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1 Introduction itself is just recorded facts, whereas information is
the meaning we extract from those facts, the pat-
terns hidden beneath the surface.[1].Imagine vast
databases brimming with valuable, undiscovered
insights. Data mining is the technique for unlocking

The rise of the Information Age, fueled by the merging
of computers and communication, has created a soci-
ety hungry for knowledge. But most of this knowledge
exists as raw data - like unprocessed ingredients. Data
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these hidden gems. It's like sifting through a mountain
of information to find the gold nuggets - previously
unknown and potentially game-changing knowledge.
This process combines artificial intelligence, machine
learning, statistics, and database systems. The goal
of data mining is to transform this raw data into a
human-friendly format, making it usable and valuable.
It involves a range of activities, including database and
data management, data cleaning and modeling, select-
ing the right metrics, managing complexity, refining
the discovered patterns, visualizing the results, and
keeping the system updated with new information [2].

Traditionally, data mining involved manually or
semi-automatically sifting through massive datasets
to uncover hidden patterns.These patterns could be
groups of similar data points (clustering), unusual
data points (anomalies), or connections between data
points (association rules). This concept of "mining"
for valuable information from data has been around
for centuries. Early techniques for finding patterns
included methods like Bayes' theorem and regression
analysis. However, the rise of computers and the
ever-growing amount of data available have made
data collection, storage, and analysis much more
powerful.As datasets have grown in size and complex-
ity, manual analysis has become less feasible. Data
mining utilizes a variety of algorithms inspired by
computer science, such as neural networks, clustering,
genetic algorithms, decision trees, and support vector
machines, to automate this process of uncovering
hidden patterns[3].

Essentially, data mining is the application of these
algorithms to large datasets to reveal hidden insights
and relationships.It bridges the gap between ap-
plied statistics, artificial intelligence, and database
management. By taking advantage of how data is
stored and organized in databases, data mining allows
these powerful algorithms to be applied efficiently
to massive datasets. Data mining has found wide
application in various scientific and engineering fields,
including genetics, medicine, electrical engineering,
and education[4].Data mining empowers users to
analyze data from various angles and categorize it,
revealing hidden connections. As illustrated in the

figure below, data mining involves a series of steps.
The first step is data warehousing, where information
from separate databases is combined. This process
ensures data is collected and organized chronologi-
cally, free of errors and duplicates. Data warehouses
are particularly useful for tasks requiring frequent
updates and adjustments. They essentially make
information readily available for those involved in
decision-making. These warehouses typically function
as read-only databases, providing historical data for
analysis. After warehousing, data is carefully selected,
transformed (formatted), and then mined for hidden
patterns. The insights gained from this process are
then incorporated back into the system, creating a
continuous cycle of data analysis and discovery.

Transformed

Assimilated
Information

Extracted
Information

r2
. “*'1

(assimilate)

C(select ) (_transform ) ¢ mine
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Figure 1. Data Mining [4]

The vast amount of data generated by communi-
cation networks is a treasure trove for researchers
studying network behavior. This data comes in all
sizes, from small-scale studies to massive datasets.
It's crucial for not just operating and maintaining
the networks that make up the internet, but also for
analyzing, simulating, and emulating their behavior.

Data mining techniques, like artificial neural net-
works and decision trees, can be used to analyze
this data and predict future trends and network
behavior. This valuable information helps businesses
make informed decisions. Additionally, data mining
can answer complex questions in industries where
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traditional methods were too slow.

Even better, these data mining methods work with
existing software and hardware, getting the most out
of the information we already possess.[5]

2 Scope and Objectives

The scope of this study is to develop a prototype
or proof of concept that leverages data mining tech-
niques to provide early warnings and growth forecasts
specifically tailored for the Information and Commu-
nication Technology (ICT) industry. This prototype
aims to address the critical need for high availability
and predictive capabilities within the ICT sector by
utilizing big data, particularly from real-time system
logs. However, the primary objective of this study
is to create a prototype that can accurately predict
load and growth trends in the ICT industry using data
mining techniques. This involves:

+ Demonstrating the feasibility of using data min-
ing for early warning systems and growth fore-
casting in the ICT sector.

+ Utilizing the MIT Reality Mining dataset to identify
trends and potential reasons behind them, serv-
ing as a proxy for real-world data.

* Providing a guideline for telecommunications
companies (Telcos) to implement data ware-
houses tailored to their specific needs, despite
the limitations of the prototype.

+ Ensuring that the prototype adheres to high stan-
dards of availability and reliability, such as the
Sigma Six standard, and addresses the costs as-
sociated with redundancy.

3 STATE-OF-THE-ART

Data mining, sometimes called knowledge discov-
ery, is the process of analyzing large amounts of
information from various angles. This analysis helps
uncover hidden patterns and extract valuable insights.
Businesses can use this knowledge to make informed
decisions, such as increasing profits, reducing costs, or
both. Data mining acts like a computer-assisted tool
for sifting through data and extracting its meaning. It
allows businesses to predict future trends and answer

complex questions that were previously too time-
consuming to tackle. Imagine having a tool that can
uncover hidden connections between your customer
data. Data mining software does just that! It goes
beyond simply rearranging information; it acts like a
detective, revealing previously unknown relationships
among data points. This allows businesses to identify
customers with similar interests, a valuable asset
for targeted marketing campaigns and personalized
customer experiences.

