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MANAGEMESUMMARY

This proofof-conceptstudy demonstrates the use of Process Mining to andiffeseences in care provided to colorectal

cancer patients artie associated cost3he project wazonducted witin the Cancer Health Services Research Unit
(HSRU), part of the University of Mel bournebs eGeootaf e f or
Population & Global Health (MSPGHindis part of a larger project on analyzing disparities in outcdoresolorectal

cancer patientdn this studyrealworld deidentified patient datewas usedrom patients treatedithin three Australian

hospital (groups) in the Melbourne metropolitan aned linked to primary care data

Toinvestigates differences between care and costs gfacamevel branch alata sience named Process Minirgused,

showingits valuein automatic modelling of cagathwaysguantitative suppodf model quality and through insightful

and partially interactive visualization®revious research into Process Mining in healthdaceised mainly on single

hospitals or groups with the same electronic health record system, while this research uses linked data and evaluates the
entire pathway.

Themain research question is formulated as:

AHow can Process Mierarenpgthways and anplyse tieedosts af cack @rovided to CRC patients
in these care pathways?

To answerthis question a workflow for applying process mining is designétlis workflow includes selection ofa
certain population applying an algorithm to derive process moddBiscovery), check the quality of the models
(Conformance) and extend the models to give better insights (Enhancefoeatplyse the cost, a custom algorithm is
designed, that sums the costs of each patient in each care activity, providing imsoghiseren the pathwayertain
costs are incurred.

The workflow was applied to a cohort0f34 patientsrbm the Peter MacCallum Cancer Cerfire218) Western Health
(n=4721)and the Royal Melbourne Hospit&i=2795). These patients ares@lincludedin the ACCORD clinical

colorectal cancer registrgnd subsequentlyinked to the Victorian Admitted Episodes Dataset (VAEDBdntaining
hospitalrecords the GeneralPractitioned s pr i mary car e d &P brd the regMEycatnecentiofe | n s
Recurrent and Advanced Colorectal Can{@&ACC). This selectiorresulted in a final population dR46patients.

The care patients received was transcribed intevant log Which isa data storage formauitable for process mining

For the hospitalcarm ames from t he hospital 6&s wddusediontioepiingary defrant ed G
descriptions in theMedicare Benefits Schedule (MB&nd for the medication by the registered name in the
Pharmaceutical Benefit Scheme (PBS) The costs for the hospiWeighted tnliercar e
Equivalent Separation (WIEStheme, while costs for primary care and medicatierebased on thprices inMBS and
PBSrespectively

The resilting pathways and quality metriase displayeih an interactive online app. comparison is made for all phases

and a case study is performed to find the differences between care and costs of care between colon cancer patients in
different stages of thetliseaseln this case study, we found that hospital admissions are the costliest aspect for all stages,
and tha most disparities between the stages occuch@motherapywhere there is a large difference between costs of
chemotherapy regimdiFOLFOX 6.Based on the results it can be concludedtti@tiesigned workflow including the

Process Miningechniques caaid health services researchers in analysing differéenoase provision and codtetween

groups of patients

Within this study, Process Mining proved to be a valdding method for providing insights on differences between
patient groups in complex care. This methodologyn@e datadriven, contraryto consensubased guidelines like
Optimal CarePathways, and displays actual provided care on a detailed level, including deviations that doctors routinely
make to accommodate for patiehiracteristics angreference The field of Process Mining is expected to grow rapidly

over the next years ard be applied in case studies in health services research and other domains within the healthcare
sector.

Additional research should focus on the primary care, as in this study, the number of patients linked to the primary care
dataset was relativelywn The absolute number patientdinked to the primary care datag&il06)was relatively low.

Also, ths numberbecame even lowerhen these patients weewentually included based on their syoms (187
compared to the 3233 in hospital cavéf)jch could reduce the validity of the obtainaddels.Furthermorethe process

models for primary care obtained in this study could be improved by implementing a better suited classification scheme
or by implementinga Natural Language Processing component in the workflow, to cluster groups of activities that are
relatively the same together under a single name. This would yield better interpretable modelsnasewelid models

that describe the actual providedea
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OPREFACE

This thesisis written as a graduation project for the master Industrial Engineering & Managespeaiglisation
Healthcare Technology & Managemesaitning to demonstrate the capabilities of Process Mining, a novel Data Science
branch in the context tiealthservicesresearchSpecifically it is usedn the costanalysis of care pathways for Ausigai

colorectal cancer patienfbhe projectvasunder thesupervisiorof theCancer Health Services Research Unit, part of the
University of Melbournebds Centre for Cancer Research
Health (MSPGH)

The HSRU obtained ethical approval to use #wakld deidentified patient data, collected BjoGrid, an Australian
connectivity platform for medical datia the thesis, & aim to apply process mining novel data mining subfield, suited

to derive process atlelsfrom low-level datato the continuum of care for patients with colorectal cancer (CRC), treated
within the health centres of three Australian hospital(groups) in the Melbourne metropolitaNextgave use our
established model to analyse and compare the (efficiency of) care and associated costs providpdtie@&Edr this
project, we use data from tA&CORD colorectal cancer registry, tMeestorian Admitted Episodes Dataset (VAED), the
GeneralPractitionebs pr i mary car e d a(NRSpaadsteerediseydlreatmenteof Reaursent gatdt
Advanced Colorectal Canc€fRACC). All dataused is related ta cohort opatientsfrom the Peter MacCallum Cancer
Centre(n=218), Western Healtfin=4721) and the Royal Melbourne Hospi{@=2795, located in Victoria, Australia

The thesiconsists okightchaptes: in the first chapterthe disease context for colorectal cancentsoduced as well
as the motivatiofor this study andhe objective of thistudy. This chapteis followed by a chaptegiving anintroduction

in the field of Process Miningoncluding witharesearch questioihe third chapter describes tmethodologyused to
apply process mingnin the context of deriving capathways Next, an algorithm for computing costs as an attribute for
a care activityand corludes with a workflowto preprocess antb minethe consequent data to obtain pathwayse
fourth chapteiprovidesan experimental setup fanalysing costs ithe pathwayof colorectal cancers witthe linked
data from BioGridand allows comparisoracross different cohort$n the fifth chapter, the resiig outcomes of the
experimental setumre discussedo illustrate itsvalue The sixth chaper demonstrates the applicability of the
methodology ira case studgompaing costand carelifferences in Colon cancer betwearhortswith differentACPS
stages The seventh chaptanswers the research question distusses the results as well asrdevanceof applying
process mining in health casead future directionsaind thesighth chapter concludes this thesis

I have worked on this thesitom 20202021, a year disrupted by the corarais, leading taworking remotéy from the
Netherlands. This was challenging at tgnbut | have persevered and with the conclusion dfwill completemy
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to keep pushing on aradleviatethe stress

I hope you enjoy readingy thess!

6" of August 2021
Sven Relijveld



1INTRODUCTI ON

This chaptefirst describes the context of the research conducted in this graduation prajgmibvides an overview of
the pathologyepidemiology and clinical management oblorectalcancerlt is followed bya sectionon themotivation
of using automated derivation of care pathwaysaarahalysis on the costs of canevided throughout the care pathway
andconcludes with aobjective for this study

1.1Research field and organisation

Health services researhthe multidisciplinary field of scientific investigation that studies how social factors, financing
systems, orgamational structures and processes, health technolagiepersondbehavios affect access to health care,

the quality and cost of health caaed ultimately our health and wdiking[1]. The Caner Health Services Research

Unit (CHSRU) part of the University of Melbournebés Centre f
of Population & Global Health (MSPGHhas a specific focus on analysing the complex systems that revolve around
carcer care

All around the globe, incidence rates of cancer are rigimththe costs associatfedt its treatment with it.To make the

best use of the limited resources availatiierough analysis on the quality, outcomes and costs of care providedéo ca
patients is vitalAs cancer is a lontasting or often chronic disease, the care associated with it, is not limited to a single
healthcare organization and health servitégrefore economics researchers focus more and more on all care provided
to patients fospecificdisease typand its associated health problethe (integratedlcare pathway.

One of the current projects of the CHSRWi®utaralysing disparities in survival outcomes and health care resource
utilisation incolorectal canceColorectal cancglCRC)is a cancer dfrge intestine, comprising the bowel, sigmoid and
therectuml t i s t foueh mest commdy sliagnosedcancer and théhird most deadly2]. Colorectal cancer
incidence is rising worldwide, linked to increased tavgenic risk factors such as obesity, sedentary lifestyle, red meat
consumption, alcohol, and tobacco. Mortality has been decreasing in developed nations due to advances in early detection
with populationscreening and improved treatment optif8is

This thesis aims textend orthe colorectal cancer project of tl@&ancer Health Services Reseauthit, by showcasing
the utility of a novel field of data smce, called Process Mining, which can depix@cess models as an abstraction from
raw tabular dat&?rocess Mining techniques may improve on the insights into the care provided in compbetroassy's
such aghe careprovided to patierstwith colorectal cancerThe following paragraps provide context on the disease of
colorectal cancer, itspidemiologyand the current standard of care according to the Australian guidelines.

