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Abstract. Reality mining project work on Ubiquitous Mobile $gms (UMSs)

that allow for automated capturing of events. Rgd#itning demonstrates the
power of collecting not only communication infornaat but also location and
proximity data from mobile phones over an extenpedod. On the other hand
Process mining aims at extracting information frewent logs to capture the
process as it is being executed. Process minirgy @alpports analysis of the
performance of processes including Qualitative ndhntitative analysis for
captured process model. This paper introduces gsanining to modeling and
analyzing reality mining dataset.

Keywords: Process mining; workflow mining; reality miningpiquitous
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1 I ntroduction

The Reality Mining project introduced by MIT (Massaisetts Institute of
Technology) Media Laboratory to study followed Q4bjects using mobile phones
preinstalled with several pieces of software tieabrded and sent the researcher data
about call logs, Bluetooth devices in proximity afproximately five meters, cell
tower IDs, application usage, and phone status[T42& collected information by 94
human subjects over the course of the academicrgpegsent approximately 450,000
hour of information about users’ location, commuatiizn and device usage behavior
[3].Reality Mining demonstrate the power of collagt not only communication
information but also location and proximity dateorfr mobile phones over an
extended period, and compare the resulting betavsocial network to self-reported
relationships from the same group [1].

The goal of process mining is to reverse the poessl collect data at runtime to
support workflow design and analysis [4]. Proceswimg aims at extracting
information from event logs to capture the busingseess as it is being executed [5].
The main benefit of process mining techniques & ihformation is objectively
compiled. In other words, process mining techniqaeshelpful because they gather
information about what is actually happening acowdto an event log of
organization not what people think that is happgmimnthis organization [5].
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Fig. 1. Three types of process mining: (1) Discovery,G@nformance, and (3) Extension

In this paper we present a case study where weg @pptess mining techniques to
modeling and analysis reality mining dataset thatkvon Ubiquitous Mobile Systems
(UMSs). As reality mining dataset gathered frommd®users’ activities “event logs
as called in process mining” so there are severepectives to study this data and
also there are several techniques in process mitwingiodeling and analysis this
event logs. We will use ProM framework as a mato@s that was developed to
support the various forms of process mining [6-7].

This paper structure as follows: Section 2 providesoverview about process
mining concepts and techniques. Section 3 provaesview about reality mining
goals and dataset structure. In section 4 we agpglgess mining on reality mining
dataset. Section 5 concludes this paper.

2 Process Mining

Instead of starting with a process design, procedésing starts by gathering
information about the processes as they take pkmeany information system using
transactional systems or PAIS (Process Aware Irdtion System) such as ERP
(Enterprise resource planning), CRM (Customer ielghip management), B2B
(Business-to-business) and WFM (workflow managejnesystems will offer

information about the order in which the eventsaotase are executed [5]. This
information called “Event Log” and this the stadipt of process mining. Process
mining uses the information available in this everg to reconstruct the order of
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activities in the form of a graphical model (i.eopess model). The model represents
the executed processes based on the logs.

There are three classes of process mining techsigaged on whether there is an a
priori model or not as shows in Figure 1 [8]:

» Discovery: There is no a priori model and basedmwevent log we constructed the
model.

» Conformance: There is an a priori model. This masle@lompared with the event
log.

» Extension: There is an a priori model. This modedxtended with a new aspect or
perspective.

In process mining there are several techniquesidtoder process model. Each
technique has different perspective and workingtsgry. Some algorithms work with
local strategy to build model step by step and rstheork with global strategy to
work based on a one strike search for the optinmdeh And also there are there is
differentiation between ability to extracting moglelealing with noisy information,
looping, duplicate tasks, incompleteness log, dad how much of information this
model will be aware with. The following three diféamt examples of process mining
techniques:

» Alpha Mining [9]: this algorithm works based on &dtrategy technique to build
model. The alpha algorithm assumes event logs t@dmeplete and does not
contain any noise. Therefore, the alpha algorittemseénsitive to noise and
incompleteness of event logs. On the other hagilés us a quick view of natural
of workflow model we work on.

» Genetic Mining [10]: algorithm works based on glbbtategy technique to build
model. This technique can deal with noisy and aapdi tasks and can provide us
with detailed model. It based on genetic algorittwrwe can say the time against
details.

» Heuristics mining [11]: this technique extend alpdlgorithm by consider the
frequency of traces in the log. Heuristics minen ckeal with noise, and can be
used to express the main behavior.

UMSs allow for automated capturing of events. Themebe used to automatically
record human behavior and business processesadit. détis automated capturing of
events provides an interesting application domairpfocess mining [12].