In[6]Data mining, though still a young field, is
already making waves in a wide range of industries,
including retail, finance, healthcare, manufacturing,
and aerospace. Companies are using data mining
techniques to unlock the power of their historical
data (chronological information). Think of it as sifting
through a warehouse full of information. Data mining
uses pattern recognition, statistics, and math to iden-
tify hidden gems: important trends, relationships, and
anomalies that might otherwise be missed [7].Data
mining technology goes beyond just analyzing data;
it's a powerful tool for uncovering new business
opportunities. By using computer algorithms, data
mining automatically identifies trends and patterns in
massive datasets. This allows companies to answer
questions that previously required extensive testing,
directly from the information they already have.In
[8] Data mining isn't just about analyzing data; it's a
powerful tool for making predictions. Take targeted
advertising, for example. Data mining can analyze
past marketing campaigns to identify which audiences
are most likely to respond to future campaigns. This
predictive power extends beyond marketing. It can
be used to forecast financial risks like bankruptcy
or loan defaults. Data mining can also help identify
groups of people who are likely to react similarly
to specific situations[9].0ne of data mining's super-
powers is automatically finding hidden patterns in
vast datasets. Imagine sifting through mountains of
data and uncovering previously unknown trends and
relationships.

In [10],the classification of extraordinary infor-
mation documentation that might be causing data
errors and mistakes requires further exploration and
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analysis. This involves association rule learning (de-
pendency modeling).In [11]Data miningisn't just about
finding patterns; it can also reveal hidden connections
between different pieces of information. Imagine a
supermarket that tracks customer purchases. Data
mining can help them discover which products are
often bought together, like peanut butter and jelly.
This knowledge is gold! They can use it to target ad-
vertising campaigns, optimize product placement on
shelves, and boost sales. Another powerful technique
is called clustering. This involves grouping similar data
points together. For instance, a bank might use data
mining to cluster customers based on their spending
habits. This allows them to target specific groups with
relevant marketing campaigns and manage risk more
effectively[12].Imagine you have a pile of incoming
emails. Data mining with classification can help sort
them automatically! It assigns new data points to pre-
defined categories, like labeling emails as "spam" or
"important." This technique is like a detective looking
for the best fit. It finds a formula that most accurately
predicts future values based on existing data. For
example, a company might use regression to forecast
future sales based on past trends. Data mining can
condense massive datasets into easy-to-understand
summaries. It helps you see the bigger picture by
identifying key trends and generating reports you can
use for better decision-making.

3.1 How does data mining work?

The ever-growing field of big data can feel overwhelm-
ing, with complex algorithms and models. Data mining
bridges the gap between the two.lt uses software to
analyze relationships and patterns hidden within large
datasets, unlocking valuable customer insights.These
software tools often rely on various logical schemes,
including statistics, machine learning, and neural net-
works.Here's how data mining utilizes some common
association types.This involves sorting data points
into predefined categories.For example, a coffee
chain might use data mining to classify customers
based on their purchase history.This allows them to
identify loyal customers and tailor promotions to their
preferences.In essence, data mining helps businesses
make sense of big data by uncovering valuable cus-

tomer insights that can be used to improve sales and
marketing efforts[13].

3.2 Data mining techniques

Data mining uses various techniques to uncover hid-
den patterns in data. Here are some of the most com-
mon ones:

3.2.1 Grouping

This technique clusters data points with similar
characteristics[14].For example, a retail store might
group customers based on their shopping habits
to identify market segments and tailor marketing
campaigns.

3.2.2 Association

This method helps discover relationships between
different pieces of data.lmagine a grocery store an-
alyzing customer purchases to see what items are
often bought together, like bread and milk.This knowl-
edge can be used to optimize product placement on
shelves[15].

3.2.3 Sequential Patterns

This technique predicts future behaviour based on
past sequences. For instance, an online retailer might
use sequential patterns to predict the probability of
a customer buying a backpack based on their past
purchases.

3.3 Data Mining Algorithms
Here's a deeper dive into some specific data mining al-
gorithms:

3.3.1 Genetic Algorithms
Inspired by natural selection, this technique mimics
evolution to find the best solution to a problem. Ge-
netic algorithms are a particular class of evolutionary
algorithms that use techniques inspired by evolution-
ary biology such as mutation, selection, and crossover
(also called recombination). This algorithm imitates
the Darwinian idea that Nature is the best optimizer.
In the manuscript on Genetic Algorithms, include:

1. Basic Principles:  Description of selection,
crossover, mutation, and fitness evaluation.
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2. Applications: Examples of GAs in optimization,
machine learning, scheduling, and design.

3. Implementation Parameters: Population size,
crossover rate, mutation rate, selection methods,
and termination criteria.