1.2 Pathology

CRC is the collective name of the cancerous growths in either a part of the large intestine or in thdJ;g&umost
colorectal cancers start out as growthpalypson the inner lining or epithelial cells of the colon or recanmd are often
qualified as precancerous growtf6], seeFigurel. The chance of a polyp turning into lower staged cancer depends on
the type of polyp it is. The main groups of polyps are:

1 Adenomatous polyps (adenomas)rhesetypes ofpolypsare

Metastasis to

made up ofissue that looks like the normal lining of the colc c"g
and might developinto canceous tissue Because of this, < 4 ".3?::;':;:2:5 _ 'y"“"""°°‘°§> *
adenomas are called a fma&ncerous condition. The 3 types « = \9‘ \

adenomasbased on their growth patteane tubular, villous,
and tubulovillous.

1 Hyperplastic polyps and inflammatory polyps:These polyps
are more commorjut in general they are not ptancerous.
Some people with large (more than 1dmyperplastic polyps

might need colorectal cancer screening with colonoscopy m _.
often Figure 1. Development of colorectal cance

from polyp in theinner lining of the colon

\Jlt \ j)"

I Sessile seated polyps (SSP) and traditional serrated
adenomas (TSA): These polyps are often treated lik
adenomas because they have a higher risklofectal cancer
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Over time, a polyp may acquire founder mutatithvag will promote further proliferationna allow the transitioning to a
cancerous growthOver time, itcan grow into the wall of the colon or rectwwhich consgts of many layers. Colorectal
cancer starts in the innermost layer (the mucosa) and can grow outward through albthe other layerdn advancd

CRC, cancer may spread to other sites of the body through the lymphatic or vascular system, whene étéstiases.
The fiveyyear survival rate for patients is greatly reduced if metastases are Bmpwhding on theells from which the
cancer originatesfour major subtypes of CRC are identifieddénocarcinomagrow from the epithelial cells,
gastrointetinal carcinoid tumoursfrom hormoneproducing cells,gastrointestinalstromal tumours(GISTs) from
interstitial cells, lymphomas from lympgtroducing celland sarcomas from blood vessels, muscle layers or connective
tissue.Adenocarcinomakaveby farthe highest prevalenceith 95%o0f all CRGcases being adenocarcinofiigand
treatment optionfor the other types catiffer from treating adeocacinomasThe prognosifor patients wittcarcinomas

of thecolonis poor (5 years relative survival < 30%), better for ymphomas and sarcomas, and best for carcinogd tumo
There has been no significant chaoger timein longterm survival rates for any of the 4 histological subtypgs

1.3 Epidemiology

Worldwide, the incidence afolorectal cances estimated to bé&,096,601in 2018 with approximately881,000 deaths
[2]. The highest coloectal cancer incidence ratéseeFigure 2) are found in parts of Europe, Australia/New Zealand,
Northern America, and Eastern Asighile fairly low ratesof both colon and rectal cancare foundn most regions of
Africa and in Soutern Asialn Australig the estimated number of new cases is approxima&hp0 in 2020, making it
the fourth most common cancer and witR2Z2 deaths it is the secombst lethal cancer, after lung canf&r

Estimated age-standardized incidence rates (World) in 2018, Colorectum, both sexes, all ages

ASR (World) per 100 000

| ST ) )’

16.8-26.8 [ 4

10.7-16.8 ~

6.2-10.7 - Not applicable

<62 No data
GLOBOCAN 2016 £ ,’%\ﬁ World Health
etion: ARC LAY Organization

)

& International Agency for
Research on Cancer 2018

Figure 2: World incidence rateof colorectal cancers: the agstandardized ratd ASR) per 100000 inhabitants is
shown in increasingintensity of blue. Source:Global Cancer Observatory

CRC is linked to risk factors common in a western lifestyle, including obesity and carcinogenic sulfstamdés
alcohol and tobaccfl0]. Men are more at risk to develop CRC than women, with a worldaggestandardized rate
(ASR) being 23.6er 100000 for males andl6.3 per 1000 for femaleg11]. As the risk of deMepment ofcancers
increases with age, and worldwide the elderly population is increasing, cancer incidence inigexpedted to rise
over the coming decadeSolorectal cancer cases argegted to rise faster than other cancers, as there is ioditasit
incidence rates among younger people is increasing agl\&gll

1.4 Clinical Managementof Colorectal Cancers

1.4.1Presenting symptoms and diagnosis

Most CRCs in Australia are diagnossgmptomatic(approximately 75%)although this number may fall due to
implementation of routine screening through tational Bowel Cancer Screening ProgradBCSP [13]. In this
population screening programpeeople age 50-74 are tested every two years, using theBF@immunochemical
faecal occult blood testwhich aims to identifynicroscopic blood in the stofl4]. Sympomatic CRCs may present at
the general practitioner (GRj)th symptoms of rectal bleeding abdominal painaemiaweight loss and dyspepsia or
ingestion[15].
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Diagnosisis primarily conducted witta highquality colonoscopy(the gold standard), which iperformed following
presenting symptoms as well as a positive iFORBifial stagingfor colon cancemvestigation uses imaging techniques
such as gostintravenous contrésnhancedomputed tomographfCT) scanof the chest, abdomen and pejvigth
additionalMagnetic Resonance Imaging (MRI) Positron Emission TomographyComputed Tomograph{PET-CT)

to detect metastas§ss]. Staging for rectal cancer, however, is primarily done with dniggolution MRI.A CT scanof
the chest, abdomen and pelvis shaudt replace MRI, but cabe performed as part of poperative staging, to assess
for more distant nodal andetastatic disease

1.4.2Staging

CRC can bestaged withvarious classification systems. Currently thestralian clinicepathological staging system
(ACP9i s Australiabs pr etheaccepdliddine$l?].edoweveratr intermatibnahcgmpérison,

a TNM-based systeris also recordedA comparison of the classificati@ystems ACPS, the related Concord substaging
and the AJCC stage grouping based on the T8ystemin these stages are givenTable1l. The TNM-basedsystem

was introduced byhe Union Internationale Contre Le Cancer (UICC) and the American Joint Committee for Cancer
(AJCQ) was introduced in 1986 and Hasen updatedveryfew years sinceThe TNM-system uses coding for Tumour
(size or invasion depth of the tumour into the surrounding tisdumph Node infiltration and Metastases statis
overview of thedescriptions bcancer stages in tiHeNM codesystenis given inAppendix1. The sage of CRCis critical

to thedecisionmakingin determininghe treatment option#n this thesis, the ACPS version is used.

Table 1: Comparison ofAustralian clinico-pathological stagingclassification with Concord andAmerican Joint
Committee for Cancestagingfor colorectal cancer

AJCC 8th edition (2017)

ACPS Concord substage
Stage grouping T N M
AO Al 0 Tis NO MO
A A2 | T1 NO MO
A A2 | T1 NO MO
A3 | T2 NO MO
B B1 1A T3 NO MO
B2 1B T4a NO MO
C C1 A -IIIC Any T N1-N2 MO
Cc2 A -IIIC Any T N1-N2 MO
D D1 O- Any T Any N MO
D2 IVA-IVC Any T Any N Mla-Mlc

1.4.3Prognosis

The prognosifor colonandrectalcancerpatientsare approximately the sameith an expected-§ear survival of 70%

in Australia (20122016) Thisis arelativelygood prognosissompared to other cancers as lung (18.6%), liver (19.5%)
and pancreas (10.7%ut worse than high@ncidence cancers like prostate and breast calmcAustralia, the mortality

is below the worldwide averad&8]. The 5year survivahas been rising from 504 1990to 70% todaydue toearlier
detection andbetter treatment optionBven in higher aggroups, the fear relative survival is above 50%.Australia

as well as worldwide, males aaffected slightly more than females (19 vs 14 per,A@WASR). Other demographic
factors for higher mortality are indigenous status as well as living in lower-esogimmic status (SES) argds].
Although patients withCRC overall hae a goodchance of survivalthis is much lower irpatients withmetastased
CRC the median survival is approximately 3 ysawith 5year survival 0f20%. Early detection is key fa good
prognosis.