3 Reality Mining

Reality mining project introduced for sensing coexplsocial systems with data
collected from 94 mobile phones. Reality Mining siers Mobile phones as
wearable sensors allow studying both individuald arganizations. We can divide
reality mining dataset [1] into six categories m&igure 2:



4 Reality Mining Via Process Mining

Subjects(Volunteers)
Data

Communications
Data

Bluetooth Scanning

Self Reported Data Locations Data
Data

Applications Data

Fig. 2. Categories of data in reality mining dataset

e Subjects Yolunteers) data: related to individual person&bimation like working
time, which group he belongs.

» Self Reported Data: related to surveys results represent what people th.

» LocationsData: in reality mining dataset locations assodiatih mobile phone
cell tower IDs, as each cell tower represent unitpoation. So locations da
related to which cell tower user belongs to duthmeytime

» Applications Data: related to which application usedinduthe time for eac
subject.

e Communications Data: related to user communicatiogdata including type ¢
communication (i.e. voice call, short messagediyection (i.e. Owgoing /
Incoming) and duation

» Bluetooth Scanning Data: related to observed devigesubject’'s mobile phor
each Bluetooth scanning tirr

Reality mining raiseinterested question®lated to user modeling. From real
mining dataset structure we can see that each agtegpresent a differer
perspective. Self reported data represent whatsuenk about friendship ar
spending time in work and so on. Others phone datarepresent the actual eve
and relations by extracting the model for each eamed patter

4 Discovering Reality via Process Mining (Mining Based on
Goals)

In this section we present three different pattentsacted from reality mining datas
via process mining techniques using ProM framev

41 Communications Pattern

This pattern related to behaviof subjects (volunteers) to make communicati
using mobile phones. In reality mining datasetdbexmunications events data fo
“for each volunteer” as following: (TIME) 2006072RT1505 (DESCRIPTION
Voice call (DIRECTION) Outgoing (DURATION) 23 (NUMBR) 617555982



Reality Mining Via Process Mining 5

[ realitycommsingleUser.mxmi :

realityCommSingleU:

save HTNIL...

Model element. Event type i (relative)

Vaice call - Outgaing Completed 58.103%
Woice call- Incoming Completed 20.426%
Vaice call - Missed Gampleted 7.02%
Shart message - Incaming Completed 6.049%
Short message - Outgoing Completed 2 3.846%
Start Day Completed 2,091%
End Day Completed . 2.091%
Packet Data - Outgeing Completed 0.373%

Fig. 3. Summary of communications event log
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Fig. 4. Communication workflow from heuristic miner
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We present one day events as a single procesadastthis process instance starts
with “Start Day” audit trial and end with “End Dayudit trail. The others available
audit trials for each instance consisting of coration between the description and
direction. By using Log Summary plug-in in ProMetlist of available audit trials in
selected population as in Figure 3.

To extract the workflow model that represents thenmunication pattern in our
selected population, we use heuristic mining [lijodathm .Figure 4 shows the
extracted model from communications log using Hias Miner plug-in in ProM.
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Fig. 5. Clustered models using DWS plug-in
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The previous workflow represents the generic comoation behavior model, but
there is no commitment to hold one pattern during time, so we use process
clustering to extract the workflow schemas from thent log. We use the DWS
(Disjunctive Workflow Schema) technique to clustgriprocess. Figure 5 shows the
extracted schemas using DWS Mining plug-in in ProM.

Log events

Number of audit trail entries: 26

Model element Event type Occurrences (absolute) Occurrences (relative)
Prane Completed 12127 s3.1818
e Completed s190 17.4138
1ogs Completed ase0 15,088
1363 7.613%
1420 s.s07%

Phonebook Complete:
Menu complec:
Clockapp Ccomplec: sea 3.738%
profilespp complec: 718 2.768%
Panbaszd comples, 202 11788
266 1.032%

268 1.024%

centext_log Complec
Start Dey Complat:
Znd Dey Complet: 268 1.028%
218 0.845%
212 0.822%
103 0.395%

£ Comples
Camera Complet
MediaGallery complet
Calendar Complat 0.138%
gs Complat
Brouser complat

18 .07
12 0.047%
1 0.0s3%
10 0.038%
s 0.035%
0.027%

MadizPlaysr Comples
BrU1 Complet
ZAppmng= Complet
Sysip Corplet 7
P51 Corples & 0.023%
mcapn Corplet @ 0.016%
eshelp Complet 3
=
1

Videoracor der Complet

0.012%
0.012%

208 000O0O0GCGLADLGRLOLOLOGOLEOERLEA A
&

Appinst Complete: 0.00a%

Fig. 6. Summary of mobile applications usage

4.2  Mobileusage pattern

This pattern related to usage of application on itaatiuring the time. Applications
event logs record which application opened in whiahe. In this pattern also we
consider one day events as a single process imstBach process instance starts with
“Start Day” audit trial and end with “End Day” atdrial. First quick statistical
analysis of applications log by extraction whatlaggpions used and the Occurrences
percentage for each one. We use Log Summary plig-gxtract Figure 6 for our
selected population.