3.3.2 Decision Trees

Imagine a flowchart with questions leading to different
outcomes. Decision trees use a tree-like structure with
questions at each branch to classify data points. For ex-
ample, a bank might use a decision tree to assess a cus-
tomer’s loan eligibility based on income, credit score,
and other factors[16]. (CART and CHAID are two spe-
cific types of decision trees with different approaches
to splitting data.)

3.3.3 Rule Induction

This technique identifies "if-then" rules from data.
Imagine a set of rules like "if a customer buys a
camera, then they are more likely to buy a memory
card." These rules can be used for targeted marketing
or product recommendations.

3.3.4 Data Visualization

This involves creating charts and graphs to visually
represent complex data relationships. These visuals
help identify trends and patterns that might be diffi-
cult to spot in raw data. By using these techniques,
data mining empowers businesses to make data-
driven decisions and gain valuable insights from their
information.

4 TECHNICAL SECTION

4.1 Dataset

To conduct our data mining analysis, we utilized Weka,
a freely available and open-source software specifi-
cally designed for data mining tasks.The data set was

obtained from http://reality.mediamit.edu/download.php

named Single subject.Then this dataset was im-
ported in MySQL.After that it was imported in .csv
files.These.csv files were then used in Weka for an-
alyzing and determining the variations using data
mining techniques. Here are the steps to import
any file into Weka and analyze it.This tutorial is

conducted on Linux, an open-source operating sys-
tem: Download the latest version of Weka from
http://prdownloads.sourceforge.net/weka/weka-3-6-
6.zip This version is suitable for the Linux environ-
ment.Unzip the downloaded file.Open the terminal
and Navigate to the folder where you unzipped the
file.Run the following command: java -jar weka.jar

4.2 The reality mining dataset

The Reality Mining project is the largest mobile phone
study ever conducted in academia.lt collects an un-
precedented amount of data on participants’ daily
lives, creating a massive dataset that will be freely
available to researchers worldwide.This data will
include information on over 50,000 hours of human
activity, equivalent to roughly 60 years of continuous
data.According to David Lazer, a renowned social
network researcher at Harvard, this project has the
potential to revolutionize the field of social network
research.[17].

4.3 Data types

The Reality Mining project involves 100 participants
using Nokia 6600 smartphones.These phones have
custom software installed, designed by the University
of Helsinki, that runs in the background and collects
data.The MIT Media Lab forms the bulk of the par-
ticipants, making up 75 percent of the group. The
remaining 25 participants are external students from
the nearby MIT Sloan Business School.

The group at the Media Lab includes 20 master’s
students from outside MIT and 5 MIT freshmen.The
data collected includes: Call logs (who you called
and when), Nearby Bluetooth devices (identifies
other participants you're near), Cell tower IDs (tracks
your location), App usage (what apps you use and
for how long), Phone status (charging, idle).This
nine-month study is expected to generate data equiv-
alent to roughly 500,000 hours of information on
the participants’ location, communication patterns,
and app usage.After the study is complete, a public,
anonymized version of the dataset will be released for
other researchers to use.
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Table 1. Data mining algorithm table

Proposer

Algorith
gorithm Provider

Description

Applicability

Pros (features) Cons

Classification algorithm provided

by Microsoft SQL Server Analysis
Microsoft SQL,  Services Used in analytical modelling
Server Analysis  of discrete and continuous attributes.

Makes a model that generates a

chain of nodes in a tree

Decisions Trees

Applies in investigative
analysis and prediction
also used for Exploration

Quick implementation. Simple
to understand. Performance is
better in terms of

large data. Generates Symbolic
description. High dimensional is
no longer a problem

Enormous search space
Easily not expressible
Optimal decisions are
made that doesn't
guarantee to return
globally optimal tree

Classification algorithm builds

a decision tree from a fixed

set of instances. The resulting

tree is used for the classification of
future samples. Requires attribute value
description, predefined and discrete
classes.

D3 R inl
0ss Quinlan methods

Applied in inductive

Not able to grip
non-numeric data easily.
Experiences over fitting,
Might be quite large.
Reduction is required

Easily understandable and
good for generating rules.

Simple iterative method. One of

the popular clustering algorithms.
Partitions a given data set into

users specified number of clusters k.
The algorithm iterates between

two steps, named data assignment
and relocation of means till

K-means algorithm  Stuart Lloyd

convergence.

Particularly applied when using
heuristics Applied in computer vision.
Often used as a pre processing step
for other algorithms.

It will falter, whenever

the data is not well described.
Converges when the assignments
do not change. Quite sensitive to
initial centroid location Convergence
is only to a local optimum.

Scalable, easily understandable-able.
Simple can be easily modified to deal
with streaming data.

