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Ablaufe und Prozesse erkennen

Bestellung wird erstellt und
verarbeitet

Einzelt® beschafft und zum

Fahrrad zusa™egangesetzen 2
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Aufgezeichnete Aktivititen,
Ereignisse, Zustinde
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Branchen-
spezifische
Systeme
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Beispiel eines Event Logs

N caseid activity name timestamp
b02794fe  receive order 2023-03-20T14:55:26.803+01:00
=] o b02794fe  accept order 2023-03-21717:46:27.862+01:00
| @kl ®
|__|:|__‘ b02794fe inform storehouse and engineering department 2023-03-21T717:46:29.881+01:00
ERP N b02794fe prepare for assembling the ordered bicycle 2023-03-22T711:37:33.901+01:00
>_ b02794fe process part list of order 2023-03-22T17:46:33.899+01:00
b02794fe check required quantity of each part 2023-03-23T17:50:36.922+01:00
Event Log
% p02794fe  process part list of order 2023-03-23T17:46:36.915+01:00
(Q\(Q\’Q\ b02794fe prepare for assembling the ordered bicycle 2023-03-25T17:46:38.914+01:00
CRM b02794fe check required quantity of each part 2023-03-25T17:46:43.932+01:00
b02794fe  back-order part 2023-03-26T17:46:43.938+01:00 T . .
b02794fe  assemble bicycle 2023-03-27T17:46:52.949+01:00
b02794fe back-order part 2023-03-27T17:44:52.944+01:00
7 b02794fe  assemble bicycle 2023-03-28T17:58:59.958+01:00 @
b02794fe  ship bicycle to customer 2023-03-29717:46:59.964+01:00

23/04/2025 13:05 - 13:35 10



Typische Fragestellungen in laufenden Fallen

aktueller
Zustand

|

z.B. eine

Bestellung Zeit

Was ist die nachste Aktivitat des Ablaufs?
z.B. wird die Bestellung angenommen oder abgelennt?

Wann wird die nachste Aktivitat ausgefuhrt?
z.B. wann wird die Rechnung beglichen

Wie lange |auft der Ablauf bis er zu Ende ist?
z.B. wie lange dauert es bis die Ware beim Kunden ankommt?

Was ist das Ergebnis des Ablaufs?
z.B. endet die Bestellung mit einer Reklamation?

23/04/2025 13:05 - 13:35

Endzeitpfunkt

>
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Predictive Process Monitoring

Training
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|
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Datenaufbereitung / Codierung
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_____ — 1
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Aktivitat 1 Aktivitat 2
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aktueller Zustand im

. laufenden Fall
Laufzeit
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abgeschlossene Ablaufe

: ML-basiert: |
————— = 9 Supervised :
1 Learning 1

I Modell-basiert: |
_____ - ™" angereichertes :
, ™ = prozessmodell
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Neue Herausforderungen
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/] 35 million new 2nd Jeading cause of Primary research field
alll cases per year death globallyt!] in PM4H domain2!

(by 2050)(1]

Previous research in the process mining domain:
mainly data from a single institution 2
This )
New real-life data set of prostate cancer patients
in Rhineland-Palatinate, Germany
Health records of multiple institutions (ambulatory and clinical care, pathology)
discover and visualize end-to-end patient’s pathways and treatments
Presented at International Conference on Process Mining 2024 Copenhagen, Denmark
Extended journal version for Process Science Journal in review

01 https://www.who.int/news/item/01-02-202 4-global-cancer-burden-growing-amidst-mounting-need-for-services
23/04/2025 13:05 - 13:35 21 Chen etal.,, 2023 16
Bl Dallagassa et al., 2022; Martin et al., 2022; Munoz-Gama et al,, 2022



00 _ 4
Highest Highest 2 hlg_hest
incident rate prevalence rate === Mortality rate
.. of all cancerous diseases among men in Rhineland-Palatinate and Germany. 1!

5-year survival rate > 90% %

Ambiguous nature of treatment guidelines

Large amount of data on treatment of patients
Long, eventually complex & varied treatment pathways

. _ . - https://onkologiemonitor.de, Ronckers et al., 2023
23/04/2025 13:05 - 1335 2] Robert Koch Institut, 2023 1



Case Study

phases

PM2 steps

Artifacts -

&

outcomes .

