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Background & Motivation

Predictive business process monitoring

ÅPredict potential problemsduring process execution before they occur [1,2]

ÅFacilitate proactive management and mitigation of problems
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[1] Jalonen, H., Lönnqvist, A.: Predictive businessςfresh initiative or old wine in a new bottle. Management Decision 47(10), 2009; 
[2] Maggi, F.M., Francescomarino, C.D., Dumas, M., Ghidini, C.: Predictive monitoring of business processes. CAiSE 2014
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Background & Motivation

Prediction accuracy

ÅάCƻǊŜŎŀǎǘ as many true violations as possible, 
with as few false alarms as possibleέ ώмϐ 

ÅCases

ÅAccuracy metrics 
ÅPrecision: higher precision = fewer false alarms TP/(TP+FP)

ÅRecall: higher recall = more true violations TP/(TP+FN)

ÅSpecificity: ability to predict non-violations TN/(TN+FP)

ÅAccuracy: ratio of correct predictions (TP + TN)/(TP + TN + FP + FN)

ÅEmpirical evidence (state of the art)
ÅAccuracy of predictive monitoring techniques evaluated in isolation and 

with different benchmarks / assumptions

4SE 2017, Hannover

[1] Salfner, F., Lenk, M., Malek, M.: A survey of online failure prediction methods. ACM Comput. Surv. 42(3), 2010



Background & Motivation

Comparative evaluation of
three main types of techniques

ÅMachine Learning
ÅClassification: expected properties

hold / do not hold

ÅHere: Artificial Neural Networks

ÅRun-time Verification 
ÅFormal analysis to ascertain 

if expected properties hold

ÅHere: Constraint Satisfaction

ÅStatic Analysis
ÅInfer properties and compare 

with expected properties

ÅHere: QoSAggregation
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Case Study

Domain: Transport and Logistics

ÅOne of the most-used industries in the world and 
in EUΧ
Å15% of GDP(source: KLU)

ÅKey contributor to emissions: 4,824 megatonnesCO2 
(source: DG MOVE)

ÅΧŀƴŘ ƎǊƻǿƛƴƎ
ÅFreight transport slated to increase by 40% in 2030 and by 

80% in 2050 (source: ALICE ETP)

Å.ŜƴŜŦƛǘ ƻŦ ōŜǘǘŜǊ ǇǊƻŎŜǎǎ ƳŀƴŀƎŜƳŜƴǘΧ
Å10% efficiency improvement = EU cost savings of 100 Bϵ

(source: ALICE ETP)
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Case Study
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Airfreight Consolidation Process 

Industry Data Set (Cargo 2000 Standard)
5 months of operational data

3 942 process instances
56 082 service invocations

RCS: Freight received
DEP:Aircraft departs

RCF: Freight arrives at destination airport
DLV: Freight delivered from destination airport



Agenda
ÅBackground & Motivation

ÅCase Study

ÅComparison

ÅCombination

ÅSummary & Perspectives

SE 2017, Hannover 9



Comparison

General observations

ÅAbility to predict increases with prediction closer to end of process 
(with different shapes of increase)

ÅAccuracy> 70% after half of processexecution
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Comparison

Observations

ÅDifferences in
ÅPrecision 
ÅRecall
ÅSpecificity

ÅDifferences important in 
light of costs

ÅFalse positives: 
Execution of unnecessary 
process adaptations
Ą costs for adaptation

ÅFalse negatives: 
Missed required process 
adaptations
Ą penalties for violation
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Combination

Inspired by ensemble prediction

ÅCombine two techniques with best 
performance to improve specific 
accuracy metric

ÅRecall-oriented

ÅCombined prediction = MLÙCS

Åi.e., be άƻǇǘƛƳƛǎǘƛŎέ in selecting violations 
Ą catch more true positives

ÅPrecision-oriented

ÅCombined prediction = CSØQA

Åi.e., be άǎŎŜǇǘƛŎŀƭέ in predicting violations 
Ą catch less false positives

ÅSpecificity-oriented

ÅCombined prediction = ×(×CSÙ×QA) = CSØQA

Åi.e., be άƻǇǘƛƳƛǎǘƛŎέ in selecting non-violations 
Ą catch more true negatives
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Combination

Results

ÅImprovementsin
targetedaccuracy
metrics
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Combination

Ensemble prediction usingMachineLearning
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Combination

Results

ÅAll accuracy
metricsimprove
with higher
ensemblesize
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Summary

Predictive business process monitoring
ÅPrediction of potential problems

before they occur

ÅImprovement of 
prediction accuracy
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