4.4 Phone usage statistics

The Reality Mining project offered a unique oppor-
tunity to study how people use their phones for an
extended period.By tracking phone usage for 100
participants, the researchers gained insights into both
user habits and phone design. For example,the study
revealed that 35 percent of participants used the
clock function regularly,primarily for setting alarms
and hitting snooze. Interestingly,this frequently used
function required ten keystrokes to access from the
default settings. This suggests that commonly used
features might benefit from easier accessibility.The
study also found that certain features,like the alarm
clock, were used more frequently at home compared
to work environments.The text below the passage
likely includes a chart displaying this data.Perhaps
most surprisingly, regardless of the participants’ tech-
nical expertise, even complex phone features weren't
used extensively.In fact, the simple pre-installed
game "Snake" was used just as much as the more
sophisticated Media Player application [18].

While studying app usage offers valuable in-
sights,the Reality Mining project underscores the
phone's primary function: communication.The data
reveals a clear dominance of voice calls.A whopping
81 percent of phone interactions involved placing or
answering calls [19].Interestingly, voice calls weren't
the only communication method. Text messages

Calendar E Ewmke -
or
Clock I Other |1
Video Recorder g B

Media Player F 4
Photo Gallery ] 4

Camers —

Snake @ B
Web Browser =l b
L L L L L
0 0.02 0.04 0.06 0.08 0.1 0.12

Figure 2. Aggregate application usage in co ntext

accounted for 5 percent of interactions, and emails
made up another 13 percent.By understanding users’
communication routines, phone designs could be
optimized. For example, frequently used features
could be placed in more prominent locations.This
could improve overall phone usability.As we'll explore
later, these improvements can be further enhanced
by considering a user’s social network.

Voice 08
Text Messaging 16
04
Data 02
10 2 El 9 2 60 0 80

Subjects

Figure 3. Communication usage patterns
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4.5 Data characterization and validation
The Reality Mining project aimed to collect data contin-
uously, but there were occasional interruptions.These
interruptions, fortunately, didn't affect critical infor-
mation.A small program was installed to automatically
start data collection upon phone startup and to
keep checking if it's running. Ideally, this program
would ensure continuous data collection [20].1t also
guaranteed data collection began immediately after
turning on the phone. However, while this program
aimed to be active most of the time the phone was
on, the collected data wasn't entirely error-free.The
next section discusses three ways errors might occur:
data corruption, software malfunction, and, most
importantly, user error.

4.6 Data corruption

The Reality Mining project initially stored all collected
data on a phone's flash memory card, which has
a limited lifespan. Unfortunately, early versions of
the data collection software repeatedly wrote to the
same memory locations[21].This caused the cards
to fail after about a month of data collection, result-
ing in complete data loss. We then modified the
software to temporarily store data in the phone’s
RAM before transferring it to the flash memory
card.Thankfully, this change prevented further com-
plete data loss.However, ten cards failed before the
issue was identified, leading to data loss for four
Media Lab students and six Sloan students for the
months of August and September[22].

4.7 Bluetooth errors

This study aims to see how accurate phone data is for
mapping social connections. However, there's a hur-
dle to consider: Bluetooth range.Bluetooth typically
reaches only 10 meters, and walls can further limit it
[23].This means people who aren't truly close might
be mistakenly logged as being together.Another chal-
lenge is the data collection interval. Since information
is only collected every five minutes, brief interactions
might be entirely missed. There's also a small chance
that a nearby phone might not be detected during
a scan. This could be caused by two factors.A minor
issue with the phone’s Bluetooth function, called the

"BTServer," can crash about once every three days.
This has a minimal impact on overall data accuracy.The
data collection process itself might miss a device dur-
ing a scan. However,it's important to note that this
study benefits from both phones actively searching for
each other.This significantly reduces the chances of
missing a connection due to these limitations. Here's
a positive aspect of using phone data in this study:
since both participants’ phones are actively searching
for each other,the chance of missing a connection
due to a software crash or detection issue is very
low-less than 1 in 1,000 scans.Our research at MIT
suggests that these limitations have a minimal impact
on identifying strong social connections.Even with
some "background noise" from occasional errors, the
data can still accurately capture close relationships
based on frequent communication and Bluetooth
proximity. However, it's important to consider that
university communities might not be representative
of the broader population [24].

Errors and inaccuracies might be more significant
in other social settings.If further studies show that
from errors the level of "background noise" is very
high, there are ways to improve the accuracy of the
data. One approach leverages the time information
in the Bluetooth ID (BTID) logs.For example, someone
briefly walking by another person would likely enter
and leave the record at different times than members
of a group actually interacting. Similar logic can be
applied to identify other unusual patterns in the data.

4.7.1 Human-induced errors

This dataset includes two main types of human errors
caused by phone usage: Phone turned off in which
Users may intentionally turn off their phones or
let the battery die.Our research suggests that, on
average, participants reported letting their batteries
die about 2.5 times per month. Additionally, one-fifth
of the participants regularly turned their phones off
in specific situations, like classes, movies, or most
commonly, while sleeping [25].To minimize data loss
when phones are turned off, the project timestamps
the event right before the battery dies and pauses
data collection. Phone restarts create a new times-
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tamped record. However, another challenge emerges:
misplaced phones. Our study revealed varying for-
getfulness: 30 percent of participants never misplace
their phones, 40 percent experience it once a month,
and the remaining 30 percent misplace them once a
week [26].

