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Comparative processmining

Compare different variants of a

process…without upfront knowledge of

the variants.

Event log
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Logs with trace attributes

case ID activity timestamp resource amount vehicleClass …

135 create fine 09:30 A $39 A

135 send fine 09:39 B $39 A

135 insert notification 09:40 A $39 A

136 create fine 10:45 A $185 C

136 payment 10:50 C $185 C
...

↓

Event log

〈create fine, send fine, insert notification〉
amount $39
vehicleClass A

〈create fine, payment〉
amount $185
vehicleClass C

…
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Comparative processmining

Compare different variants of a

process…without upfront knowledge of

the variants.

Differences between groups of traces – by

trace attributes.

Event log
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An existingmethod: Process ComparisonMethodology

4 Alifah Syamsiyah et al.

1. Data 
Preprocessing

XES Log 

2. Scoping 
Analysis

α‐attributes Raw Data

4. In‐Depth 
Comparison

3. Identifying Comparable 
Sub‐Logs

5. Interpretation 
and Validation

Results

Fig. 1. Process Comparison Methodology (PCM)

takes place in the in-depth comparison phase. Finally, the discovered results are
delivered to the process owners.

Phase 1. In the data pre-processing phase, raw data is translated to stan-
dardized event log formats such that existing process mining techniques can be
applied. We have two main objectives for the data pre-processing phase: (1) re-
fine event data collected by information systems; and (2) create an event log and
identify a set of case attributes α to be used in the comparison process.

Typically, raw event data are collected by different information systems at
different levels of granularity. To conduct a meaningful analysis, we combine all
collected event data and merge them into a single collection of events. Here,
standard data cleaning techniques can be used if the raw data contains noise.
From this event collection, an event log is devised. To get an event log from
an event collection, a notion of cases is introduced. A case refers to a time-
ordered sequence of events relating to the some underlying concept, for example
a purchase order or a single run of a machine, (i.e. events need to be correlated
to form traces of events). We follow the XES standard [24] as the format for the
generated event log, to make existing process mining techniques (implemented
in tools such as ProM1) accessible in the following phases of our methodology.
Finally, next to the case notion, attributes of interest are selected as the so-called
α-attributes. In the further comparison, we consider the α-attributes to denote
the process variant.

Phase 2. Once the event log and the α-attributes are defined, we scope our
analysis. The goal of the scoping phase is to limit the number of comparisons
to be executed later. Typically, scoping is done based on the α-attributes, for
example by selecting the most frequent values of these attributes. However, in
general, the scoping decision must follow the business questions and the goal
of doing process comparison. As a result of scoping, a collection of sub-logs is
generated, again in the XES format.

Phase 3. The next phase in the analysis is the identification of compara-
ble sub-logs. Each of the sub-logs obtained during scoping refers to a variant of
the process under investigation. However, these variants are not always directly

1 See http://processmining.org and http://promtools.org

From: Syamsiyah, Alifah, et al. “Business process comparison: A methodology and

case study.” Business Information Systems 2017.
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Missing: stochastic awareness

L1 = [〈register, check, accept〉10000,
〈register, check, reject〉10000,
〈register, accept〉1,
〈accept, register〉1]

L2 = [〈register, check, accept〉9500,
〈register, check, reject〉9500

〈register, accept〉1002]
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About the research

DO1 A method identifying differences

between sub-logs,

DO2 that is stochastic aware, and

DO3 as automated as possible.

1. Problem identification

2. Design objectives

3. Design and development

4. Demonstration

5. Evaluation

6. Communication
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Artefact: Probabilistic Process ComparisonMethod

Light parts are of PCM; dark parts are new.
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P2MC: alpha attribute selection

I Remove IDs, timestamps and free-text

I Heuristic: unsupervised

I categorise values
I number of clusters
I k-means clustering
I average strength of centroid vectors

I Heuristic: supervised

I Target: trace length
I Random forest classifier
I Average Gini impurity

I Ranked list of attributes

Log
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P2MC: Identifying comparable sub-logs

Log Log Log

Log Log Log

Log Log Log

…

I Filtering

I Stochastic relations

I pairwise EMSC
I cluster

{

Log

,

Log
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Log

,

Log

,

Log

}

I Select pairs

Log Log Log Log

Log

1 0.5 0.3 0.9

Log
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Log
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P2MC: in-depth comparison

Visualise stochastic differences on common DFG

I Directly follows graph

I Filter

I Relative frequency

L1(a → b)∑
(a,c′)∈DFG L1(a, c′)

− L2(a → b)∑
(a,c′)∈DFG L2(a, c′)
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Artefact: Probabilistic Process ComparisonMethod

Light parts are of PCM; dark parts are new.
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Demonstration: Sepsis

I 777 traces

I α attribute: diagnose

I cluster EMSC values {C,B,E,H,D,K,R} {S} {G,Q}
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Demonstration: MIMICel

I 36737 traces

I α attribute: icd_title

I cluster EMSC values

I In-depth on Headache and Altered mental status, unspecified.
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Evaluation: Princess Alexandra Hospital

Australian law permits no data sharing.

ED pathways

done by stakeholders

2 329 846 events

134 846 traces

48 activities

Feature ID-K ID-R

Time on Ramp 0.10 0.13

Primary Diagnosis 0.86 0.08

Location after Triage 0.44 0.07

Consultation Type 0.03 0.06

Departure Destination 0.11 0.05

Time on ramp

Primary diagnosis

Bin Time on ramp

Top 10 of Primary diagnosis

Cluster sub-logs based on EMSC:

(1) mental health problem vs. viral illness

(2) chest pain vs. NSTEMI - Non-ST

segment elevation MI

(3) Time on ramp: (0,1.0] vs. (1.0,105.0]

3 comparisons

Chest Pain vs. NSTEMI - Non-ST segment elevation MI:

Medically close, but in different clusters.
Time on ramp (0, 1.0] vs (1.0,105.0] minutes

3 in-depth comparisons
recording issues

expected differences
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You have beenwatching…

I P2CM Probabilistic Process

Comparison Method

I α attribute selection

I Identifying comparable sub-logs

I In-depth comparison

I Sepsis / MIMIC / PAH

Future work

I Further automate steps

I Process cubes

I Evaluate ease-of-use

Sander Leemans

s.leemans@bpm.rwth-aachen.de

http://leemans.ch

         Teaching and Research         
Area of Business Process         
Management Foundations         
and Engineering       

         B       
         P       
         M       

Stochastic-Aware Comparative Process Mining in Healthcare, Tabib Mazhar, Asad Tariq, Sander Leemans,Kanika Goel, Moe Wynn, Andrew Staib 16

mailto:s.leemans@bpm.rwth-aachen.de
http://leemans.ch


Bold claim

Considering the stochastic perspective makes things easier
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