1.4.4Management of resectable tumours

Colon cancer

Forearlystage, normetastasied cancer of the colo(StageA-B), curativesurgical resection of the primary tumour and
anastomosisf the bowel is the preferred treatm¢h®]. Either an open approach or a laparoscopic approach can be
considered, with no significant difference in survival outcoratkpugha postoperative advantaga recovery times

found for the latter{19]. Approximately 7080% of patients with newly diagnosed cases of colorectal cancer undergo
curative reection However,40% ofpatientssubsequentlgevelopanincurable recurrent disease due to undetected micro
metastased o mitigate this risk, itocally infiltratedstages (stagg), adjuvant chemotherapy is standardly administered
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for patients under 7§ears andsometimedor patients over 70 depending on their fithess. For stage Il patients, the
effectiveness adjuvant chemotherapy is not certain and is not part of standadtparent therapy in the form of a
biological agent (either bevacizumabaatuximal) havenot led to patients benefit and should not be consideid

Rectal cancer

Rectal cancediagnosed astageA can bedocally or radically resectedror rectal cancer, an open approach is standard,
but laparoscopic can be chosen in selected cases if the facilities and surgical expertise is ®@iseative
(neoadjuvant) radiation treatmte (either shortourse radiation treatment alone long-course chemoradiation) is
recommended for most patients with stBgndC rectal cancers, to reduce risk of local recurreRoestage®/C, post
operativechemotherapwr radiation therapy can be consideesiwell[21].

Recurrent CRC

After resection of the primary tumour, cancers may remally, in 5 10% of patients, or systemicaily 40% of CRC
patients[22]. Most patients with recurring canc@resent with pain symptoms and shoulddiegnosedvith serum
carcinoembryoni@ntigen (CEA, contrast CTscanof the chestabdomenand pelvis, and PEDepending on the type

of recurrence(local or metastatic) additional investigationsnight be necessary. A highuality pelvic MRI is
recommended for patients with locally recurrent rectal camrcdocally recurrent colon cancers, pelvic exenteration is
the primary treatment optipalthaugh norandomized controlled trigdtudy has been conductéabcally recurrent rectal
cancers can be treated withaoperativesurgeryas well where neoadjuvant chemoradiation should be considered if
radiotherapy was not used in the initial surgémthe case ofystemicrecurrence, with resectable hepatic metastases,
liver resection, possibly with adjuvant therampould be offeredin approximately 209410% 30%) of metastatic
colorectal cancestage DMCRC) patients, both the primary tumour as @&slthe metastasis can be treated with curative
resection23].

1.4.5Management of nenesectable tumours

At the time of pimary diagnosis of colorectal cancapproximately 25% of patients present with synchronous
metastasedMost patients present with symptoms in earlier stages of the disease found in screening practideis

is better for patient outcomes, adya minority ofmCRC patientare suitable for curative resection; approximately 20%
[24]. The systemic care providéd mCRCpatientsconsists opalliative treatment optiongaiming toincreasepatient$
survival andmprovequality of life. Except in case the primary tumour obstructs or perforates the bowéigathere

is bleeding, there is no consensus in intéonal guidelines whether surgery on the primary tunsiteris beneficial, or

that direct administration of chemotherapy is prefef2&d. Metastasis to the liver is most common in mCRC patients,
with almost 50% of mMCRC patientgho will develop hepatic metastases over the course of their treatment. However,
80 90% of patients with liver metastases are not amenable for surgery and this results in liver metastasis being the
dominant cause of death for patients with mCRi€er-directed therapies such eective internal radiation treatment,
radiofrequency ablatig hepatic arterial infusion of chemotherapy agentsams arteriachemoembolizatioran be
considered in context of a clinical tridllowing up on US evidendg6].

Systemic firstline treatmenfor mMCRCcan contain a doublet or triplet form of chemotherapy as well as a biological agent
(seeTable?2). Singleagent chemotherapy is administered to patients that cannot tolerate a combination Thiglapy.
therapy FOLFOXIRI shouldnly be administered to paties with good performance status and without significant
comorbiditieg[27]. Increasingly, biomarker expression in CRR&tients is evaluated to support decisioaking in the
treatment regimermhoice Biological agerd targeting pathways that are involved tumour growth and spreadare
generally added to the chemotherapy reginagal, typically chosen depending genetic mutationkarboured by the
tumour

Table2: Overviewof systemic therapeutic agents faolorectal cancer

Form Chemotherap eutic Agent(s) Name

Doublet | Fluorouracil (5FU) and leucovorin FU/LV

Doublet | Leucovorin calcium (folinic acid), 5FU and oxaliplatin FOLFOX
Doublet | Leucovorin calcium (folinic acid), 5FU and irinotecan hydrochloride FOLFIRI

Triplet Leucovorin calcium (folinic acid), 5FU, oxaliplatin and irinotecan hydrochloride FOLFOXIRI
Doublet | Capecitabine plus oxaliplatin XELOX/CAPOX
Doublet | Capecitabine plusrinotecan hydrochloride XELIRI

Target | Biological Agent(s)
VEGF Bevacizumab
EGFR Cetuximab

EGFR Panitumumab
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Biological agents targetingpidermal growth factor recept@EGFR) or vascular endothelial growth factor (VEE&IR
combination with chemotherapy are recommended in thelifiessttreatmentfor most patients RAS mutations are
routinely assessetb see ifmCRC patients are eligible for therapies targetEi@FR RAS wild-type tumours should be
treated withantrEGFR in combination with chemotherapps well, BRAF mutationshouldbe assessed in mCRC
patients, a# is considered a poor prognostic markeith a low response to EGFR targeted agéntslinical trial setting
emerging biomarkers such as HERIER3 andMET mutations can be assessed as well.

1.5Motivation of the study

Forimproving health servicedeng able to analyse the efficiency and effectiveness of isaeimportantskillset A
largepartof this skillsetrequires the researcherddequately model the care provided to patig@ntsuding outcomes,
service utilization and costBased on modelutcomesrecommendationsan be providedo improvepatientare.We
have seen rend global in adoptionof valuebased healthcare, a philosophy and payment methodfioggalthcare
management and policwhere patiententredness is a central elem@&. In this approach, integrated care is organised
(and modelled on) around a single disease, tygmilting in inegrated pathway models

A systematic revievinto the valuebased interventionsn integrated pathways in oncologhows outcomes are often
lacking and are of variable quality when available. Despite promisingiesidyts the efficacy of these interventions in
cancer remains unclegpartially due to lack of insights in the complete pathw@@3. To establish efficiency and
effectivenessmoreinsights are needed in variation of care and in the costs and outcothespobvidedcare.In the
current modelling of the standards of care, optimal care pathweayteaeloped with clinician consengossed models,
such as the optimal cancer care pathway for people with colorectal cancer by the Australian CancegBQlouigke
models are foremost specialist conserdiisgen, while one of the key objectives of vahesed healthcare is to improve
care by datalriven cost and outcome research.

There are several limiting factofsr good analysi®f care and its coster the integraté pathways. Thes@nitations
can bein collection,accessand analysis of #hdatarelated to these pathwaydospital information systems routinely
store data on the care provided, as welbmagheclinical outcomesThe costs of different care activities provided to
patientsjs registeed insome countries in their EHR bospital information systembut in some countries it is ndtie

to thefinancialrelations between patientasurersand medical professionaldealth ServiceResearchersftenneed to
combine information from differertourcego obtaininsightful models.

Also, in diseases such aslarectal cancerthere is acomplex system of care delivery, comprisioigmultiple care
providers, from general practitioners to oncologic specialists, otisreasparof multiple years or even decad@he
registry of activities can be scattered across multipleyfiems and combined with increasingly strengthened data
privacy laws, datecollection on all cargrovided, can be challenging

Moreover, vhile clinical practice is based on the latest guidelines and recommendationgrovided to individual
patients can differ. This difference can be basegairentcharactéastics, patient or medical practionerpreference,
availability of services and morélot all practice variation can currently xplained,and it is desiredhat this
unexplained variation is reducebllodelling the care provided to patients undertand clinical practice and make
recommendations to improvean become complex fast, if the care is very different in terms of type of care, costs of care
and outcomes of care.

These combined factorsake ittime- and resource intensive model which cae is providedanalyse it€ostsand what
outcomesare associatet it. By partially automating the modelling of the care process this aimeresource intensity
can be reduceddA methodology providing a datiriven model of provided care over the entire pathway, with a
quantitative substantiation of the quality of a model would benefit deasakers in healthcare tremendoudiis is
where thenoveldata science subfield Rress Mining can be of value.