Distinguishing between a phone being on but for-
gotten and simply left at home or work is a significant
hurdle.To address this, we developed a 'forgotten
phone’ classifier.This classifier relies on a combination
of factors: location remaining constant for a period,
phone being charged, and inactivity regarding calls,
texts, and alarms. When tested on a portion of the
dataset with labeled data, the classifier successfully
identified days when the phone was forgotten. How-
ever, it also misclassified a day when a participant
stayed home sick. Filtering out days when the phone
is off ensures we only analyze data when the phone is
with the user. However, this approach might discard
valuable information from days when the phone is
simply turned off. A more complex challenge is deter-
mining if a user briefly leaves their workplace without
their phone. This seems to be a common occurrence
for many participants, and there’s no single clear
way to definitively categorize this behavior.The good
news is, as discussed in the evaluation section of the
research, these occasional separations don't signifi-
cantly impact the strong correlation between physical
proximity and self-reported communication.Building
on the findings from the association analysis, frequent
physical proximity within the workplace does offer
some insight. However, the real value lies in uncov-
ering external interactions between participants. In
these external settings, users are less likely to leave
their phones behind.

4.8 Missing data

Since we know who participated in the study and when
data was collected, we can identify missing informa-
tion. There are two main reasons for missing data, as
discussed earlier: data corruption and phones being
turned off.The good news is that we have usable data
for about 85.3 percent of the total time the phones
were active.Only a small portion, around 5 percent, is
due to data errors.The bulk of the missing 14.7 percent

can be attributed to around 20 percent of participants
powering off their phones at night[27].

4.9 Surveys and diaries vs. phone data
To validate the accuracy of our data in capturing social
network dynamics, we asked students using Nokia
6600 phones to complete online surveys about their
social interactions and collaborators throughout the
day [28]. By comparing survey responses with the
collected data, we found strong correlations between
the frequency of self-reported communication and
the number of logged Bluetooth IDs (correlation
coefficient R=0.78, p-value=0.003).This suggests that
more frequent Bluetooth connections aligned with
participants reporting more communication. We also
found strong correlations self-reported interactions
between two people (dyadic data) and the correspond-
ing data on physical proximity (dyadic immediacy data)
(correlation coefficient R=0.74, p-value=0.0001).This
indicates that people who reported interacting more
often were also physically closer more frequently
according to Bluetooth data.To ensure data accuracy,
a smaller group of participants meticulously recorded
their movements for several months. Analysis con-
firmed the information regarding physical closeness
(immediacy) and location to be reliable, with the only
gaps occurring when phones were powered off [29].

4.10 Research design and methodology
The Reality Mining project has three main goals:

Develop technology and algorithms to understand,
model, and potentially influence human behavior.

Sense user behavior using phone sensors that col-
lect data on location, proximity, communication, and
phone usage.

Build models based on data collected from a pilot
study involving 100 participants over eight months,
representing roughly 500,000 hours (equivalent to 60
years) of human activity.

The study participants:

70 people from the MIT Media Lab 30 external stu-
dents from the nearby MIT Sloan Business School Fu-
ture plans:

Develop algorithms to create improved models of
social networks. Explore ways to use proximity-based

89



VFAST Transactions on Software Engineering Volume 12, Issue 3, 2024

prompts to influence real-world social interactions.

4.11 Continuous Bluetooth scanning

The fact that most modern smartphones have built-in
short-range RF networks, like Bluetooth or Wi-Fi Direct,
presents a promising opportunity for example, This re-
search leverages two features of modern phones to
pinpoint location and activity. Cellular networks (like
GSM) and Bluetooth. The Cell towers transmit signals
to phones, and based on the nearest tower a phone
connects to, its general location can be estimated. This
is similar to how cell phone calls work. While Bluetooth
is a shorter-range wireless technology used for con-
necting devices like phones and laptops within a few
meters. Reality Mining utilizes Bluetooth in a new way.

4.11.1 How Bluetooth helps with location

tracking
Every Bluetooth device can "see" other Bluetooth
devices nearby. When a phone detects another
Bluetooth device, it collects some information: Like a
fingerprint, every device has a unique BTID. Users can
give their devices names (e.g., "Tony's Nokia").

4.11.2 Device type

A code indicating the type of device (phone, laptop,
etc.).While Bluetooth adoption was slow initially, it's
now common in phones. This makes BTID data valu-
able for understanding how people interact with each
other based on their proximity [30].

While Bluetooth was originally designed to connect
phones to headsets and laptops, it has an unexpected
benefit. Bluetooth devices can detect other nearby
Bluetooth devices. This research takes advantage of
this by using a software program called Blue Aware.
Blue Aware runs silently in the background on compat-
ible phones and collects data whenever the phone is
on. It detects and logs the unique identifiers (BTIDs) of
other Bluetooth devices nearby.It timestamps these
encounters to create a record of physical proximity.

