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Abstract.

Clinical pathways are highly variable and although many patienysfoha
low similar pathway each individual will experience a unique tewents, for
example with multiple repeated activities or varied sequences of i@stiro-
cess mining techniques are able to discover generalizable pathvess dra
data mining of event logs but using process mining techniquasaw clinical
pathway data to discover underlying healthcare processes is chajlelgirio
this high variability. This paper involves two main contributions tdtheare
process mining. The first contribution is developing a novel apprém event
sdection and outlier removing in order to improve pattern deteciiuh thus
representational quality. The second contribution is to demonstrae apen
access medical dataset, the MIMIC-IIl (Medical Information Mart foensive
Care) database, which has not been used in process mining puldication

In this paper, we developed a new method for variations reduct@imical
pathways dataVariation can result from outlier events that prevent capturing
clear patterns. Our approach targets the behavior of repeated activitiess
interval-based patterns to determine outlier threshold based on theotim
events occurring and the distinctive attribute of observed events.

The approach is tested on clinical pathways data for diabetes patidmts wi
congestive heart failure extracted from the MIMIC-1ll medical database and an
alyzed using the ProM process mining tool. The method has wegnmodel
precision conformance without reducing model fitn&ge were able to reduce
the number of events while making sure the mainstream patterasinaffect-
ed. We found that some activity types had a large numbeutier events
whereas other activities had a relatively few. The interval-bagedt selection
method has the potential of improve process visualization. Thiwagh is un-
dergoing implementation as an event log enhancement technique Rrakl
tool.

Keywords: process mining, healthcare proasterval pattern, variation re-
duction, feature selection, MIMIG}, event log quality

adfa, p. 1, 2011.
© Springer-Verlag Berlin Heidelberg 2011


mailto:ml13ama@leeds.ac.uk

1 I ntroduction

Process mining aims to construct a model of business prodagseusnt logs ex-
tracted from business information systems and a process discogsithah
[1]implemented in software tools such as the ProM framewaorK[RBére is growing
interest in using process mining on data from electronic health regstehs to
model and improve care processnd to reduce costs [3] despite widely recognized
issues with data quality [4].

Event logs in electronic health record systems have a considerahlatashwari-
ation whichcanhinder process model discovery. Event log preprocessing is a critical
step for process mining research and this is recogmizdite 2011 Process Mining
Manifesto [5] as the first challenge for process mini@gtliers’ events can be de-
fined as events that prevent capturing clear patterns; such eventstedfgaatity of
process mining efforts. There are different issues related to evenuddity such as
missing events, imprecise timestamps and repeated events [6]. Repestex] or
duplicate tasks, occur when the same activity has been executed multiplenttivees
same case. In critical care, for example, the incidence of repeated evagts lxe-
cause events include periodic monitoring (knownr‘charting”) of heart rate, blood
pressure and other vital signs.

From a process mining point of view, repeated activity is afsggni confounding
factor that can prevent generating useful models [7]. Typically, thdlihg of fre-
quently repeated tasks has been addressed in a model discover{Bgliseowev-
er, most current methods are tied to specific process discovery algonithich re-
strict more general use.

Dealing with repeated activity as a preprocessing step has received relatively little
attention in the process mining community. Moreover, to the bestrdénmwledge,
no existing work has tackled variation reduction of repeated activity ustingtyac
temporal patternsAlthough there are around 20 plugins in the ProM (version 6.5)
process mining tool for log preparation, only two filters can e or filtering re-
peated activity preparation. These filters are called merge subsequent evergs and r
move event type [11]. They help to reduce the number of evewsviao, no attention
is paid for preserving time information about merged/removed events.

In this paper, we aim to present a new approach to filtering the owdiat ef re-
peated activity using an interval-based selection method as a preprocessitg step
applying process mining discovery technigues as a reusable mdthisdmethod
aims to reduce the number of repeated events with more attention for pigesieevin
mainstream temporal patteffihe method uses the interval-pattern of repeated activi-
ty as a threshold to remove outlier events.