Process Mining is a dataining technique focussedkriving process modelom low-level event datén electronic
record systemsThese process models provide a useful tool for evaluating performance of the system aimd) dahalys
variations in the underlying processés.the context of health services delivery, interest has been growing into the
research field of Process Mining, as the techniqisesiimprove the level of detail in which care pathways can be
analysedandmay greatly reduce the amount of manual work needed for such analysis.
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1.6 Study objective

The aim of this thesis is to investigate the care provided in the entire care pathway of CRC patients in an Australian
setting, by applying process mining techniquesaanulticentrelinked cohort of CRC patientslhe interest is in the

entire pathway of clinical practice, ranging fragrimary care diagnosis first-line treatmentn hospitals and includes
diagnostics, prescriptions, procedures in the hospitiditionally, the aim is tanvestigate the costs of care delivery in

these pathwayr groups of patients with CRQising process mining techniques.

Thestudy objectives formulated as:

Demonstrate the capabilities of Process Mininghe context oHealth ServicesResearchto map care
pathways for patients with colorectal cancer, to quantitatively evaluate these pathways and to depict costs
of care across the pathway.

The research is intended as a Prolo€oncept studyand while the interest in this study is specifically on casghways
of colorectal cancer patients, the methodology applied to this cohort should be generalisablethottseandliseass
as well.In the next chapter, an introduction to the field of Processrdiis given. Aresearch question as wellasre
granular set of sub questions previdedin the end of this chapteafter introducingmportantProcess Miing elements.
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2INTRODUCTI| BRIOCHEMS NI NG

This chapter describes the context ofdatascience subfield of Process MiniRyocess MinindPM) isa datamining
technique focussed on structuring everggisteredn so called everlbgs,into process modelF he field of PMaimsto
generate @levant process structures frdaw-level event datavalidate the qualityf these process structures and use
additional information to enhance or enrich these moddisse process models provide a useful tool for evaluating
performance of the systeamd analysing theariations in thainderlying processes

PM has been applied in various domains, from industry to IT and from governmedthancial auditto healthcare
[31]. In the healthcare domaiprocess mining is mostly restricted to case studeassess its viability in a specific
situation.Most of the studies afgerformedn more complex administration of care, such as oncology and g(iBggr

2.1Process Modelling

Process modelling, specificallyugntifying processstructuresand changes ithesestructures starts with a formal
definition of processeas amathematical objectn its most basic forma process defined ag system that hasultiple
stateseachavailable througtexecution of transitia There exist multiple forms of mathematical notation of processes,
such as Causdlets( C N,&Eseptdriven Process ChainEP ), Yet Another Workflow Languagéf AWL ) mocels

or Markov Chaing33]. The Petri net becantke firstmodel of a proces® capture concur

rency[34] and is still the most common form in process minargdmost algorithms arbased orthis concep{35].

2.1.1Petri Nets

A Petri net consists of a mulimensional tuplegf at least 4 elements (P, F, M0). With theseelements,a graphical
notation can be produceas seen ifrigure3. More elements can be addedxtent the capacity of the model, for example
in the context of Datawarepetri nets where each transition or flow can contain another elemgran additional
dimension in the tuplg36].

Mathematical notation Graphical notation
P2 P4

T1

P={1,Pc h Pn}
is a finite set of places
T={T1,Tc h T8} h
is a finite set of transitions
F=(PxT)" (TxP)
is a set of arcs (flow relations)

~ MO:Paphgh 8o Circles: Places
is the initial marking Rectangle: Transitions
) Lines: Flow relations
P, T=randP T n Black dots: Tokens in (initial) markings

Figure 3: Mathematical notation and (sample) graphical notation of a Petri net.

The placesdescribe the before and after states tthesitionsdescribe a change in the system andflthes represents

arcs between states and transitions. (Tigal) marking describegshenumber of tokens at the start configuration of the
system.The petri net is a discreevent model: it only changes when an action is perforaaahich time, hetoken

position isupdated When an action is performed, the transition consumes the number of tokens related to the number of
arcs going into the transition. It thesturnsone token in all places connected with arcs, going out of the transition. The
structural similarity of Petri nets can be quantified by comparing differences between the available places, transitions,
and flows.

2.2 Process mining

Process miningimsto form a bridge between classical data mining and business process analysis. Thpdissop

the abstraction of a process from evesttsedin data management systeare from 1998nd 200(37], [38]. These
works became the basis of the aklphmer, the first discovery algorithnifter this, moreperspectiveso PM were
introduced and morsubfieldsappearedThis resulied in perspectives looking at the order of process activities and
interaction of people, and thkreemain subfieldsof process miningprocessdiscovery, conformancehecking and
procesentancement.
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2.2.1Perspectives

A process can bevaluatedrom multiple perspectivesn PM,thefocus on the sequencing of events, callecctirerol
flow perspectivewas the first and still is the most researched perspd8®eThe concept of using algorithrte derive
relations between events that happen in sequesdteriginally been namagutocess miningnd has later expanded to
include the other perspectivg8]. PM can focus on the different uses of resources, as done iorgheisational
perspectiveor onthe people collaborating on the sequence of eyealied thesocial perspectiveWhenfocusedon
frequency and duration of activitiethis is calledhetimeperspective

When taking a contrelow oriented approach to a process, one evaluates the sequence of steps in a process that comprises
an action to reach a certain goal. It therefuas a clear starand endpoint, with actions connecting them. Also, during

the execution of the process, the system cannot be in multiple states at the same time. UstleyiRéPédri nets from

a business processll lead to a workflow mode40]. Ideally, a workflow model is denoted aspecial subclass &fetri

nets called workflow nets (WF-nets) which have thesoundnesgproperty. Soundness guarantees that a process can
formally be finished and this propertyis essential for conformance checkinglgsrocess replayHowever, ot all

discovery algorithms guarantee sound madssa workflow model does not necessarily result in anat~

2.2.2Process Discovery

Discovery entails the automated derivation of relations between events in g dadtadetre stored in aventlog. Such

an eventog consiss of records of data, which capture one or more activitiegyanj in a single instance off@ocess
(acasg and was registered at a certain point in time (containtigesstamp. The sequence of events from a single case
is then called &race[41]. Many organisations routinely colleeventdata in the form of Enterprise Resource Planning
(ERP), financial transactionsr electronic health records (EHR).mining algorithmevaluates all the traces in the log
and derives relations between consecutive events in the trace.

Discovery algorithmsare able to derivat least5
relations, given inFigure 4. Direct successive
relations (Figure 4a), causal(conflicting) relations

AL F—O—{ s
(@)
cC A

(Figure4b/c), parallelor concurrentelations Figure A B
4d), and choice relationsF{gure 4e). With these

relations, basic Petri nets can ¢peneratedcreating B b c
before and after states P for each transition T ¢ © ©

using the relational aspects found into the flc A B

relations F between the places. More advanc
algorithms can derive more complex relations, su
as (self)loops with repeating activities or twer

=~}
@]

loops

Since the introduction of the alpiainer, extensions
have been introduced?2]i [44], as well asseveral
new algorithms, including the heuristics minds],
genetic miner[46], and the fuzzy minef47]. All
these algorithms have advantages over the bi

p | cC A K
(d) (e)

Sequence:

Conflict:

Concurrency:

(a) activity A must be completed before activity B can start

(b) C can start after either A or B have completed
(c) either B or C can start after completion of A

(d) A and B can be executed independently (possibly in parallel), C cannot
start until both of them have occurred

(e) once A has occurred, B and C can be executed independently (maybe
parallel)

alpha aforithm, but all also have the disadvanta
that they do not guarantee soundness in their moc
In 2013, the inductive miner (IM) wagsublishedby
Leemans et a[48]. IM provided improvement in
some aspects over the previous miners as it can cope

with infrequentbehaviorand large event logs in polynomial time, while guaranteeing soung@$dss

Figure 4: Basic relations between activities in a Petri Astsed
process model.

2.2.3Conformance checking

The process miningechnique tassess thquality of a process model is called conformacbecking The technique
takes asninput a process model aath event log and retusa set of differences between thehaviorcaptured in the
process model and tlieehaviorcaptured in the event log. There &wer quality dimensions for comparing model and
log: (replay) fitness simplicity, precision andgeneralizatior{50].

Fitnessquantifies how much of the obserieehaviorof the event logs captured by the modedrecisionquantifies how
muchbehaviorexists in the model that was not obserirethe event loggeneralizationquantifies how well the model
explains unobserved systdyehavior and simplicity quantifies the complexity of the mdd&hese quality metrics are
often a tradeff: increasingone may lead to deterioration of the oth&hile there ar@thermethods ér evaluating the
conformance oprocess models, such as rblesed conformance checkiffill] and tokerbased conformance checking
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[52], alignmentbased conformance checking has been the standard siimteoidsictionin 2014[53].