This is similar to the Jabberwocky project [31], but
with a key difference. Jabberwocky focused on desktop
computers, while Blue Aware leverages the always-on
nature of Bluetooth in phones to continuously collect
data. The study referenced in [31] continuously trans-

mitted newly discovered Bluetooth IDs, which could
drain a phone's battery in about 18 hours.

While constant monitoring provides richer data,
most users expect their phones to last longer than
that. To address this, Blue Aware: Searches for nearby
devices every five minutes: This strikes a balance
between data collection and battery life, ensuring
standby times exceeding 36 hours for most phones.
Alerts users at startup: A notification informs users
that Blue Aware is running in the background. Pro-
vides a user interface: Users can see the data being
collected, choose to remove specific data points, or
disable logging entirely. While Blue Aware runs on
phones, Bluedar is a separate device designed for
public spaces.

Bluedar continuously searches for nearby Blue-
tooth devices. It transmits the discovered Bluetooth
IDs (BTIDs) wirelessly to a server over a Wi-Fi network
(802.11b). Bluedar is a Bluetooth beacon built using a
Class 2 Bluetooth chipset. It connects to the internet
via an 802.11b wireless bridge housed in a discreet
box. The system is controlled remotely through a
web server. Bluedar's Class 2 Bluetooth chipset has a
wider range than phones, typically detecting devices
within 25 meters. The project is currently exploring
the use of Bluedar data to develop a "proximity-based
preface package" (the purpose of this package is not
explained in the provided text).

4.12 Cell tower probability distributions
Many researchers have explored using cell tower IDs
to pinpoint user location. For example, Lausanne ET
AL. proposed a method for estimating positions based
on cell tower data. However, there are significant
challenges. Cell phones can detect towers from miles
away, leading to imprecise location estimates. In
cities, phones can be in range of many towers simul-
taneously, making it difficult to determine the exact
location. Including signal strength data can improve
accuracy, but signal can be distorted by reflections
(multi path deformation). Even at the same location,
phones can connect to different towers based on
factors like signal strength and network traffic.

The Reality Mining project addressed these limita-
tions by using Bluetooth data. Time spent in one loca-
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tion by analyzing how long a phone stays connected
to a tower, we can estimate the likelihood of it being
the true location. We only considered cell towers iden-
tified when a stationary Bluetooth device was also de-
tected, ensuring the user was within a 10-meter radius.
This approach combines cell tower data with Bluetooth
verification for a more accurate understanding of user
location.

The study found limitations in using cell tower
data to pinpoint user location within a 10-meter
radius. Users in the same office (users 2 and 4) had
similar cell tower patterns despite spending different
amounts of time there. Users in a different area
(users 1 and 5) had fewer unique cell towers than
those in the office. User 3, in a separate office, had a
mix of cell tower patterns from the other two groups.
While cell tower mapping techniques are improving,
they may not always meet the high accuracy needs
of some location-based applications. The project
explored using stationary Bluetooth device IDs as an
additional location indicator. This approach signifi-
cantly improved user localization, especially indoors.
Buildings with weak cell signals often have many
stationary Bluetooth devices (like computers). Overall,
participants lacked cell reception 6 percent of the
time but were still within range of a Bluetooth device
or another phone 21 percent and 29 percent of the
time, respectively. The researchers expect Bluetooth
coverage to increase as the technology becomes more
widespread in devices[32].

4.13 Privacy Implications

Concerns about privacy are understandable when
studying data from real people. However, this re-
search was conducted ethically with informed consent
from all 100 participants. The project envisions a
future where phones have more powerful processors
and can analyze data directly on the device. In this
scenario, insights could be generated in real-time with-
out needing to send data elsewhere. Unfortunately,
current phone technology can't run the complex mod-
els needed for such on-device analysis. Therefore,
this research focuses on demonstrating the potential
of phone-collected data, not creating a deployable
system outside a research setting.

5 EXPERIMENTS

We have selected an open-source tool for applying
data mining techniques due to its extensive func-
tionality. This tool allows us to extract data for
testing or to perform abstract-level analysis by quickly
developing clusters from the available data. It is
particularly effective for analyzing large datasets in
a short amount of time. For this tutorial, we will use
Weka version 3.6.6 to demonstrate how to analyze
data using this tool. For Weka, the JDK needs to be
installed on your machine. We have installed the latest
version of the JDK for this purpose. The installation
process for Weka is straightforward. Simply go to
http://sourceforge.net/projects/weka/files/weka-3-6-
windows-jre/3.6.6/weka-3-6 6jre.exe/download and
download the .exe file. This installer will automatically
install Weka along with the latest version of the JDK.

| have not installed JDK on my machine so | am us-
ing this version of Weka. Alternatively, a version of
Weka is available that does not include the JDK instal-
lation.

