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Discovering Causal Factors 
Explaining Business Process Performance 
Variation [1]

• Bart F.A Hompes et al. 

• 2017 CAiSE
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Business Process 
Performance
• Measures a qualitative aspect of the process 

• Most often time based  

• Case Duration 

• Activity Duration 

• Waiting time 

• Discovery of bottlenecks

5Introduction



Business Process 
Performance

6Introduction

init_exam test

test+

dischargetest-

treat_1treat_2



Business Process 
Performance

• Improve processes based on findings 

• Decrease execution times 

• Decrease costs 

• Increase Customer Satisfaction
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Causal Factors

• Not where is the problem but what causes the 
problem 

• More detailed than bottleneck analysis 

• Allows statements like: 

• "The involvement of Resource A has a causal 
effect on the performance of the Test activity"
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Causal Factors

• Novel approach to process performance analysis 

• Not a big research focus compared to 

• Performance prediction 

• Replay based bottleneck detection
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Related Work
• Performance studies applied to real processes 

• Software Development [2], Container Shipping [3], 
Hierarchical Process Models [4] 

• Replay based on alignments 
• van der Aalst et al. (2012) [5] 

• Prediction of running cases 
• van der Aalst et al. (2011) [6] 

• Making prediction results more transparent by Verenich Ily 
et al. (2017) [7]
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Event Base
• Based on the event log 

• Different formal representation 

• Set of properties P 

• e.g. P = {activity, resource, …} 

• Set of event identifiers E 

• e.g. E = { (test, 12A, 2020-07-24 12:00), …} 

• Family of functions πP: E → VP 

• e.g. πresource(test, 12A, 2020-07-24 12:00) = "Peter"
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Decomposition Graph

• Partitions events based 
on common properties 

• Hierarchical structure 
from top to bottom 

• Events in deeper nodes 
are more similar 
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Inclusion Graph

• Based on 
Decomposition graph 

• Start with fully 
connected  graph 

• Prune based on 
Decomposition graph 

• Contains candidate 
causal relations
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Causality Test

• Granger Causality Test [8] 
is performed for each 
edge of the Inclusion 
graph 

• Statistical test to find 
causal relations in time 
series data 

• Edges with negative test 
are discarded
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Causality Graph

• Connected nodes 
represent causal 
relations 

• "The performance of 
events performed by 
resource Peter causes 
the performance of 
init_exam events 
related to private 
insurance patients"

20Method

init_exam 
privatePeter

3



Example Application

21July 2020



Example Process
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patient_id activity timestamp resource insurance

1 init_exam 13:12 Peter State

2 test- 13:24 lab Private

1 test 13:25 Susan State

3 tes- 13:33 Deborah Private

… … … … …

init_exam

test

test+ test-

dischargetreat_1 treat_2



Decomposition Graph
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Decomposition Graph
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Decomposition Graph
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Decomposition Graph
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init_exam Peter
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{resource} 
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E1 = E

P’ = 
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Decomposition Graph
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init_exam PrivatePeter …

Peter 
init_exam

root

P’ = 
{activity} 
E2 ⊆ E1

P’ = ∅ 
E1 = E

P’ = 
{resource, 
activity} 
E4 ⊆ E2

1
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Decomposition Graph

30Example Application

init_exam PrivatePeter …

Peter 
…

Peter 
init_exam

Private 
Peter

Private 
…

Private  
Peter 

…

root

1



Inclusion Graph
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Inclusion Graph
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Time Series
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PrivatePeter 
init_exam

3

P’ = 
{resource, 
activity} 

E4

patient_id activity timestamp resour
ce performance

5 init_exam 20-03-01 
18:00 Peter 5

3 init_exam 20-03-02 
14:30 Peter 2.6

7 init_exam 20-03-03 
11:15 Peter 9

2 init_exam 20-03-04 
17:45 Peter 2.5

… … … … …

E4
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Time Series
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Causality Test
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Causality Graph
• "The performance of 

initial exams performed 
by Peter causes the 
performance of events 
related to privately 
insured patients." 

• Type of relation is not 
known 

• Poor ⇒ Poor 

• Good ⇒ Good

42
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Results
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init_exam test

test+

dischargetest-
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PrivatePeter 
init_exam

"When Peter performs the initial exam, 
the performance of cases of private 
patients decreases."

"There is a performance problem with 
the test activity."



Conclusion

• Higher amount of information compared to traditional 
approaches 

• Results are more actionable 

• Less expert knowledge required 
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Conclusion

• Not all kinds of causal relations can be found 

• Granger Causality Test is controversial [9] 

• Further pruning of the Inclusion graph could improve 
runtime 

• Statistical approach to Causal Factors, others are 
possible
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