An alignment is a computation which gives the equivalence of a trace and a model. It requires (a set of) traces and a model
as input, and it calculatedignment,| ,for each tracel, in the setf ‘€dnsists of sequence of pairs trefer to an event

from a trace and a transition in the modell oelements indicating deviations. A visual example is giveRigure 5

When the upper and lower part of a pair is the same, there is a synchronous move. When a transition in thesmodel fire

but no activity is found in the log this is called mememodel(l— . When an activity is found, but the model cannot fire
a matching transitigrthis situatioris called a mow®n-log (|_ . In the optimal alignment algorithm, for each trate

problem is projected aheshortest patfproblem and solved using thé-algorithm[33], resulting inoptimal alignment
F z

When adding the alignments as a decoration to a Petri
net, for each transition, or event in the model, the number

o ={(a,d,b,c) of synchronousmoves as well as moves on log are
ald|blc|> displayel. For an activity, the alignmefdr the activity
B Ao s M= is then computed as the fraction of synchronous moves
sar 5 S end a|>|bfc|d divided by the total number of synchronous moves and
- ] -4 a2 " "~ moves on modelith this fraction, we can find at which
A @ point in the model, the most deviatiorc@mpared to the
‘ log.

For each alignmerit®, the fithessof the alignments

expressed as one mintie minimum number of moves
neededdivided by the total number of pairsfin. The

overall fitness can then be expressed in multiple ways: as
thepercent age of perfectly ali
or as the average offitnesl)e, fdrt nteses pemrcdamtaxcege (AfTralcle mi r
fitnesg).

Figure 5: Concept of aligning event trace and process moc
(left) and a computea | i g ninehere theapper row is the
trace and the lower the model execution

Precisionis calculated with deviatingehaviorfrom the model tahebehaviorobserved in the logor each trace in the
log, a maximunanti-alignment is computed, which ésfiring sequence of the model resulting in the maximum number
of moves to the trac&he number of fired transitions is bound by the length obtlggnal trace.

Generalizationis more challenging to calculate and relies on an estimation of the probability that a new observation of
an activity in a trace can be properly explained by the model. The metric takes the law of large numbers iritéf accoun
most activities in the log are observed a large number of times, the prolthbiittye next activity in a trace is an unseen

one decreaseslhe opposite is true as well: the probabitityata new activity that cannot be explained by the madel
foundwill be high if most activities in a log are unique.

Simplicity penalizes models that are more complex without additional value. Unlike the other conformance metrics,
simplicity can be measured without considering obsepebgviorof process xecutionsWhen onsideringseveraPetri

nets withallowing the same set of tragethe simpler Petri net is the one with fewer number of duplicate/invisible
transitions and implicit place$he simplicity of a Petri net is measured based on the number of activities that it represents
and the number of contrfibwsiit has.

Combined matcs, such as a weighted average for the four dimensions, ane¢beef which weighs the fitness and
precision, are used as welln overview of the metrics and what aspect of model quality they address is gilablén
3.

Table 3: Overview of the conformance metrics and which aspect of model quality they evaluate.

Metric Model quality aspect
. Measures how many traces oactivity sequencesn the total of all traces in the
Fitness .
reference logcould be correctly displayed by the model.
Precision Measures howmany additional traces or activity sequences the model could

display, from activities that were observed in the referencéog

Measures how many additional traces or activity sequences the model would be
able to display, from activities that werenot observed in the reference log
Measures how many model components were needed to display the numbafr

Generalization

Simplici : L
plicity unique activities in the reference log.
F-score Balanced average of the Fitness and Precision
Average conformance Balanced average of the four main conformance metrics
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2.2.4Process Enhancement

Process Enhancement is most commonly defined as the extension or improvement of an existing process model using
information about the actual process recorded in some evenfs4dg Two forms exist Firstly, repair, where
commonalities and discrepancies found in the coffiiwal persgective (found with conformance checkirgypused to

improve the model. Secondlgxtensionwhich addsinformation from other perspectivessuch ashe organisation
(6resparcescti ved), the freqgpenspeandveéedmi og oifesceep eap €
perspectivd to the process model, to improve thsightsof the model.

In the context of costinalysis, an extension can be introed from the cogberspectivgs5]. This perspective, in contrary
to theresource-perspective focusses on tbest driverdor the execution of a transiticather than on the attributes of
an eventSome efforts ardirectedtowards cosperspective based process enhancef@it [57]. However the cost
perspective is not a wealesearched perspectigadliterature reviews on PM do not identify the perspective af3],
[58]. Analysing costs in the process miniogstperspectiveas an extension of th@rocess moddbr a carepathway,
can providea novel way tovisualiseand compare care provided to patiesutsl is generatable to a broader context,
includingoutside the scope of healthcare

2.3Terms and definitions for Process Mining

In the field of PM, multiple definitions anabtation formsexists for the various algorithms, process modgid, model
componentsThe Institute of Electrical and Electronics Engine@EEE) Task Force on Process Mining has the goal

promote theresearch, development, education, implementageolution, and understandiraf process miningand
released the 6Process Mining Manif est o959wThese authdrshaee b a s i
responsible for some of the earliest research in this field and the notation they introduced are most Torougiraut

this thesisaset of terms and definitionsh at i s b as e d PmecessWming: Dhear SAca lesntcdds inh Ac
be used in the context of EMith some extensions to hierarchical moakiscribedy Yang et al[41], [60].

When we define a process as (a series of) actions or activities to achieve a certain goal, we can store process data in an
eventlogd = { 1¢&} @here each element n represents one processidase Table 3)

Table4: Minimal required information for an event log

Case-ID Event-ID Timestamp

00001 Activity A 2008-02-01 20:00 . A B c D
00001 Activity B 2008-02-01 21:30 }” TraceTi > >

00001 Activity C 2008-02-02 8:30 to t & ts tend
00002 Activity A 2008-02-01 20:30

Figure 6: Trace example

One process case consists of two eleméﬁs}{hs itis indexed with a unique castentifieri and consists of the activity
trace{| ;@ tuple which has an evedentifier ard atimestamp.A unique activity trace (sdeigure6) can be represented
asq "BICL(R , & Y where (@is thej-th activity with namea (out of A possible activities), in tracl ;@orted by
activity start time, an#tis the trace length (i.e., number of performed activities for this case).

In the most basic form, when applying a process discovery algorithmgeh b process mod¢| can be obtained. A
model can be obtained from the completedobut also from a subgroup of traces in the logonsisting of individual
traces| 4, 4, é4. A subset of certain traces may lead to more homogenous gaodgus more homogenooisless
complexprocess models.

Additionally, models can be obtained from parts of entire activity traceploasein the process. In this case, each trace
4 “ean be splitid] "@ [Gj(R , E("Y, where tracd|is a subset o only taking activitieg throughn into account.
Then from logdp or subset 1p, containing all split subtracdga= [G§(R , @&(T"Y process modglp can be derived,
where ID is the index of the phaisethe set of phases definby the subsetting method of the partial trace.

For useful and adequate process mining, there needs to be a definition of what constitutes ah &ivityan adequate

level of granularityh. A process model migltonsist of multiple levels of granularity, in which individual events can be
clustered to a group. For example: the start, pause, continuation and the ending of an event may be registered separately,
but can begrouped to one instance of that evéiso, within the context of the field PM is applied to, clustering may be

done on the basis of grouping related to that field, such that activities that are part of a larger subset of actib#ies may
clustered toger. A visual example of this hierarchical process structure is givEigure?7.
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Figure 7: Discovery of process models in a hierarchical setting

When applying PM, you can evaluate the trace on the clustered levelyoictbstered level. In this case process model

 ncan be obtained frody,or 1, where h is the granularity level on whivﬂh' evaluated.

Numeric attributes such as costs or waiting times can then be aggregated or decomposed to thisvedsifed
granularity. Previous research has shown both supervised methods of designing hierarchical structures in processes, as
well as automated algoritrdmased methodf1]. Because of the specialized nature of care pathways, as well as the
observed comlexity of care delivery, with frequent repetitions of specific steps, supervised design of outlines of the
carepathways can be beneficial, because it restrains the models abilehadorand with it, the computational
requirements to run algorithms dretprocess models.

2.4 Software used for Process Mining

Process Mining software comes in various academic and commercial packages, with each their specific advantages. The
most used software package is ProM, the academic process mining suite. It iaddvalatform, developed by the

Process Mining Group from Eindhovémiversity of Technology[62]. ProM contains more than 800 extensions, all
publicly available. While the performance of this language is high and most computations can be géanfoeatéme

or in relatively short timeframe, the development of the platform is limited to computer science researchers. The platform
has a steep learning curve and requires the user to be able to code in Java. The focus for users is more atighe applic
of the different extensions and use ProM as a O6Workb
development of new tools.