The remainder of this paper is organized as follows: related wohandling du-
plicate activity as a pre-mining step is discussed. Section 3 describes the MIMIC-III
medical dataset and outlines the healthcare data model used for eventdotoextr
Section 4 demonstrates two fundamental steps of event log preparatiodgririoo
provide a baseline event log that works as input for our interval-basedselecrtton
method. In Section 5, we present an analysis of our approachtlted evaluation
with an existing technique is conducted along with the explanationeoifiripact of



this approach on model precision and representational quality. In Séctioa con-
clusion and future work is discussed.

2 Related work

Process mining aims to construct a process model using ahlegeand a process
discovery algorithm [1]It has been applied in healthcare to improve care process and
to reduce costs [3].

A few papers in the process mining literaturgéhaddressed repeated activity as a
preprocessing step. In [12he problem of repeating tasks was addressed by refining
activity labels in a preprocess stage. This solution labeled repeated acseaty dn
its context for instance, ‘payment’ activity can occur at the start of a process instance
or at the end. Although this approach adopted accurate steps for detectagecep
activity, the method is not applicable in the case of large amount of repeated activi-
ties such as those we found in healthcare da¢zause it increases the number of
distinct activities.

Two papers [11, 13] have mentioned the idea of merging repeated exerdse
single event. This approach is implemented in ProM as an event log emieahce
filter named merge subsequent events. It aims to merge consecutits elv¢he
same activity. The merge subsequent events filter has three optioesgihg which
are 1) merge by keeping the first ever®) merge by keeping the last event 3)r
merge by considering the first as start time and the last as end time thisingethod
helps to reduce the number of events however, there are a numipgtatidnsto be
discussed. The first and second options of merging ignore tleeadmect between
events and concentrate on reducing the number of events at the tmshgftime
information. The third type of merging may result in misleadingné duration. In
this paper, our aim is to improve on these tools to address théicspbellenges of
remove outliers in healthcare event log and compare our new ntethiogl available
techniques.

3 MIMIC-I1l database

MIMIC-III (Medical Information Mart for Intensive Care)[14] is a didly available
medical research database of de-identified recofgmtients who were admitted to
the Beth Israel Deaconess Medical Centre in Boston, USA between 202Q1&hd
MIMIC-III database is integrated from multiple sources which include theitabsp
electronic health records, social security administration death master filewand
distinct critical information systems that are called Philips CareVue and iMDSoft
Metavision The different data structures between the two critical information systems
used by the hospital have largely been resolved at database integration simge. It
important medical database that provides free access to researchers under agreement
licenses which prohibit any attemptr@identify patients. Different types of medical
data are available, such as readings of vital signs, medications, laboratomuiests,



es’ and physicians’ observations and notes, fluid balance, diagnosis and treatments
codes, care giver information, length of stay and time of death.

The data comprise 58,976 hospital admissions, and 46,520 distinct o8t
of the patients are male and 44.1% are female. There are around 380 tybesaof
tory measurements and 4,589es of Intensive Care Unit (ICU) “charted” observa-
tions, such as heart rate and blood pressure. The admissiongfieewvattical care
units which are the Coronary Care Unit (CCU), Cardiac Surgery Recowveity U
(CSRU), Medical Intensive Care Unit (MICU), Surgical Intensive Care Unit (SICU)
and Trauma Surgical Intensive Care Unit (TSICU).

The MIMIC dataset has been used in 134 publications mostly describing data min
ing and machine learning approaches [15]. None of these have descpbeckss
mining approach. In this paper, we describe how we have used the MiMi&ta-
base to extract and process mined an event log in ordepliare patients’ pathways
for diabetes patients as a precursor to further work in diabetes. Guoalctidvice is
that these patients can be expected to have complex medical histories atek comp
care pathway patterns.

