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Problem

* Evaluation of trace clustering results

o Compute intra/inter cluster similarity/dissimilarity
(e.g. with a distance measure)

o Compute fithess, precision, generalization, and
simplicity of discovered process models for the clusters

* However

1) What are the driving elements that determine a
clustering solution?

2) How can a clustering solution be understood by end-
users, thus explained from a domain perspective?
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Potential alternative solutions

* Visual analysis of the underlying process models

* Process model similarity

o Metrics (e.g. Alves de Medeiros et al., 2008; Dijkman et al., 2011)
o Visualization (e.g. Dijkman 2007; 2008)

* Footprints and behavioural profiles
* White box classification model (e.g. decision tree)
* Cross-cluster conformance checking

=> All these techniques are valuable, but also present
disadvantages to solve the problem at hand
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Our solution: SECPI

* Learn a minimal set of control-flow characteristics for each process
iInstance individually whose absence would prevent the process
Instance to be in its current cluster

* Control-flow characteristics: SometimesDirectlyFollows(A,B)

Trace clustering SVM Explainer
Event log = (PI, | Process model (dependency graph) of |
% Poi Explanation 1 : the current cluster (Cluster,) :
= 02 1 1
/\ S (p1y, ) ' E E :
v ~ (Pl Explanation 2 ] I Start [+| A :
P PI o) My i l
01 “2IPL. — | Rl FV 0\ bt e
PIO5 03 “ ’_‘% PIO5 P102 :-— —————————————————————— ‘I
PI PI O Pl I Process model (dependency graph) of
04 02 Explanation 3 ] : the predicted cluster (Cluster,) :
1
g s B il |
= xplanation k I i
O [P, I =4 [ ——— i

Explanation 1 for PI,: IF SometimesDirectlyFollows(C,EE) = 0 THEN Cluster,

7




SECPI: Steps

1. Construct the data set

o Propositional data set consisting of
SometimesDirectlyFollows(A,B)-attributes (binary variables)

o Cluster label for each instance

2. Derive explanations from a Support Vector Machine
(SVM) classifier > SECPI algorithm

o Inspired by: Martens, D. & Provost, F. Explaining data-driven
document classifications. MISQ Vol. 38, Issue 1, pp. 73-99, 2014.

o SVM-liblinear because of scalability (dimensionality explosion)

o Key modifications to Martens & Provost
Multi-class classification
Explanations are restricted to characteristics that are present in traces
Performance optimisations
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SECPI algorithm

* |nputs
o Process instance (sequence of binary attributes)
o Classifier (SVM)

o Three configuration parameters
* Nr. of iterations: determines the length of the explanations
« zero_to _one: boolean that determines whether 0-to-1 swaps are allowed

* require_support: boolean that determines whether swaps of invariable
attributes are allowed

* QOutput
o A set of explanatory rules: set of sets of attribute indices

o If (-nzero_to _one) - “This process instance would leave its current
cluster when it would not exhibit the behaviour as represented by
these attributes”
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SECPI algorithm

* Step 1: Find single-attribute rules
* Step 2: Best-first search procedure with pruning
o Expand on currently available combinations

o Using the classifier’s scoring function

 ldea: find attribute swaps that move the instance farthest away
from current cluster

o Check whether any of the expanded combinations leads
to a class change
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Nr. of rule searching iterations:

—
C value: _ 4.0
—

E value:

& Also use 0to 1attribute swaps
Use WTA prediction for finding eplanations

oM UNITopia

Proly|

Cluster Explainer

Cluster: 1 *new cluster* | Cluster: 2 Cluster: 3 *current cluster poruracy: 0 99a20sA7678a5576

T (R = [Dther fraces explained by this rule (328 / 16884)

! 0,0 Gz:ca95973 (3 S
57:0852267 (1.0, 0.9732081508540091) o7 .cassE02 Egi
57:0853635 (1.0, 0.9732081508540091) - @
52:0694709 (1.0, 0,9732081508540091) -~ @
520854690 (1.0, 0,9732081508540001) o7 Co10a76 @
5Z:0854601 (1.0, 0.9732081508540001) e — @
520854700 (1.0, 0.9732081508540001) c7:cesa3s (3)

57.C871843 (3

57:0854606 (1.0, 0.9732081508540091) T o7 041505 8
GZiCEEEES1 (1.0, 0.0732051508540091) i e gesn .
GZ:C861401 (1.0, 0,9732981508540091 ’;mwm )

] (1o, 0 ) =l ftean:iestat | |5z:ca13558 (3

52:C861343 (3)

S foremsrarpe e 52:C861073 (3)
e e 4 .
Eroprecscomplet s2mon fiork i Progreas ol (GZ:CB72795 (3)
=a a2 - Qo Lo

| N (2:CE65586 (3)
e
- SometimesDirectlyFollows{ork In Progress+complete,Mew+complete)

\—_—_.r““‘“"“ (GZ:CES0068 (3)

/ 5z:cos0a34 (3)

- SometimesDirectyFollows(sssigned+oomplete, Closed+oomplete) ‘ GziceaEzT4 (3)
- SometimesDirectlyFollows{New-+complete,Work In Progress+complete) I~ \

3 rulefs):

oregrampleE 17|
ioredreomplete

52:Ce86760 (3)
G2:Co04647 (3)
(520904759 (3)
G2:C877049 (3)
G2:Co07482 (3)

Gz:Ca78201 (3)
520915208 (3) =

Ligt all Traces Remove These Traces Show Only These Traces |

http://processmining.be/svmexplainer/ 1



Evaluation

* We have compared our approach to global, white-box
classification techniques

o Decision trees: C4.5
o Rule learner: RIPPER

* We found across 5 real-life data sets
o Much shorter explanations

o On par or better accuracy of the
classification/explanation model
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|deas for future work

* Aggregating individual explanations into a global model
o Finding similar explanations
o Clustering explanations
o Network representation

* Opportunities

o Studying how trace clustering techniques actually work
from a domain perspective

o Other or better characteristics to be used beyond
SometimesDirectlyFollows(A,B)

o Relate exogenously defined clusters to process-specific
control characteristics
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