Process Mining software is available in a fggiwing number of commercial tools, which aim to give datayastathe

tools to apply process mining on their own datasets and use the results to drive theirdegidionng. F|l uxi c o n
Celonis Process Mining suite adgromoreare among the larger software suites for PM in organisafi8jsThese

suites are known for their usiterface and many lowor no code extensions, but for financial, security and stability
reasons, the developers do not allow modifications to their software. Scientific experimentation with custom code with
these suites is therefore not an option.

Both for R, and Python, two of the worlds most used languages for Data Science, free frameworks for process mining
have been developed. For R, it is thgpaR(Business Process Analysis for )iteandfor Python,PM4PY (Process

Mining for Python), where it should be noted that some components in the bupaR suite are built on the underlying
framework of Pm4py. Both suitebave been developed for faster algorithmic customization and scientific
experimentationi64], [65].

The choicewhich software to usehen starting @rocess mining project, is strongly dependent on the data quality and
the level of programming proficiency required for the projects research problem. If there is data available of relatively
good quality, from which conclusions on the process itself esgeatlthe standard packages can be a good choice. If the
objective is to try to develop new PM algorithms that Computer Scientists can compare to the existing ones, the open
source program ProM and language Jauikédy the best optionFor Proofof-Concept studies, with data that requires
additional wrangling, either the-Based or Pythehased frameworks are preferred.
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2.5Literature research

Process mining is a relatively young discipline, having originated from research in the late 90s and eatyth2000
University of Eindhover37], [38]. In the first years, the focus was mainly on the development of suitable discovery
algorithms with the development of the heuristic and genetic mining algoriéijs[46]. The initial tooling ProM, was
launched in 2004 and continued to grimbe the most usesbftware platform for pragss mining, where researchers
could develop their algorithms and share them as a pléijn

From 2007 onwards, the disciplimeatured and started expanding outwards, applying the developed algorithms on
various domains, includinfinance, government and indusf{B1]. Process Mininget foot inthe healthcare domain in

the early2010s driven by theFirst International Business Process Intelligence Challenge (BP)@/héje the dataset
used in thdirst healthcare related paper by Mans e{&], was provided with the challenge to apply interesting use
cases and techniques on a medical dataset.

In 2016, Rojas and all praded aliterature review of clinidacase studieasing Process Mining in the healthcare domain
over the period until thendentifying several common aspects for comparisooluding methodologies, algorithms or
techniques, medical fields, and healthcare specfdRYy. This extensive study is the g0 paperto understand the
potentialof Process mining as a tool to analyse complexmandded to patientsAccording to Rojas, oncology was one
of the most researched topics within Process Mining in healthcare and this is still the casd68]2020

Process Mining proved to beuaeful toolin the healthcare domafar evaluating the compliance with guidelines of actors

in the healthcare systef9], for analysis of resouregsage and collaboration of physicid@®] and for analysis of
common workfows or bottlenecks in the systdfi], [71]. The most found research was @mformance cheking to

identify deviations from clinical protocols, such as Ysgng et al.which proposed a methodolodggr the automatic
detection of deviations from the established protocol in a hierarchical workflow model, based on the clinical airflow
resuscitation proce$80]. Recently, another case study by Sato et. all applied this on different levels of gran@ithety
processin a case study on bariatric surggfg].

Up until 2015, according to RojE&2], Process Mining research in the healthcare domain fatusamlyon individual
treatmentsindividual medicalorganisationspr individud registries of electronic health recor@ocess Mining research
with use oflinked datdrom multiple sources hagt to becompletedUsing linked data requirgeorough anonymization
of patients andector wide naming conventions, suited for process mining, velngidentified as one of the main data
challenges in the medical domain by Mans ¢73].

While there is research automaticallycreating models for clinical pathways, with other technigasProcess Mining,

the research in this area is limitéa notable studyCho et al. proposed a nétM algorithmfor developing datariven

clinical pathways using electronic health records, applying it on to case studies, one for total laparoscopic hysterectomy
and rotator cuff tearfg4].

In the context of Value based healthcare, IbéBaachez et. al aimed perform an analysis of the ways in which Process
Mining techniques can support health professionals in the application of-bagaedtechnologiesTheir research
demonstratetiow Process Mining technology can highlight the differences between the fiimokd patients compared
with that of other patients in an emergeific$]. In the context of health servicessearch, Yampaka et all combined
process mining with queueing theory, developing a model that suéiable for analysing contrfibw and time
performance in health service domgi6].

As recently as 2020, Helm et al. proposesdaof standardized terms in clinical case studies for process mining in
healthcard77]. In the same year, Martin et. glroposed a set of recommendatidos enhancing the usability and
understandability of process mining in healthcareludingsetting up a benchmarking studyitlentify the most suitable
process modelling language to visualize the output of cefitnl discovery algorithms in healthcasmd developing
techniques to handle data quality issues in healthcare evefit&gs

Ghasemi et a[68] concluded from thesystematiditerature review that Procestining applied in the healthcare domain
is expanding rapidlyWe seemultiple journalsthat issuecalls for papers foBpecial Issug including the Journal of
Biomedical informatics and thaternationallournalfor InformationRetrievalResearch79], [80].

It can be concludethat the application of process mining in a healthcare environment will continue tawggdvecome

a full-fledged domain of research. The research will likely focus on complex care systems, enaisquassy,
conformance and enhancemaidgorithms,andwill likely be combined more witbther fields such Data Miningnd
operationsresearch Challenges lie within standardization of nomenclatoir¢he data, as well as developing more
automated softwareo reduce the amount of time data preparation takes.
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2.6 Research questions

Returning to thestudy objective from sectioh6

Demonstrate the capabilities of Proselliningin the context ofHealth ServicesResearchto mapcare
pathways foipatients withcolorectal cancerto quantitativdy evaluat these pathways and depictcoss
of care across the pathway

There are three distinct elements witthie objectivethat are of interest to explore.

First, we would like to study how caneathways of colorectal cancer patients banconstructed using (one of) the
discoveryalgorithms and to evaluate the quality of the resulting models. The quality metrics fourtbmfitbhmance
algorithm can then be used to evaluate equivalence, byexassining the cohorts

Secondly, resulting from the first questiarsing the conformance algorithmge should be able to find which patient
groups are more or less conformant te trathway of the entire populatiowith this information, we can find the
characteristics of the patients that are most conforming to the main pathways.

Lastly, we would like to go beyond the contftdw perspective and analyse the derived pathways ffwencost
perspective, in order to findisparitiesin costs between the subpopulations. To do this, the models need to be enhanced
with information on the costs, displayed in the visualizations and compared between the subpopulations. The total costs
can hen be calculated by aggregating from individual events in each of the trace.

Combined, the main research quest®tihen formulated as:

iHow can Process Mining be applied to derive care pat|
in these care pathwayg?

With the followingsubquestions:

How candata-driven models focarepathwaygfor CRC patients be derived with process mitewniques
and how can these capathways be evaluated?

What are the characteristics of thatients going through the (main) CRC pathways?

How can the total costs of the (main) CRC caahways becalculated and evaluatetbr specific
subgroup®

In the next chapter, the methodology to answer these questions is described, followed by alvhiagtieis methodology
is applied on a multicentred linked dataset of CRC patients.
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SMETHODOL OGY

This chapteintroduces theet ofmethodaused tanvestigatehe research problem described in the previous chapter.
providesthe software, algorithms and parametessd in the thesandspecifies a method to evaluatestsaccumulated

in complexprocess modelanddescribes a workflow teelect a cohorpre-processhe data to event logs, discover and
check the process models for carepathways and enhance these with costing

3.1Software, algorithm, and mining parameters

For thisresearch projectlue to the Proebf-Concept nature of the studyd the desire tadd additional code to the
algorithmsa combination of tools from R and Python are used. Pm4Py in Ratilren (version 8) is used for discovery
of process models with the inductive miner and applying conformance algorithms. Partaoflyssis peformed
making use oR (R 3.6.3) usg the bupaR process mining sujgd] (version 0.4.0.9000) and the Process Minfor
Python (PM4PY) extension, running on Python (versi@). 3he enhancemergart of theanalysis isperformed on
process mapsontaining visualization elements from packages ProcessmaagRrocessAnimateRVisualizations are
created using botthese packages, as well as GraphViz.