3.1 MIMIC-III and process mining

MIMIC-III can be used as a rich data source for process mining applisdtion
cause it has many records with timestamps that can be extractesti@slinevents.
There arel6 tables out of 26 tables in MIMIC-III database that contain medical
events. These tables are used as a healthcare data model, which is disctissed in
following section, for our healthcare process mining research.

In order to respect patient confidentiality the MIMIIC-dataset de-identification
process included obfuscation of dates. The dates of all events have bthistof
the future using time offsets randomly generated for each patient. Thizaah pre-
serves the time intervals and ensures the sequence of medical events areyinternall
consistent but it means that certain process mining analytics approaches sowk-
ing for arrival time bottlenecks cannot be used.

There are two main data types for time attributes in MIMIC-III which aretchar
time and chart date. They provide different time resolution of the eweintstance,
the chart date field has date only without time, this is because theat&ctore for
that event is not known, whereas chart time field has date and time withnfiaute
and second of that event.

Most of chart time fields are recorded in the database with two columrestister
and chart time. In healthcare proaessbservations are usually charted and then
validated by a care giver such as a nurse. The validation process usupinsap
within an hour [14] Therefore, chart time is the time when an observation is charted
while store time is the time when the observation is validated. In the scdpis of
paper, we use chart time as the event time because it is the closest to reelityeth
work we prove a structured assessment of the data quality issues relptedess
mining of MIMIC-I11I [16].



3.2 TheHealthcare Data M odel

A healthcare data model is a model that shows the relation between tahles in
medical database that may contain healthcare events. The data model is significa
process mining research because it helps to extract event logs anestama pro-
cess oriented questions [3)/e developed healthcare data model by analyzing the
MIMIC-III database and using table descriptions based on [14] Fglire1 shows
the Entity-Relationship (E-R) diagram we constructed for the MIMIC-III detab
The MIMIC-III data model is in effect a subset of the healthcare reference model that
is discussed in details [3], however is limited to data related to hospital patients
with intensive care admissions.



Fig. 1. E-R diagram of MIMICHI data model constructed using PostgreSQL.
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The relevant healthcare events in our data model can be categorized imtups g
of events which are administrative events, charted evésgs events, medication
events, billing events and report events.

In the following section, a description of the six event categories is gaaibng
with a brief description of the sourced tables, for more detail about the tables th
reader may refer to [14]

1- Administrative events identify patients admission pathways which show if
a patient has been admitted from emergency department or the patiant has
pre-arranged admission. Also, administrative events include all patiest tr
portation activities during their stan different care unitof the hospital
through toa discharge event. This group of everst$ocated in Admissions,
Callout, Transfer, ICU stay tables.
Admissions table: holds demographic information about the patient, idmtsme,
emergency department (ED) registration time ‘edred, emergency department out
time ‘edout’, discharge and death time, discharge and death time.
Callout table: contains information about the time of discharge requégharnime
of the request outcome if it is fulfilled or cancelled.
Transfer table: holds information about patient transportation such @iséhevhen
a patient is moved in or moved out of different wards which incliffierent critical
care units.
ICU stay table this is a sub-table from Transfer table especiallypfoients’ trans-
portations in Intensive Care Units (ICUs).



2- Charted events contain all bedside observations that are related to vital
signs measurements such as heart rate and blood pressure dmtettien-
tion activity. This group of events is stored in the Chart-events and Date-
time-events tables.

Chart-events table: has gltients’ charted observations. There are more than 4500
types of charted observation. The table includes information about the tigre an
observation is taken and the time of observation validation performelhimal staff.
Date-time-events tablehis table contains the observation date of particular interven-
tions such as dialysis or insertion of lines.

3- Test events correspond to all tests that have been measomatie patient
such as laboratory tests and test results. This category of éveafstured
in Output-eventsMicrobiology-events and Lab-events tables.