If you already have the JDK installed on your
machine, you can download this version from
http://sourceforge.net/projects/weka/files

/weka-3-6- windows/3.6.6/weka-3-6.exe/download
. However, we will proceed with the .exe file that in-
cludes the |DK. Double-click on the .exe file to start
the installation process. Simply press the NEXT button.
And then after reading the terms and conditions click
on —I agree. Then on the next screen from the drop-
down list select the —full and make sure that —Asso-
ciate files| and —install jre should be checked(for jdk
installation). And press —NEXT. Now select the folder
where you want to save it by clicking —Browse but-
ton. | have selected the default which was given and
gone to the next screen. the installation process be-
gins when you click "Install." A progress bar window
will open, followed by a command prompt for the JDK
installation. Press "Install" to proceed with the JDK in-
stallation. Once the JDK installation is complete, click
"Finish" to close the window. The Weka installation will
resume; click "Next" to proceed and then "Finish" to
close the installation window. To start Weka, go to the
Start menu and select Weka. When Weka opens for
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the first time, a pop-up screen will appear. Choose "Ex-
plorer" from this screen to access the data exploration
functionality. Here, you can analyze the type of data
and determine how to extract the necessary informa-
tion from the available data.

O ® ® Weka GUI Chooser

Jrogram Visualization Tools Help
Applications

Explorer

8 WEKA

The University
of Waikato

Experimenter

Waikato Environment for Knowledge Analysis

KnowledgeFlow
Version 3.6.6

(c) 1999 - 2011
The University of Waikato
Hamilton, New Zealand

Simple CLI

Figure 4. Weka Pop Up Screen

When you first open WEKA, a pop-up screen will ap-
pear. Select "Explorer" from this screen. On the next
screen, choose "Open file" and select a .csv file, which
we have obtained from MySQL.The data was originally
in .sql format, and we converted it to .csv format to
use it in WEKA for analysis.l used another open-source
tool, WAMP server, to utilize its MySQL.The file was
imported into MySQL and then exported as a .csv file.
WEKA supports .csv and .arff file formats.Now, we
have several .csv files derived from the original .sql
file, as it contained multiple tables with millions of
records. The challenge faced was that WEKA does not
have the capacity to load large files into memory.

Our initial dataset files were likely too large for
efficient analysis. We reduced their size (unspecified
method) before loading them. While the results
were acceptable, Weka offers a wider range of pos-
sibilities. As mentioned earlier, Weka supports both
.arff and .csv file formats. Here are the specific
files we obtained after processing the .sql schema:
activityspan.csv, cellspan.csv, callspan.csv (used in
the example below), cellname.csv, celltower.csv, cov-
erspan.csv, device.csv, devicespan.csv, person.csv,
phonenumber.csv, singlesubject.csv.

We can use Weka to explore and analyze this pre-
pared data. Weka offers various algorithms for data

U Weke Explorer
[Preprocess| [Cusica] I

o

] Open URL.. Open DB. [ Generate

Name: None Type: None

Attrbutes: None

[ Visualize Al

Figure 5. Weka Explorer Screen

nnnnnnn

Status
Welcome to the Weka Explorer Log

Figure 6. Weka Open file screen

manipulation and visualization. These algorithms help
us extract specific information and present it in a way
that's easier to understand. This example focuses on
the callspan.csv file, which contains call data for individ-
uals. It shows the call start and end times. By selecting
attributes from the left-hand side in Weka's interface,
we can see how their values affect the data displayed
on the right.

In the figure above we have chosen the clustering
algorithm (EM-1 100 -N -1 -M 1,0E-6 -S 100), this is cho-
sen by clicking the choose button from the cluster tab.
Then select the option —Use training set and select the
option Store clusters for visualizations and then click
start to start visualization. Here, we can observe the
specific times and duration during which customers
are using a particular network service.

The figure above illustrates the data in cluster
form, where the data is denser. Empty slots indicate
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Figure 8. Weka Cluster tab Screen

errors; however, the given data has a very low error
rate. Most of the data is organized into well-defined
clusters. When data is highly organized with no gaps, it
is considered dense. Conversely, empty areas indicate
errors in the data. Some data may be scattered and
not part of any cluster. When making decisions, we
focus on clusters where the maximum number of
customers are concentrated.

This is an example of applying an algorithm to an-
alyze our data and aid in decision-making. The details
of the K-Means algorithm were discussed in previous
sections. Essentially, it provides a summary: if a cer-
tain condition is met, then a specific result follows.

w0 ndine et
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Figure 9. End Time Start Time Screen

Pt TN WL W J A TE W VT EETRR
Prerocess | Gassfy) Custer | ssocae | sectatvbutes | Viaae
Qe

roose. | SimpleKMeans 112-A ek core EucdeanDitance 2 frst-s” 15005 10

Custe nade Custerescuput

© Use banngset informtion =

Suppled estset
R fhrst-last® -1 500 -5 10

Pecntoge it
Qasss to st evkaion

] Store hstersfor visalaaton

Iy atvbutes

st
Resdtlst ight dck for opns)
151508 - Smoeovesns

Cluster centroids:

acuribute

starttize
person oid

“Sets

Figure 10. Cluster Output Screen

The following is a refined summary of the results
obtained by applying the K-Means algorithm to our
data. Different clusters have been formed according
to this algorithm. Errors (empty values) are filled by
taking the mean or mode of the data.