Involved :

project

members -

Researchers integrated into IDG organization

Data processed and analyzed exclusively in IDGs internal network
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Uvan Eck et al., 2015, Yin, 2014

1. Plan / 2. Design : 3. Collect / 4. Prepare 5. Analyze 6. Share
Refined Research Questions
. —
Y 2 \ 2
4 A 4 A 4 D
1. 2. 3. 4. 5. 6.
Planning Extraction Data processing Mining & Analysis Evaluation Process improvement
T . & Support
ﬁ csv ﬁ XES q o1 10 ﬁ ﬂ
Research Event data Event logs : Process Insights
questions T models A
/ ama) mam T A
3 i g is s W B
PM experts Domain experts | :: | (protected) Domain experts PM experts PM experts PM experts Domain experts Domain experts
L Cancer Registry | - Database  Cancer Registry ) L Cancer Registry Cancer Registry
J J J J

Access via virtual machine (Python environment)

Data processing and analysis with PM4Py

18



Germany's Federal Cancer Early Detection and 196.187
Cancer Registries Act''! & State Cancer Registry Act'’ r

Obligation of medical institutions to submit data on records
a patients’ cancer treatment to a cancer registry

U U
Collected data: E
Diagnosis, treatments, disease status
Ambulatory care, clinical care, pathology 2016 - 2025*
Submission:
Online - manually / automatically via standardized interfaces o
Standardized data format “oncological base data set” 2] h-
Cancer Registry Rhineland-Palatinate: 26.766
Part of Institute for Digital Health Data (IDG), Rhineland-Palatinate [4] ’
Data on prostate cancer patients treated in or living in RPL patients

[ https://dip.bundestag.de/vorgang/gesetz-zur-weiterentwicklung-der-krebsfriherkennung-und-zur-qualitatssicherung-durch-klinische/4 7081
2 . ilr-

23/04/2025 13:05 - 13:35 2 httpsr//landesre;ht.r\p.de/bsrp/document/ﬂr KrebsRegGRP2015rahmen 19

Bl https://www.basisdatensatzde

) https://www.krebsregister-rip.de/
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d) Data Processing

Case ID; Tumor ID E:aet%g;e

Timestamp: Activity Date

Activity: Record type oibtes
(Diagnosis, Surgery...) ekt

Removal of implausible
traces after quality check

Final dataset:
13,069 complete cases
between 2018 to 2023

Radiation
therapy

>

OPS Code

5-604.0X

5-987.0
5-604-4X

D ——

Intention

)

curative
N —
)

diagnostic

——e
0

palliative
—
 EEEE—

—

Beam type

Photons

Electrons
——

)

-
CE—

——

Activity
instance

Start

——

)

End

—

——

Substance

(all events in the trace must be completely in the interval)
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Therapy type
)

Chemo

Hormone
—

Wait and

See
)

————
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Check for
updates

Case Study: Insights on Prostate Cancer
Treatment Pathways Using Process

_ Discovery
For process discovery results see:

Jana Vormann!(® | Jonas Blatt?, Flavio Horbach!, Nils Herm-Stapelberg?,
Lukas Mittnacht?, Patrick Delfmann?, Tobias Walter!, and Sven Pagel!

! Mainz University of Applied Sciences, Mainz, Germany
{jana.vormann,flavio.horbach,tobias.walter,sven.pagel}@hs-mainz.de
2 University of Koblenz, Koblenz, Germany
{jonasblatt,delfmann}@uni-koblenz.de
5 IDG Institute for Digital Health Data Rhineland-Palatinate, Mainz, Germany
{nils.herm-stapelberg,lukas.mittnacht}@idg-rlp.de

Abstract. In this case study, records about prostate cancer patients,
provided by the Cancer Registry of Rhineland-Palatinate, Germany, are
analyzed. The dataset is comparatively large and cases are rather com-
plete, as they contain events gathered not only from one institution
(e.g., a single hospital), but from multiple institutions along the end-

Jana Vormann, Jonas Blatt, Flavio Horbach, Nils Herm- to-end patient journey. The analysis, which aims at getting insights on

. . . prostate cancer treatment pathways and contributing to state-of-the-art
afaﬁelbgrg/ LUI,<DaS N’/’?g"ggg)t/ Patrick Delfmann, Tobias research in the Process Mining for Healthcare (PM4H) field, is powered
ailter ven rFage

by methods and techniques from the process mining domain. Therefore,
dealing with a process mining project, the PM? method was followed
with the recommended phases in collaboration with the Cancer Registry
of Rhineland-Palatinate, Germany. The initial analysis of ~12k cases
(~90k events) recorded during 2018-2022 and considering only a small
number of potential available data attributes already led to barely com-
prehensible spaghetti models, emphasizing the need for different views
of granularity and complexity. This case study also provides results on
the regular treatment pathways (such as surgery, or therapies).

23/04/2025 13:05 - 13:35 Keywords: Prostate Cancer - Treatment Pathways - Process
Discovery - PM4H


https://link.springer.com/chapter/10.1007/978-3-031-82225-4_36
https://link.springer.com/chapter/10.1007/978-3-031-82225-4_36
https://link.springer.com/chapter/10.1007/978-3-031-82225-4_36
https://link.springer.com/chapter/10.1007/978-3-031-82225-4_36

f) Process Improvement & Support

Improvement Future/Current research
Organizational perspective to Appropriate pre-processing methods
discover cross-organizational (e.g. abstraction, clustering)
treatment patterns Treatment pathways in the course of

. . time (changing treatment practices
Conformance checking with (changing P )

clinical/treatment guidelines Role of new technologies
(e.g., surgery robots)