Output-event tablehas all output measurements for example, urine or blood. This
table stores the time and valoé the output measurement when is taken from the
patient.

Microbiology-events tabtethis table contains information about tests and antibiotic
sensitivities.

Lab-events table:this table has around 380 items for measurements some of them
related to hematology and chemistry. It records output and microbicésgits.

4- Medication events include prescribed medication and intravenous medica-
tion. These events can be extracted from Prescription and Input-&xénts-
and Input-events-MV tables.

Prescription tablethis table contains information about when a drug starts arsl end
besides prescription order if it is needed.

Input-eventsSV and Input-events8AV tables: these tables are generated from different
healthcare information systems (CareVue and Metavision) but both contain inf
mation about the time when a medication intake occurred, for example deéztal
ing, is recorded and its value. Some more transactional events are supgdrtpdt-
eventsMV table such as the time when intake is endeahdmtake order is updated

5- Billing events contain a list of medical procedures that are performed on pa-
tients that are used for billing services. Billing events can be extracted fro
CPT-events table.

CPT-events tablehis table has a list of Current Procedural Terminology (CPT) codes
for medical billing purposes. It contains information that shows thedfrperformed
procedures.

6- Report eventsinclude different types of reports such as nurse notes and ra-
diology notes. Report events are captured in thte-svent table.

Note-event table: this table has information about different typeste$ nie date of
reported notes and the ID of the caregiver who reported it.

It should be noted that, these events are distributed in various tablegenpuall
tables have the basic requirements of process mining such as, a unique idubjec
which corresponds to patient id, and a unique admission id, event, evenstime
event attributes and some resources are associated with events whietgeaeitated



from the care-givers table. Table 1 provides a summary of prodassymprinciple
components in MIMIC-I11.
Table 1. Process mining principle components in MIMIC-III

Table Has timestamp Has Has Has Has
dura- observed care cost
Time and date| Date only | tion item id * giver

Admissions yes yes yes no yes
Chart-events | yes no yes yes no
Input-CV yes no yes yes yes
Input-MV yes yes yes yes yes
Output yes no yes yes yes
Lab-events yes no yes yes yes
Prescription | yes yes yes no no
Note-events yes no no yes yes
Call yes yes no no no
Cpt-event yes no yes no yes
Procedure yes yes yes yes yes
MV
Transfer yes yes no no yes
ICU stay yes yes yes no yes
Date-time yes no yes yes yes
Microbiology | yes yes no yes no no

* jtem id is one example of many event attributes carxbraed. It will be used in section 5.

3.3 Extracting event logsfrom MIMIC-I11

Although many modern business information systems automaticalbrage event
logs, there are some information systems, including electronic heatitdsethat
store process activities implicitly and consequently need a methaVdot log ex-
traction. MIMICHII is an object-relational database that is built usifpstgreSQL
database management system. It does not support automatic extractiont dbgven
and we have therefore extracted the event log manually using SQL queries. The
healthcare data model is used to guide event log extraction. In this papesed
diabetes patients with congestive heart failure (CHF) as a use case.

An example of SQL query that is used to extract an event kigpisn in Figure 2.
The summary statistics of the extracted event log is shown in Table Are296
distinct admissions for 264 patien#slso, there are more than 2,300 activity types
and more than 1,900,000 events which correspond to activity ¢estahhe pathway
variation reachs 100% among patients which means no common pathway is found.
Admissionid, hadm_id, is used as the case id in all our experiments.