This analysis focuses on the closeness of the data
for a single attribute, although it applies to the entire
dataset. It may be other attributes. We have analyzed
this attribute along with others in the dataset to under-
stand the conditions under which data forms clusters.
This observation holds true for all attributes except for
person ID.

Inthe figure above, different headers are displayed,
including person ID, end time, and duration. Person ID
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Humber of iterations: 13
Within cluster sum of squared errors: 19910.67837938635
Missing values globally replaced with mean/mode

Cluster centroids:
Clusters

Atrcribute Full Data a F:

(2930) (4473) (4457)
oid 120977.5 123204.8156 118742.1887
endtims 9/4/2004 18:30 11/19/2004 7:17 3/4/2004 1B:30
starttime B/19/2004 9:20 11/12/2004 10:15 8/19/2004 9:20
person_cid 29 29 29
duration 0:00:00 0:00:00 0:00:00

Clustered Instances

a 4473 { 50%)
1 4457 | 50%)

Figure 14. Visualize screen 2

Figure 11. Data Screen

Figure 12. Plot matrix screen

serves as a unique identifier for each individual, similar
to a primary key in databases, ensuring each user has a
distinct and non-duplicated identifier. OID represents
the unique call ID assigned to each call, ensuring each
call has a specific identifier. Start time indicates when a
callis initiated between users, while end time denotes
when the call is terminated.

Figure 13. Visualize screen

Based on this duration of the call has been calcu-
lated initially, the data was dispersed and inconsistent,
lacking uniformity and stability.

However, the graphs indicate a steady increase in
usage over time. As previously mentioned, the "old"
represents the call ID, "end time" represents the call's

end time, and "start time" represents the call's start
time. The linear patterns in the graphs suggest an in-
crease in usage.

Figure 15. Visualize screen 3

Similar to earlier observations, these graphs con-
firm a gradual and progressive rise in usage.The
graphs with linear trends depict correlations among
the attributes within that particular dataset. Ob-
serving the graphs, the abundance of blue and red
points indicates a high volume of customers at those
times. When correlated with time and other factors,
it shows that there are many callers during those
periods. Additionally, the numerous scattered points
suggest that these callers are not regular. From a
management perspective, this information helps in
making informed decisions. For instance, if a telecom-
munications company plans to launch a new package
to attract more callers, it can focus on areas of interest
identified from the clusters. Furthermore, if the com-
pany needs to back up its data, it can determine the
times when service utilization is minimal to minimize
disruption. By analyzing clusters and scattered points,
management can decide the optimal time for backups.
Utilizing such techniques allows the company to make
quick and efficient decisions to enhance its services.
Manually searching through millions of records is
time-consuming and impractical in today's business
environment. While we have used caller timings as
an example, similar analyses can be conducted on
other datasets as needed. This approach provides a
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high-level overview of the data, and for more detailed
insights and critical analysis, further exploration can
be conducted. By clicking on these clusters we will go
in more depth and we will be clear more about those
points and their specs.

Figure 16. Visualize screen 4

The graph above indicates that the data exhibits
uniformity without any variation or jitter, suggesting a
consistent pattern or similarity.

6 CONCLUSION

Extracting and analyzing information from various
perspectives to derive useful insights is known as
data mining. Using different data mining techniques,
we analyzed the MIT Reality Mining dataset, which
was sourced from MIT and provided in SQL format.
This dataset contains usage data for one hundred
users, including their call timings and durations. We
selected an open-source tool to import the datasets
and perform the analysis. The data was converted
to .csv format and then to.arff format, which is com-
patible with Weka. These converted files were then
analyzed in Weka to identify variations and disparities
using data mining techniques. By applying different
data mining methods, we were able to clean the
dataset of various errors, observe the increase and
growth in usage, and track the gradual and steady
increase in data, which was initially scattered and
inconsistent. Different graphs were drawn to illustrate
the data scattering, gradually increasing usage, and
variations in data. This level of analysis would not
have been possible without data mining techniques,
which are essential for extracting useful information
from large databases and making quick decisions.
Using the MIT Reality Mining dataset and various data
mining techniques, we found that the Weka tool was
very effective in highlighting the key features and

characteristics of the telecom industry. Specifically,
the Weka tool helped us distinguish the major aspects
of the telecom industry. Our analysis focused on user
concerns, such as how long users stay connected to
the network, the duration of calls, and the length of
time consumers use the allocated bandwidth.

6.1 Future Work

We leveraged the data mining capabilities of Weka to
uncover key user concerns within the telecom industry.
We analyzed how long users connect to the network,
maintain calls, and utilize the allocated bandwidth. In
the future, our work can be expanded to evaluate dif-
ferent types of networks under various scenarios. This
will enable companies to make informed decisions
quickly. In this section (and others as necessary), we
detail how we compared the software, with relevant
subsections. Additionally, we may need to explain why
certain software was not included in our analysis and
how it could be incorporated in future studies.
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