Performance analysis &
advanced performance
visualization

Consideration of other types of cancer

23/04/2025 13:05 - 13:35 23
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4. Predictive Process Monitoring of
Treatment Pathways
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Predictive Process Monitoring (Throwback)

Prediction Model Engineering
Feature Engineering
Prediction Problem
Modell Architecture

Evaluation
Further Research
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a) Predictive Process Monitoring (Throwback)

Training F—
r_

[ 000000000

abgeschlossene Ablaufe

___________________

I 0 I 0 Datenaufbereitung / Codierung '

- iert: !
lolo L © W veb i
1

|
o Learnin
Trainiertes Modell ! Lo B
______ 1 e ——— - —
Lernalgorithmen ' e ----- : Modell-basiert: |
S’ e rmmm-- - angereichertes :
1

T
- - - e
- - y ™ = prozessmodell
¢ N \ TTTTTTTTTTmommmoood
|

/

1

aktueller Zustand im

. laufenden Fall
Laufzeit
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Event Log

23/04/2025 13:05 - 13:35

Categoric Features

Numeric Features Trace Encoding

ICD-Code
Residialstatus

Duration
OPS-Version

OPS-Code
Intention

Tumorstatus

Stellung OP

Therapieart

Ende Grund
Applikationsart

Diagnosis — Surgery — Radiation —
Systemic Therapy

Prefix-Splits:

[Diagnosis] — pred Surgery

[Diagnosis, Surgery] — pred Radiation
[Diagnosis, Surgery, Radiation] — pred Systemic

27



b2) Prediction Problem

* Next Activity

*  Predict the next activity based on previous events
and additional features

' Can be complicated because of lifelong cancer
treatment / surveillance (,cancer-free” not ,cured”)

' First activity prediction can also be complicated due
to no previous data

23/04/2025 13:05 - 13:35

Active
Surveilance
(Start)

28
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Surgery
Surgery
Surgery
Radiation
Radiation

Systemic Therapy
Systemic Therapy
Systemic Therapy

Systemic Therapy
Tumor Conference
Surgery
Surgery
Surgery

Surgery
Surgery
Radiation
Radiation
Radiation

Systemic Therapy
Systemic Therapy
Systemic Therapy

Systemic Therapy
Diagnosis
Surgery

Surgery

Surgery

0 is most of the times a Diagnosis

29



Confusion Matrix - Next Activity Prediction

Radiation

True label

Systemic Therapy

Radiation

Systemic Therapy

Predicted label




Confusion Matrix - Next Activity Prediction 10000

Diagnosis 1 2295 82 1 0 2 231 6 1 44 20
Follow-up Examination4 437 329 0 76 607 138 241 334 99
8000
Radiation END - £ 114 2649 0 841 1] 1 6 5 2
Radiation RUNNING - 1 25 9 0 2 0 0 7 0 0
6000
_ Radiation START 4 221 519 163 0 2830 97 24 10 77 57
4
=
4]
=
surgery 1 617 351 0 0 0 6 1 47 136
Sys ENDH 25 760 21 0 25 22 167 5 136 8 4000
Sys RUNNING q 38 956 14 0 8 10 15 523 52 5
Sys START 719 1171 26 0 35 234 165 21 438 80
2000
Tumor Conference 4 813 402 11 0 17 408 22 &) 98 1165
T T T T T T T T T T
n c o] [G] o] [C] b
3 s 2 2 ke - 2 g 2
2 ] w = [ =2 w = = @
= £ 5 = n =] u = wn 7]
08 £ = =] c ] n > v =
] ] ] e = = & =)
S - c o 4] ]
i} = = 2 = o 0
o o = % ] 5
7 2 o E
z B 2
3 = 31
(=]
25

Predicted label




Performance Aspects
« When will the patient receive the next
treatment?
« Duration of the single treatment or entire path
* Probability of dropping out of therapy > davs
« Probability of , success™ of a path haetd

Extension: Recommendations
« Recommend next treatment for
,successful® therapy/path

« Recommend first treatment after
Diagnosis Activity

23/04/2025 13:05 - 13:35 32



Cancer Treatment Pathways:
Caution with Al

e
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At first glance "just” data,
but behind all data lies
the health of a person.

Always a human in the loop
approach required.
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Kooperationsmaoglichkeiten:

« Welche Daten haben Sie?

« Eigenen sich auch Ihre Daten fur (Predictive) Process Monitoring?

e (Offen fur neue Partner im Bereich Medizin

(auch andere denkbar) SB®(

Verfolgen Sie unsere Projektfortschritte:

23/04/2025 13:05 - 13:35 35



Zeit fur lhre Fragen




Kontakt

Hochschule Mainz

Prof. Dr. Sven Pagel
Mail: sven.pagel@hs-mainz.de

Prof. Dr. Tobias Walter
Mail: tobias.walter@hs-mainz.de

Jana Vormann M. Sc.
Mail: jana.vormann@hs-mainz.de

Flavio Horbach M. Sc.
Mail: flavio.horbach@hs-mainz.de
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