Fig. 2. An example of SQL query that is used to extract event logs

SELECT subject_id, hadm_id, activity, time, cgid, cost




FROM Patients_Events // Patients_Events is a created table that catitdinbetes patients
activities where each row corresponds to one event
WHERE
Patients_Events.hadm_id IN
( SELECT hadm _id
FROM
mimiciii.admissions
WHERE
diagnosis like '%CONGESTIVE HEART FAILURESr
diagnosis like ‘% congestive heart failure’);

Table 2. Summary of the extracted diabetes event log

Pathway Characteristics

Admissions (cases) 296
Patients 264
Patients with readmissio] 25
Variations 100%
Activity ~ 2,300
Events ~ 1,900,000
Mean event per case ~ 7,000
Minimum event per case| 55
Maximum event per casg ~ 71,200

4  Basdline event log preparation

In this section, we demonstrate two fundamental steps of eventdpgrption in
order to provide a baseline event log that works as input for our indemgad event
selection method. Taking into account the statistics of the extracted egeas lo
shown in Table 2these two steps are crucial for managing event log quality.

4.1 Event log processing step 1: Solve batch events

In the MIMIC-III database, there are some data quality issues such as naissing
curate timestamps which is the result of battévents. Batch processing is the exe-
cution of several events at once and recording them with the samedr example a
group of laboratory results received at the same tirhe.iSsue of batch processing
also leads to a huge number of fine-grain events that increasespnoagsl complex-
ity. In our data model, the tables Chart-events and Lab-events contaje alanber
of batch events which should be addressed as a preliminary stejinfog ipatient
pathways.

Each patient in the ICU has been checked on a regular basis at varyinglsnter
The different measurements that are taken in each check have beadedeagith the
same time. For process mining purposes we are focusing on ttespgrof charted
observations regardless of which items are checked therefore all items are ebnsolid
ed into a single charted event. Our hypothesis is that handling batched evants as
single event simplifies the process model and improves process mirality.q



We reextracted batchd events with the same event label. The extraction includes
tables that have batetl events such as chart-event and lab-event. More precisely, for
different chart measuremerits the chart-event table such as Calcium, Glucose and
Platelet count are all extracted under the name of Chartevent activity.

Results:

This method has significantly reduced the number of activity typeshencdumber
of events which in turn reduced model complexity. It shoulddiedhthat, reducing
the number of activities using this method does not lead to sigrtifiobormation
loss because from a process mining perspective the exact name afemesads in
the ICU is less important when we aim to mine the abstracted prooeied. We are
able to capture the events occurred in chart-event and lab-event tables3 Taows
pathway characteristics after applying this manipulation.

Table 3. Summary of the extracted diabetes event log after processing step 1

Pathway Characteristics

Admissions (cases) 296
Patients 264
Variations 100%
Activity 35
Events 252,454

Mean event per case 853
Minimum event per case| 28
Maximum event per casg 10639
Although this method reduces the number of activities and eveptsatimtion of
patients’ pathways is still extremely high and the event log needsefurttanipula-
tions.

4.2  Event log processing step 2: Mapping fine-grained activities into main
activity

In MIMIC-11I there are two categories of fine-grained activities. The fiegegory is
transactional events and the second category is ontological events. Thetitnagalsac
event is an event that provides information about the activity - whéarts,supdates,
comments and finishes. This type of event is very common in the ¢es@throcess
for example, the process of patient transfer inside a hospital whichvet@nsa nurse
creates a call for transfer, the call might be updated or cancelled, then theghll sh
be acknowledged and the outcome should be recorded.

The second category is ontological events which have a semantic relatioa wit
main activity. For example, an admission activity can have a nurfisebactivities
where the patient may have been admitted into different wards such as Medical In
sive Care Unit (MICU) or Coronary Care Unit (CCU). Our hypothedisas mapping
fine-grained activity into one main activity will simplify the patierstipvay model
and reduce activity numbers to help surface interesting patterns.