In mobile usage pattern we focus on relativity qiplecations usage and
distribution of applications usage during the tino extract model represent
relativity of applications usage we use fuzzy mifie8]. Fuzzy miner focuses on
clustering model by aggregate the high relativeneszeAlso the Fuzzy Miner offers a
dynamic view of the process by replaying the logha model. Figure 7 shows the
extracted model using Fuzzy Miner plug-in thatdpresenting the applications usage
pattern. To extract the distribution of applicatioeage we use the Dotted Chart
analysis plug-in as shows in Figure 8. From dotiedrt it is easy to know in which
time user focus on each application.
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Fig. 8. Dotted chart for mobile applications usage model

4.3 Rélationship pattern

One of most interested raised issue from realitgimgi is “What Does Friendsh
Look Like?”and what different between self reported friendstnig actuafriendship
[1]. In reality mining project each mobile phonersthe environment for Bluetoo
devices once every 5 min, and the Bluetooth log datm as following: (TIME
20060721T111222 (wices): 000e6d2a3564 [Amy's Phone], 000e6d2b06ea’s.
Palm Pilot]

In this section we use Bluetooth logs as socialitiets to extract thesubjects’
relationship pattern, so our main focus not théviiets itself but the originators ¢
these activitis. We present each detected device by sis’ mobile as a sing|
process instance. Each process instance condisbcdudit trials, first one represe



Reality Mining Via Process Mining 9

“Meeting Source” with subject himself as originafor this audit trial, and the seco
audit trial represent “Meeting Destination” with detected devés originator for thi
audit trial.

[5] Analysis - Originator by Task Matrix (2)
originator Meeting De:

Meeting Source

u
L),
o |

54944341 1

5 925
61964979150 108]
965019959
965020029

055350883 1
955350900 1
61065350048
61065360050 48

Fig. 9. Bluetooth (scanner/detected) devices frequency

[7] Analysis - Trace Clustering

SOM Clustering (Correlation Coefficient)
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‘:'n‘qﬁ%

§ ot
Seoamiey

Fig. 10. Clustering of Bluetooth scanningocess using Trace Clustering f-in

We use the Originator by Task Matrix p-in to list the frequency of showing ea
subject as Bluetooth scanner or as detected dasisbows ilFigure 9 Also this date
conditionally highlighted based on frequency numt

Before extracting relationship model we check haw selected population de
connected with each other. By using clusterindyaiswe can grouping related d:
and take an overwe about our population. We use Trace Clusteringg-in to
clustering events, Trace Clustering f-in support multi clustering algorithm, we u
SOM algorithm and Correlation Coefficient distarfomction to grouping data,
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shows in Figure 10, This represent scanning procksstering itself not subjects
relationship clustering.

Fig. 11. Extracted social network model from Bluetooth séagmrocess

There are several techniques in process mining atldtess the social activities
mining, e.g., organizational mining, social netwankning, mining staff assignment
rules, etc. [14]. In this pattern we use Socialvidek Miner plug-in to model the
originators relationship. There are several teamsqto analysis social networks.
Figure 11 shows the model obtained by applying WharkTogether method to
analysis the social network. It is clear enouglshow that there are high related
people “i.e. showing in groups” and also theres@eeral subjects represent a central
points.

5 Conclusions

This paper focuses on applicability of process nmgnin the UMS systems. For our
case study, we have used data coming from realityngn dataset. We apply process
mining to analyzing and modeling the patterns afitg mining dataset.

Reality mining dataset is reachable and accurateginto have different realistic
patterns with different perspectives. And the \fadh process mining modeling and
analysis techniques Allow to analysis event logthwlifferent perspectives based on
goal of analysis process.

Although that process mining work with event logghvordered audit trails, there
is no restriction to use it to extract patternshwib dependency on events order like
social activities. But With large size populatiore viace limitation in clustering
process techniques in process mining, despite medlesst population included in
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largest population but process clustering providesture result just with small
population.
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