The algorithms selected for PM are partially based on what is available in the chosen séfhilaréhe academieroM
software package contains a largamber of (experimentaBlgorithms the commercial packageadathe frameworks

in R & Python have limited optionshEreare three process discovery algorithms available withiR &Py andupaR
process mining suite; Alpha, Heuristics Miner and Inductive Miasmell as the Diredtollows Graph(DFG), which

is not classified as a discovery algorithm. The lattemiglgorithm to construct a graph, where each of the nades
available and for each time two activities are observed after each other, an arc isThgdfm of discovery is not
suitable for confomance checkingn the bupaR suite, not all versions of the conformance algorithms are avatable
conformance checkinig performedsolely in PythonTheentireanalysis waperformed withouparallelisation and was
executed on a laptop (Lenovo 470T, Intel Corg2B0U, 2.5 Ghz)

Discovery algorithm

To answer the research questions, one of the three available discoveithralgovas chosen for all experimentation.

The alpha miner algorithm is one of the most basic algorithms for Process discovery and is unable to discover loops of
length one of length two or more and ndacal dependencieg82]. Especially the former two are problematic in
discovering processes that might contain activities that are being executed multiple times. A similar problem occurs with
the Heuristic miner algorithm, that cannot handle to many different events and cimiify ionger loops. Both Alpha

and Heuristics miner algorithms result in spagHeté models as shown igure8. While mathematically sound, these
models canot be interpreted by humans easily. The Inductive Miner algorithm was the only algorithm which could
identify loopsand produced interpretable modgeteeFigure8b.

L

Figure 8: Spaghettilike model, derived With the Heuristics Miner algorithifleft) compared to visually interpretable
model, derived with Inductive mingright)

Three versions of the Inductive miner algorithmaarailable, the basic IM version, the IMAfrequenj behaviowersion

and the IMd directly-follows) version, where the second produces a more precise model at the expense of some very
infrequentbehavior and the last considers tB& G first, to increase performandayt loses the replay fithess guarantee.

As replay fitness is essential for alignmdaised conformance checking, the latter was not an option. The

IMf version was eventually chosen, as tbenputation time was 10% faster, without observing a difference with the IM
version on the test data.
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Conformance algorithms

For conformance checking, more algorithems usedtthe same time, as model quality is a traflbetween the different
quality dimensions: Fitness, Precision, Generalization and Simpligitithin PM4PY, the algorithms for fitness,
precision and generalization have two versions implememntesitokerbased version and the alignméuatsed version.
The alignmenbased versiois not an approximatioand takespproximately 30% more computatiotiahe, and it was
observed thathe outcomesof the fithessverea few points higheusingthe test data. The alignmemased version is
chosen, as the model quality was regarded worthctimputational time increaséhe simplicity calculation is not
dependent on an event log and the algorithm only has one velgahto these general algorithms, the average
conformance (mean of the four values) and tbeofe (balance between fitnessl precision) are calculated as well.

3.2Costaggregationin Process Mining

For costing the elements of care in the pathware needs to be aiggregation step of cost§individual components.
The PM4PY package does not yet contain a possibility to aggregate custom variables over componétegiinegtese
As the objective is to enhance the process maps with

additional information regardingpe costs of each of the

Table5: Pseudocode node aggregation in Petritne

executed process steps, an extension is written that is
to aggregat¢he value of custom defined numeric value
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3.3Process Mining workflow

To standardize theomponents of PM techniqutsat will be applied tpatient dataa workflow is described’hese steps

are clusteed and related to the three questionSeantion2.6. These questions are specified to the context of CRC, but
the steps in the workflow should be generalizable to other types of diseases @kavetild part of the téxshould then
bereplaced wth the patient pagation of interest.

1.

How can datedriven models for care pathwals CRC patientde derived with process mining techniques
and fow can these care pathways be evaluated?

1.1.
1.2.

13
1.4.

1.5.
1.6.

1.7.
1.8.

1.9

Identify and selecta@hort of interest

The first step is to identify the cohort of patietitat is of interest in thenodel by finding all unique patients

in the different dataset$hen these unique patiersse linked across different datasets, by joining their unique
identifiers.A table of each uniqueatient with all patientrelated attributeshould be a result from this step in
the workflow Each patient cathenbe linked with the inform&an in all other datasets.

Classify phases of cadelivery

The second stefs related to the (possible) hierarchical relation between steps in the care process. It is needed
to choose on which level of aggregation the modelling and analysis takeamdisimedo so, the phases of care

are described. This procdsshased on insight in the domain of analysis, as the choices are made subjectively.
The attributes of a care activity, such as the name and the date it toolapgtenclustered into groups based

on this phase. For example, all elements forg€dns and related activities in the dataset are grouped into a

6 Di a g n o sNuttifle clustesing stepsan be madeesulting in higher order phases.

Transcribe elementsgistered in a phase to activities and convas b anevent log.

Thethird step is to convert the data to the suitable format for process mining, the eventHedablestructure

of the data, thelements in a phasan consist of one or more deptions with one or multiple dates associated

to them. The same as the previous step, this process is based on insight in the domain of analysis. For example,
in hospital carewhen treating the patient with chemotherapy, the records can contain datashaycle of
chemadistribution to a patient, with a list of drugs related to the regimen and their dosage. This can then be
transcribed as one activity of regimen X, with a stiatie on the first distribution of that regimen and one
activity with the sene name on the ergthte.The costs are then added as an additional attribute, summing all
costs of the drugs at their described dosage. This exaaplee transcribed as a cycle of that regimen, where

a list of activitiesis produced wittthe dates of e&cdistribution.The conversion to an event log object is an
automated step in all Pigbftware packages.

Apply a discovery algorithm on the enteent log

The fourth step is to applhe selected discovery algorithm, on the entire eventaimjthatof eachsingle

phase. Using the chosen software and parameters, this step is automated and results in a Petri net, modelling the
entirepathway omphaseaespectively The model can then be visualized for human inspection.

Apply conformance algorithms on thesulting petri nets

1.10.The fifth step is to assess the quality of these-basenodels, by applying theelected conformance algoritem

on the Petri net and the same log it was derived from. This results in tHaleapgality-metricsfor the model
of the entire phase.

1.11 Filter the event logs of the different phases basesktetted characteristics
1.12.Based on selectgahtientcharacteristics of interest, suchtatr e p at i e n tldtaiongreanydother , age

attribute that is captured the data, the log can be filtered resulting in a subset of patientsThis stepis
needed to create comparator groups that are of interest

1.13.Apply discovery and conformance algorithmspatientsubsets based on selected characteristics
1.14.The se@enth andast step is to sequentially apply discovery and conformance algorithms to the filtered subsets,

resulting in a list of process models and their corresponding conformance metrics.
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2. What are the characteristics of the patients going througlinttaen) CRC pathways?

2.1. Align the subpopulations event logs to the petri net of the whole patimehgathwayper phase

2.2. The obtained subsets calsoindividually be compared to the derived process model from step 1.4, by aligning
this event log to that resuitj Petri net. From the obtained alignment® conformanceneasureof the
subpopulatiorto the model can be obtained, as well as frequencies of patients having each individual activity
in the model.

2.3. Compare conformance metrics between different subptipok based on selected characteristics
2.4. Compare frequency fluctuatiobgtween different subpopulations based on selected characteristics

2.5. Display characteristics of the patient groups with a high conformance to the pathway and a large frequency of
occurrence

2.6. From the resultingomparisons, the characteristics of the patientsalfgi orgo through the main pathways
can be displayed.

3. How can the total costs of thenain) CRC care pathways becalculated and evaluated, using process
enhancement from a cegérspective

3.1. Cost individual care activities in each phase

3.2. The care activities that are taken into accountist have a cost associatedhem which is a process that
requires additional information to the datasets, either through insurer reimbursement data or specific cost
associated schemes for reimbursement. 3ieig requires domain knowledge as wekiasugh information in
the data to relatpricedata to.

3.3. Create density distribution of all costs accumulated over the pagaveper phase

3.4. To comparehe distribution ofall costs over the entire pathway,density distributionor histogramcan be
created from the costs associated to all activities in a selected phase. This can be done for each subpopulation
of interest

3.5. Apply costaggregatiorfunction on Petri nets of subpopulations

3.6. The cost aggregation function, as described in paragraph 3.4 can be used to aggregate costs of a certain
subpopulatiorover each node in the Petri net. This results in a decorateehBeetvith aggregated costs added
to each transition or each activity in thetri-net.