Using our data model, the categories of fine-grain activity are relativeitgd for
some tables. Transactional events are located in Call, Input and Prescription tables
while ontological events are located in Admissions and Transfer tables. Henee, map
ping the fine-grain activity into main activity was done manuallygitihe Add Map-
ping of Activity Names log enhancement filter in ProM. The activities are ethpp
illustrated in Table 4
Table 4. Mapping transactional and ontological activities

Transactional activity M apped activity Ontological activity | Mapped activity
call create Call admit CCU Admit
call update Call admit CSRU Admit
call acknowledge Call admit MICU Admit
call outcome Call admit SICU Admit
call first reservation | Call admit TSICU Admit
call current reservatiof Call transfer CCU Transfer
input start Input transfer MICU Transfer
input store Input transfer CSRU Transfer
input comment Input transfer SICU Transfer
input end Input transfer TSICU Transfer
prescription start Prescription

prescription end Prescription

Results:

The results of this experiment shows that the number of diffenees of activities
was reduced by nearly half of the previous processing stisp, e number of
events was reduced and consequently the mean of events per edseéslr
On the other hand, the number of variations remained high andowasfected by
mapping fine-grain activity. Table 5 shows some statistics of pathienacteristics
after applying step 2 of event log processing

Table 5. Summary of the extracted diabetes event log after processing step 2

Pathway Characteristics

Admissions (cases) 296
Patients 264
Variations 100%
Activity 15
Events 210139

Mean event per case 710
Minimum event per case| 21
Maximum event per casq 9246

We believe that the resulting event log from step 2 can be used as a baseline event
log for applyinganinterval-based event selection method.




5 Therationalefor an interval-based event selection method

In this paper, we define outlier events based on the time interval lmeéweats. Our
starting assumption is that an evémtegarded as an outlier if it occurs more fre-
quently than a threshold interval determined from the central tendedeyeasure of
dispersion of intervals for that event.

We take into consideration that process mining focuses on capturints d¢hat
comply with the mainstream proced$or instance, in the case of blood measure-
ments, two successive measurements that occur within a shovialinteay occur
because of an errdn the measurement value. Therefore, removing one of those
events will not lead to information loss as both events correspond tontieeokeser-
vation. This assumption is supported by some data observation asialiatrte 6.

Table 6. Example of observations from input activity

hadmid | time item4d amount | cgid status cancel reason

101659 2137-02-27 23:00:00 | 221749 1.400105 | 14953 | changed | O

101659 | 213702-27 23:00:00 | 225158 | 5.833345 | 14953 | changed

101659 2137-02-27 23:35:00 | 221749 5.603825 | 14953 | changed

101659 | 213702-27 00:45:00 | 225158 | 23.34927 | 14953 | changed

o |O (O |o

101659 | 213702-27 00:45:00 | 221749 | 6.970018 | 14953 | changed

The table shows events extracted from Input table. The first and Higihdighted
rows belong to the same observed item where item281749 for the same patient
and the same ICU number. Assuming the interval pattern of input activityasir,
the third row displays that this event occurred after 35 mora fhe previous one. It
appears that this event is repeated because the care giver has changezlithefam
the intake item.

5.1 Interval-based event selection method

In this section, some formal definitions are provided to avoid arbycarity in the
method. The definitions are illustrated in Figure 3.
Definition 1(case c): is a single episode of care consists of differenitiastiv
Definition 2(activity a): An activity is an event class.
Definition 3(event e): & a where, e is an instance of a and has a timestamp and other
attributes.
Definition 4(observed item X): is a distinguéhattribute of an event e.
Definition 5(consecutive events(el,e2))sflare consecutive evengssame activity
a.
Definition 6(interval i): is the period of time between consecutive eventeZ¢l,



(interval i1) (interval i2) (interval i3)

alfer)” Talfe2)” dife3) at{ed)

Start 4 4 4 : ¢ » End
case: ¢l case: cl case: ¢l case: cl
time: 2017-01-13 10:10 time: 2017-01-13 10:40 time: 2017-01-13 10:50 time: 2017-01-13 11:00
observed item-id: 208 observed item-id: 208 observed item-id: 208 observed item-id: 200

Fig. 3. Example of interval-based selection method definitions

Our approach has several steps:

1. Create histograms of intervals i for each activity.

2. Use histograms to determine the central tendency and dispersion mtetivals to
calculate a threshold value to identify outliers. Examples may be the medianm
and standard deviation depending on the shape of the distribution.

