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Motivation
Predictive Monitoring and Proactive Adaptation
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Motivation
Prediction Accuracy
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ÅPrediction accuracy is key for proactive process adaptation

ÅPrediction accuracy = ability of prediction technique 
Åto forecast as many true violations as possible, 

Åwhile generating as few false alarms as possible

ÅTrue violation Ą triggering of required adaptations
ÅMissed required adaptation = less opportunity for proactively preventing 

or mitigating a problem

ÅFalse alarm Ą triggering of unnecessary adaptation
ÅUnnecessary adaptation = additional costs for executing the adaptations, 

while not addressing actual problems



Motivation
Prediction Accuracy

ÅResearch focused on aggregate accuracy
ÅE.g.,precision, recall, mean average prediction error, …

ÅBut: aggregate accuracy gives no direct information about error of an 
individual prediction

ÅPrediction reliability estimates provide such information
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Motivation 
Predictive Monitoring with Reliability Estimates
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Experimental Design
Computing Predictions and Reliability Estimates
Foundation: Ensemble prediction using Machine Learning
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Experimental Design
Cost Model and Experimental Variables
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ÅReliability threshold q
ÅAdaptation effectiveness a
ÅRelative adaptation costs l: adaptation cost =l· penalty 



Experimental Design
Process Model and Data Set

Domain: Freight Transport and Logistics

ÅOne of the most-used industries in the world and in EU
Å15% of GDP (source: KLU), 4,824 megatonnesCO2 (source: DG MOVE), 

increase by 40% in 2030 and by 80% in 2050 (source: ALICE ETP)

ÅAirfreight process
Å5 months of operational data

Å3 942 process instances 

Å56 082 service invocations 
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Experimental Results
Effect on Process Performance
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Experimental Results
Effect on Costs
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Experimental Results
Effect on Costs

ÅObservations for full range of q, a, l(= 5000 cases)
ÅStriving balance between avoiding unnecessary proactive 

actions and rejecting required proactive actions

ÅCost savings due to proactive process adaptation
ÅNo, in 47.5% of the cases

ÅYes, in 52.5% of the cases

ÅCost savings due to considering
reliability estimates
ÅNo, in 17,1% of the cases

ÅYes, in 82.9% of the cases
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Conclusions

Observation

ÅConsidering reliability estimates can have a positive effect on 
costs –but not in all situations!

Open Questions

ÅHow to upfront determine these situations?

ÅHow to provide further information for decision making (e.g., 
risk = probability x severity)?

ÅHow to consider different shapes of costs (penalties and 
adaptation costs)?
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