no
……………………….

Listing 5.2.1 Snippet of the created model
Created model

Model has 20 instances of data. It describes user’s learning session in terms
of effectiveness. With the help of it, one can train a classifier which will be
able afterwards to predict whether the new session was effective or not.
What is important though, how accurate the created classifier model will be
(see Figure 5.2.3), because the more accurate the model is, the better
chance for correct classification. Rest of this section presents accuracy for
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each classifier model of each algorithm together with predicted values for
user learning sessions (creation of the models was done using crossvalidation technique with 10 folds).
100

90
80
70

J48

60

Random Tree

50

AdaBoost

40

NaiveBayes

30

kNN

20
10
0
Accuracy of models (%)

Figure 5.2.3 Accuracy of classifier models
Now, having these models, one can re-evaluate them on the test set to see,
what values will be assigned to the missing ones (see Listing 5.2.2).
……..
@data
5056.0,2,Webtech,yes,2,no,5000,?
5058.0,2,Webtech,no,2,yes,3000,?
library,3,Webtech,yes,3,no,4000,?
home,2,Webtech,no,3,no,9500,?
5056.0,1,Webtech,yes,1,no,10000,?
home,3,Logic,yes,1,no,3600,?
home,1,Logic,no,3,no,3600,?
home,2,eLearning,no,2,yes,5000,?

Listing 5.2.2 Learning sessions for prediction (shortened)
The results of the classification are shown in Table 5.2.9.
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Classifier
Instance

J48

Random
Tree

AdaBoost

1
yes
yes
2
no
no
3
yes
yes
4
no
no
5
yes
no
6
yes
yes
7
no
no
8
no
no
Table 5.2.9 Predicted values for instances

yes
no
yes
no
no
yes
no
no

NaiveBayes

kNN

yes
no
yes
no
yes
yes
no
no

yes
no
yes
no
no
yes
no
no

The models accuracy rate is low in case of kNN classifier (only 65%),
however the predicted values do not differ from other classifier which
much higher accuracy (80-95%). This shows that if the data of the train set
is correct, the created models can be used to predict values for
effectiveness of the users’ learning sessions. Analogously, one can create
any other model and in case the accuracy is high (which is normally more
than 80%) use it for the prediction.
Concluding this chapter it seems that association rule mining is relatively
hard to evaluate in comparison to other techniques (only based on this data
set and task). The main reason is that for clustering and classification results
are always present and user can relatively easy estimate them. For
associations though, he or she does not often know the correct answer,
which makes it harder. Hovewer, rules give us patterns of behavior and
might be very useful. One of the reasons – utilization of recommendations
based on association rules, which can be done in future work.
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Chapter 6
Work

Conclusion

and

Future

In this chapter I will conclude this master thesis with summary of
achievements regarding the topic. Afterwards, suggestions for
improvements and some ideas for future development will be introduced.

6.1 Conclusion
The main goal of this master thesis was to find out what will happen if one
applyies data mining algorithms to the context data. Are there any patterns
within it that can be extracted? What can be achieved not only by using
simple statistics and filtering techniques, but rather by analyzing the data
for dependencies? And by utilizing previous projects this work shows that
the answer to all of those questions is positive. The project utilizes three
data mining techniques – clustering, classification and association rule
mining. Each one of them provides the proof to the asked question with
respect to the available data sets. Having the context information available
in the way it was presented it was shown how one can get location clusters
of users, groups of applications they use together and also predict
effectiveness of their learning. In addition, with association rules it was also
shown, how to get dependencies between input parameters in user’s
learning session. This can, for example, help user see dependencies
between learning activity and effectiveness.
In addition, this project was implemented as a SOAP web service, which
makes it easy for other applications to integrate it. It connects to the
existing context service to get the necessary data for the analysis. In parallel
to this work, the visualizer application has been developed to visualize
found patterns.
Overall it was observed that clustering and classification techniques can
easily be applied and evaluated, whereas association rule mining might
have some issues with user evaluation depending on the task required. The
biggest challenges are to figure out what should be found with the data
mining algorithm and how to transform context data and submit it to the
algorithm in order to get the correct interpretation of the results.
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This work provides significant assistance to context-aware applications as it
shows examples of data mining application to the context data. One can
use it as a prototype or a starting point for developing sophisticated
recommendation system based on context information.

6.2 Future Work
In the future, better error treatment must be done. Although, almost every
error is caught using exceptions, but for some cases an error gets returned.
In that case it is better to replace it with notification.
For clustering one can display radius of the circles in different ways: make
them equal (only centroids matter), differ for number of points in them or
simply show the bigger radius for those points where user spends most of
the time. However in that case it is not a clustering anymore, since analysis
is not needed. This can be investigated in future.
For association rule mining it may be an option to try and present data in a
non-transactional way. Additionally, if other data sets are available, other
patterns may be found. The biggest problem here is to find enough users
for evaluating purposes in case pattern is not found for all of them .
One of the biggest limitations in this work was a limitation to only one user.
In case one can access information to multiple users, much more
possibilities are available. For example, one can use data mining to find
similarity between the users and then utilize recommendations for them. If
not, it can simply notify other users about ones that are located nearby, use
similar applications or study similar subjects. Another example would be to
use associations rule mining for recommendation purposes (again, only in
case multiple users are allowed).
Additionally, association rule mining together with clustering can be used to
determine where the user most probably will go from this position. This can
be a mobile application that shows the user possible track on the map by
analizing his history of moving, finding associations and predicting his
trajectory of movement realtime.
The example with classification can be extended to a multiple users in order
to create a model that will predicts, for example, users’ grades. If one
possesses statistical information about students’ lectures, exercises, grades
etc., it is possible to utilize it in order to make some predictions about each
user’s learninig experience and possibly give recommendations.
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