3. For each case c in the log, get activity a and compare the interval betweam- its
secutive events (el,e2) until the end of the case. The interval between resad co
utive events (el,e2) is computed by finding the time difference be®ilaede2

4. If the interval between consecutive events (el,e2) is less than the thresheldf
that activity and both events occurred on the same observed itemeimaverthe
second event as this event is an outlier based on our assumption. Othiezeyise,
the second event because it belongs to a different item.

5. If the interval is equal or longer than the threshold value, keepebetits because
they comply with the pattern.

5.2 Interval-based event selection method and the MIMIC-I11 database

The proposed approach is evaluated on our data from MIMIC-III databage- His
grams are used to illustrate the interval between events for all activitiese Figu
shows interval histograms for some activities such as Lab and botiegy. The
threshold value is selected based on the mean for most of the activitiesdér
represents the majority of the cases however, it depends on the inlistrialtion
and the user preferences.

Lab activity
Notes activity

Standard dewialion




Fig. 4. Interval histogram for Lab and Notes activity

Table 7 shows the threshold interval values for repeated activities in GAINI
These values are used for filtering the events for next experiments.

Table7. The selected threshold interval value of repeated activities

Activity Interval length Activity Interval length
Call 1.5 hours Chartevat 34.6 mins

Cpt event 27.5 hours Labevent 6.0 hours
Prescription 25.2 hours Input 1.1 hours
Microbiology 66 hours Noteevent 8.9 hours
Output 1.6 hours Transfer 52.8 hours

For instance, In order to filter the Chartevent activity with intervalievalf 34.6
minutes. Our method aims to eliminate outlier events which haveredciur a time
that is shorter than the selected threshold and belong to the same obsemnvied ite
example, blood pressure. Let x, y, z be consecutive events of the @hasetivity
which occurred at the times 03:54, 04:00, 04:30 respectively for dtienp ID
100908 as shown in Figuke

Fig. 5. Example of remove an outlier event from Chartevent activity

The interval between x and y is computed which is 6 mins hences tsli®rter
than the threshold value. Then, x and y are checked if they are éwethe same
observed itenboth for measuring blood pressure. If x and y belong todhe stem
this means the same iteisichecked twice therefore, y event is removed as ihis a
outlier.

After removing vy, the interval between x and z is computed as #wgnie con-
secutive events. The interval = 36 mins which is longer thanhtteshold value
Hence, keep the event z and move forward to compare it with the next event.

53 Resultsand evaluation

Removing the outliers events from the event log using interval based selec-
tion has reduced the number of events, mean event per case and maxiemts per
case while other pathway characteristics such as variations, number of activfyean
minimum number of events have not affected. The following table skome statis-
tics of pathway characteristics after applying this approach.



Table 8. Summary of the diabetes event log after interval based event selection

Pathway Characteristics

Admissions (cases) 296
Patients 264
Variations 100%
Activity 15
Events 208580

Mean event per case 705
Minimum event per case| 21
Maximum event per casq 9189

Moreover, this method has different impact on the activities. Somstiastihave
been affected strongly by removing thetliers’ events such as Prescription and
Cptevent where 33dutliers’ events are removed from Prescription and 248 in Cpte-
vent activity. On the other hand, Chartevent and Output activitigse the least im-
pact with 56outliers’ events in Chartevent and 64 in Output activity.

We have evaluated our approach by comparing it with the existingrépguation
techniques in ProM that tried to remove the outliers of repeated activities. Despite the
significant reduction of events humber using merge subsequent dtegras shows
in Table 9, there are a number of limitatiasdiscussed earlieThe first and sequd
options of merging ignore the time aspect between events and tratiognon
reducing the number of events without consideration of losing tinoeniation. The
third option of merging may result in misleading event duration.

