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-
Background & Motivation

Predictive business process monitoring
A Predict potentialproblemsduring process execution before thegcur [1,2]

A Facilitateproactive managemenand mitigation of problems
predict
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[1] Jalonen H.,Lonngvist A.: Predictive businesBesh initiative or old wine in a new bottle. Management Decision 47(10), 2009;
[2] Maggi, F.M.FrancescomarindC.D., Dumas, MGhidinj C.: Predictive monitoring of business processes. CAISE 2014
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Background & Motivation

Prediction accuracy

A & C 2 NBOrasy irue violations apossible
with asfew false alarms agpossibl€ wm 6

Predicted
Violation Nonviolation
A Cases Actual Violation True Positive (1 P) | False Negative (FN)
Nonviolation False Positive (FP) True Negative (T'N)

A Accuracy metrics
A Precision: higher precision = fewer falsdarms TP/(TP+FP)

A Recall: higher recall = more trugiolations  TP/(TP+FN)
A Specificity ability to predict norviolations TN/(TN+FP)
A Accuracy: ratio of correct predictions (TP+ TN)/(TP+ TN+ FP + FN)

A Empirical evidence (state of the art)
A Accuracy of predictive monitoring techniques evaluatedsolationand
with different benchmarks /assumptions

[1] SalfnerF.,Lenk M.,Malek M.: A survey of online failure predictiomethods. ACMComput Surv 42(3),2010
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Attributes  Training

B aC kg ro u n d & I\/I Otivati O r Dataset Process Monitoring Data
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Comparative evaluatiorof Model Runtime | Lot
three main types of techniques © "™ | "“*d'“y FAIL
violation
AMaChlne Learning Conditions 0-{1 Rest
AClassification: expected properties of Execution p, ,cess Model & ~ Planned Process
hOId / dO nOt hOId Service Performance Performance
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AHere: Artificial Neural Networks 0K
cdat Formulation S(iS'P | vielation
ARuntime Verification hist® of CSP/ Y FAIL
AFormalanalysigo ascertain , e
If expected properties hold
AHere:Constraint Satisfaction Planned Service  Process Service Composition
Performance  Monitoring Data Model
AStatic Analysis OK
Alnfer properties and compare Service QoS QoS solaton
with expected properties Veoiation Aggregation 1 .
AHere:QoSAggregation / / violation
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Case Study

Domain: Transporand Logistics

A One of the mostused industries in the world and
in EWX
A 15% of GDRsource: KL)J

A Keycontributor to emissions4,824megatonnesCO2
(source: DG MOVE)

AXFYR 3INRBGAY3

A Freighttransport slated tdncrease by 4@ in 2030and by
80% in 2050 (source: ALICE ETP)

A.SYSTAG 2F 0SGGSNI LINEOSZ - s

A 10% efficiency improvement = EU cost savings of 1@0 B
(source: ALICE ETP)

r\—

More information at:
www.transformingtransport.eu
TRANSFORMING
TRANSPORT
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Case Study

Airfreight Consolidation Process

RCSFreight received
DEPAircraft departs

___________________________________________

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

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

3 942 process instances
56 082service invocations

mﬁnﬁmmﬁ!ﬁ!—;ﬂn% SE 2017, Hannover 8



Agenda
A Background & Motivation
A Case Study
A Comparison
A Combination
A Summary & Perspectives

'ﬁhﬁﬂih’ﬁlﬂhﬁ SE 2017, Hannover 9



Machine Learning Constraint Satisfaction QoSAggregation
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General observations

A Ability to predict increasesvith prediction closeto end of process
(with different shapes of increase)

A Accuracy> 70% after haléf processexecution
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Machine Learning 1

Comparison | y IR

0.8 +— T _ 0.8 - B .y A

06 T . 06 | /

Observations | ]
. . 04 2 4 0.4 a\.*f_.-r__*“'"y—w—*—* lvliv
A Differences in R
A Precision | e | e e
A Reca” 0 0 EIU% . 4I(]% . E:O% . 5:0% 100 ¢ 0 2I0% 4IO% t'iIO% BIO% 100
A Specificity , Constraint Satls?facthn o | | | -
A
08T B ——_r-c—c—-:‘.-":r'g ) 08§ L x"x e
A Differences important in Ve 1 oot
light of costs 0T |
AFalse positives: wf S
Executiorof unnecessary | g | | iR | |
proceSS adaptat|0ns 0 20% 40%  60% 80% 100 0 20% 40% §0% 80% 100
. 0SAggregation
A costs for adaptation 2 F_Metﬁ&gg gatof S
Precision —&— /
Recall + /
AFalse negatives: s} e N e
Missed requirecprocess -
adaptations P RIS VIR &
A penalties for violation | | DA |
P S S— 1 . 0 , , ) ,
0 20% 40% 60% 80% 100 0 20% 40% 60% 80% 100

PALuUJno
The Ruhr Institute for Software Technology S E 20 17 : H annover 11



Agenda
A Background & Motivation
A Case Study
A Comparison
A Combination
A Summary & Perspectives

mepmuhmm%rl@'a!e_mlh% SE 2017, Hannover 12



e
Combination N Combined

Prediction Prediction

—_

Inspired by ensemble predictio
A Combine two techniques with best P — | FAIL s
performance to improve specific S B G
accuracy metric oK FAIL
A Recalloriented Technique 2 |—> | e
A Combined prediction ML UCS i ||

Aie., bed 2 LJI A YhiselegtihgOviolations
A catch more true positives
A Precisionoriented
A Combinedprediction =CS@QA <,
Aie., bed & OS L preittihgéviolations =
A catch less false positives 5
A Specificityoriented
A Combinedprediction =x (x CSU x QA) CS@QA

Aie., bed 2 LJI A Yhiselegtihghdrviolations
A catch more true negatives
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Combination

Results

A Improvementsin
targetedaccuracy
metrics

Precision-/
Individual Recall- Specificity
Technique oriented -oriented

Precision 0.448 0.776
ML 0.429 +0.019 +0.347

CS 0.675 0.227 +0.101
QA 0.683 —0.235 +0.093
Recall 0.830 0.250
ML 0.678 +0.152 —0.427
CS 0.630 +0.200 —0.379
QA 0.272 +0.558 —0.021
F-Metric 0.582 0.378
ML 0.526 +0.056 —0.147
CS 0.651 —0.070 —0.273
QA 0.389 +0.193 0.010
Specificity 0.543 0.968
ML 0.597 —0.055 +0.370
CS 0.864 0.322 +0.103
QA 0.944 —0.401 +0.024
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Combination

Ensembleprediction usingMachinelLearning

Training Data Set
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Combination
Results
—— Reacall
A Allaccuracy _ Precision
metricsimprove 80— Accuracy
with higher ~Metric
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Summary

Predictive business process monltorlng

A Prediction of potentialproblems w
before they occur B
A Improvement of Lo
prediction accuracy o
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