Table 9. Pathway characteristics using merge subsequent event

Pathway characteristics using merge subsequent event pl

Admissions (cases) 296
Patients 264
Variations 100%
Activity 15
Events 133887

Mean event per case 452
Minimum event per case| 15
Maximum event per casq 5229
To sum up, our simple interval based event selection method can outpéntor
current approach of repeated activity filtering. This is because an intesgald
approach takes into account temporal perspective between events umbiéet cu
technique that merge events regardless of the time perspective between them

The impact of interval-based selection on model fitness and precision

Some performance measurements in the ProM framework suithess fand pre-
cision have been used to evaluate our approach.



We have used the inductive miner because it is a robust, it generates sa@hd mo
and has reliable precision and fithess measurements. It is used to garieestenet
for both original and cleaned event lobwo variants of inductive miner are used,
inductive miner (IM) and inductive minenfrequent (IMi). The IM tries to divide the
log into sub-logs by finding the best cut points between traces. Hrmfeas the redis-
cover-ability for all traces. The IMi is a variant of IM with focusing omeyating
more precise model by discarding the infrequent traces among all dstidddgs.

Model precision measurement in ProM can be calculated using differemilésr:
Generally, the precision estimates how many traces can be generated froodéie
which are not observed in the event log. In ProM, a Petri net moddtdhmbuilt on
the log. In our investigation we used Inductive Miner to generate the Pe&md use
this model and the logs for measuring precision.

We used the alignment based precision method [17] because this risethock
reliable as it does not penalize the model for allowed deviations of the traces that are
not observed in the log however, it penalizes the model on the traces thatareextr
ly dissimilar of the observed traces using alignment score to idéradgs similarity
We found that, our method improved model precision without reducodghfitness
as shown in table 10.

Table 10. precision and fitness comparison between oringinal and cleaned log

Process miner IM IMi

Fitness | Precision | Fitness | Precision
Original event log 1 0.14 0.95 0.25
Cleaned event log 1 0.30 0.95 0.44

The impact of interval-based selection on event log visualization.

Event log visualization is a significant tool for exploring the data.hatee visual-
ized the baseline event log beside the cleaned event log to test the effecinetiour
od on activity pattern detection. Figure 6 and Figure 7 disptited chart visualiza-
tion using ProM for prescription activity for some diabetes patients. Tdodsyrepre-
sents several patients’ admissions and X axis represents time since case starts. We can
see the activity pattern is clear after removing outliers in Figuta Zontrast, the
activity pattern in Figure 6 cannot be captured easily where someaistéretween
prescription events are very short while others are consistent with thentexaal




Fig. 6. Dotted chart of baseline event

Fig. 7. Dotted chart of cleaned event

6 Conclusion and futurework

Interval-based event selection method is a technique that can be used fdogven
preparation as a preliminary step before applying process model discovergueshn
Our novel approach aimed to reduce the variations by filtering outlietselbased on
the mean interval of activities but the median or a number of standard des/fadion
the mean could also be used. The method improved model quality vigthucing
model fithess and has the potential of improving pattern visualizationma situa-
tions, using the mean interval to identify deviation threshold maybadhe best
choice because it depends on the data distribution.

Furthermore, activity duration has an influence on the interval pattern hesiog,
this approach on a reliable activity duration will produce better resulisnidthod is
tested using a Petri net generated by Inductive miner which is not an atlvaines
that can deal with repeated activity as the case of Genetic miner. We believe that,
using our approach with an advanced miner will improve modeitguafuture re-
search aims to integrate the existence techniques of extracting N-gram paitierns
the interval-based cleaning method where an interval of a pattern rather single eve
type will be used as filtering threshold. Further work is neededidoess the evalua-
tion limitations of the interval-based approach that is presented in this paper
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