3.7. Decompose density distribution of costs per activitg phase

3.8. Inthelast stepthe distribution of costs for each activity in a phase is calculated, by applyotenigy function
over the subset of each individual activity that ithia event log of the subset.
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AAPPLI CATI ON I N CLI NI CAL

This chapteoffersanexperimental setufor evaluating the caggathwaysand their decompositiord patientsatdifferent

stagesilt contains a description of the data sourcesjainthg of thesadatasetsand a descriptionf thepatientpopulation

Then t discusssthe sourcesfor costing for the differenphases related tdné different data sourceand applies the
described workflowirom Chapter 3

4.1 Data sources

BioGrid, a data linkage platform, provided Australian clinical registries (ACCORD and TRACC) linked to Victorian
hospital administrative datasef&he hospital datasets were provided for two major hospitals in Melbourne: Western
Health and Royal MelbouenHospital. Thesedataets are provided to tl@ancer Health Services Research Ufait a

larger study to the disparities in costs and outcomes of care provided to CRC patients. Thepdatasesisand the years
they coveredre detailedn FigurelO.

VEMD VEMD*
Victorian Integrated
VINAH Non-Admitted Health

VAED Victorian Admitted
(WH) Episodes Dataset (WH)
VAED Victorian Admitted
(RMH) Episodes Dataset (RMH)
NPS | NPS Medicinelnsight ‘
TRACC | Treatment of Recurrent and ‘

Advanced Colorectal Cancer

ACCORD Australian Comprehensive Cancer Outcomes and Research Database

1936 1988 1990 1992 1994 1996 1992 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020
Figure 10: Linked datasets provided by BioGrid  (*Victorian Emergency Minimum Dataset)

As the focus is on the full care pathways, we will subset the datasets to a time period for which there is data available in
each of the main datasets. This is 2Q077 for the Royal Melbourne Hospital and from 28642017 for the Western

Health subset. The availabléctorian Emegency Minimum DatasdVEMD) andVictorian Integrated No#dmitted

Health VINAH) datasets only contain a small numbeyeérs;therefoe they will be excluded from discovery of the

care pathway.

4.1.1ACCORD

The ACCORD (Australian Comprehensive Cancer Outcomes and Research Datalastsinformation relating to
cancer patientds di ag,fon29 tumaur streangsSd]tTheeataetonlyanolutes patients withn e s

a primary CRC and the data will contain the bakiaracteristics of all the patiemsth CRC, as well as information on
their tumour and their treatment. The dataset contain
identifier (the "USI" or unique swap identifier) is truly unique for a patient and there are 7583aunidJ S| 6 s i n ACC
An overview of the linkage map can be found in Appendixi@ure57.

4.1.2TRACC

The Treatment of Recurrent and Advanced Colorectal Caii¢eACC) datasehas enrolled a large number of patients

with CRC with a metastatic or recurrent local progression, from 30 Australian and Hongp&saahospitals of which

the Australian population is used in this sty8¥%]. The dataset contains-ttepth information on the treatment of 1422

of these patients, including clinical reasoning and medical histbeydataset contair®y datatables, alsoihkable with

| D,6mith a hierarchical maiandsub structureAn overview of the linkage map can be found in Appendikigure

Al. The information in TRACC can be used to analyse differences in health outcomes, based on either their medical
history or choices in the treatment provided. It will however be used to indicate the state of care delivery a patient is in
during a period of time.
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4.1.3VAED

The Victorian Admitted Egiodes Dataset (VAED) provides information on the use of heatthices in Victoria, next to

Patient details

the causes, effects and nature of the associated ill8BksThis large
dataset (506.605 unique patients) contains information on all patients v
had encounters with the healthcare system, in which they were admitt

Provider

Medical history

Medicines

either a pubt or private hospital, an extended care facility or a d
procedure centre. Altata for patientadmitted to the Western Healtl

Site

Diagnoses

Medicine history

hospital (years 2012020) and Royal Melbourne Hospitdliears 2006

$

2019)are availableThe VAED contains a single (large) datalé&aland no [

Clinical user

)
]

Conditions

Prascription
issued

—

)
]

linkage was needed.

Encounters

Investigations

Other

4.1.4ANPS

Encounter

)

Investigations
requested

Allergies/
reactions

)

The NPS Medicinglnsight database is a primary care database, consis
of routinely takenanddedent i fi ed el ectroni c_'[

Encounter reason ]

Results header

Immunisations

|

consenting Australian general practi§@8]. During the timespan c2006
2019, over a million (1.435.112) patients were registered in this dathset
NPS dataset contains #idta tableswhere the patient datafile contains tt
basic information, including a USI in the mairtipat datasetThe patient

Pathology results
detail

A ER S SR SN BN

]

Observations

lupnwpnjmgy  go] g

MBS billing

datafile also corainsa linkable patientD, to the other 1@ata tablesthat Figure 11: Overview of data tables in NPS

containfor example requested investigations and prescribed medicat _ _
An overview of thedata tables and linkagan be found ifrigure11.

4.2 Patient identification and selection

A Euler diagram was produced wik 6 \dennDiagram package, to evaluate the overlap between the patights in
different dataset The result is displayed Figure13. From this overlap, a group is selected for this study.

Overlap USI in NPS, VAED, ACCORD & TRACC

ACCORD

Figure 13 Euler diagram for overlapping USI (uniqu

patient identifiers) in the different datasets.

From the Euler diagram, a stbg-step approach is used to select patients th
havesufficientinformation to create their pathwayA graphical overview of
the steps used is providedRigure12. The datasets contain different patient
populations and are very different in size, so we will need to link only patie
that we include in our researcle use t he pat i GORD
registry as the backbone of our patient population selection and will me
these to the patient USI 6s i n the
USI 6s in the encounters with pri
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patients from ACCORD are al@ble in NPS and 3896 patients from ACCORFigure 12: Overview of theapproachfor patien
are available in VAED. As there is some overlap in patients both NPSpopulation selection

VAED, we find 4313 CR@patients that are available in all of theksasets.

As we would like to add information on the treatment of logalirrent and metastatic cancers, we link this to all patients
available in TRACC. After doing this, we exclude 90 patients that are only available in TRACC and ACCORD, that did

not have any entries in NPS/VAED.
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4.3 Population description

For the includedbaients, exploratory reviewing of their characteristicspigesented As we would like to identify
differences in care delivered to different sadipulations, we first will evaluate baseline group characteristics, such as
sex,age groupprimary staging, pmary tumour location, indigenous status and ruralibe distribution of the different
characteristics is given ligurel4af, with abreakdowrby data tablén Appendix C.

| a) Gender \ b) Age Groups
Distribution of gender in selected cohort Distribution of Age in selected cohort
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Figure 14a-f: Patient characteristics in selected cohort
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4.4 Classification phases of caralelivery

Within the context of care related to CRC, we identify four npdiase®f care delivery, that are roughly similar to the

four majorcostdriving phasesvailable in the dataources. An activitgd T® will be in one of thesphasesNext to this,

somemi | estones within a patientés |ife are registered a

determine in which phase ofAdedcrptiop @ the fieenestdblished phases isdhiwdni v e r

below, with examplegiven inTable6.

1 Thelndication phase containactivitiesthata patient receiveshen he/she hascause for findingCRC. This may
be because they appear symptomatith this patient seeking medical attention from his G&mepatients might
not be diagnosed with CR@the first line care, bdbr example by screening efforts, or when the CRC was suspected
within an unrelated carepisodeThe inclusion ofanindication element i$ased on the reason for encountédre
list of valid encounter reasons is based on the list of presenting symptoms and cad tieAppendix D

1 TheDiagnosisphase contains diagnostic assessments that are requested within an encounter with a Primary Care
deliverer, or a medical specialist within the context of detecting and diagnosing the CRC. Expected activities are
scans, lab work, histological staging andren These activities may be part of an admitted episode and billed as such
but can also be requested by a GP and be administrated in thisheagclusion oDiagnosiselements is based on
the same lisas the listof reasos for encounter.

1 TheAdmitted Episodesphase contains hospitalisations. Within the gathway of most cancer patients, they are
admitted into a hospital or equivalent centre at least once. In Victoria, admissions registered in the VAED can be
both for daytreatment as well as overnight stayithin these admitted episodes, various diagnostic tests,
medicationsand procedures may Ipeovidedto a patientThe inclusion of an admitted episode is based on its DRG
(Diagnosis Related Groupgscription based clinical expert opinion

1 TheMedication phase contains medication that can be prescribed by both primary care givers for regular usage, and
specialists in a hospital setting as part of an admitted episodeal3tismcludeshe use of drugs for chert@rapy
which arerecordedseparatelyn the ACCORD registry

Table6: Type of activities in a phase of a process within a cpaghway context

Phase Description Examples
1 GRuisit
Indication Reasons for Encounter 1 Referral from screening
1 Detected in anotheradmission
Diaanosis Requested diagnostic tests for| E Ién?gmg Techniques (CT/MRI)
9 a CRdiagnosis _0 onoscopy
1 Histology
Hospital admissions with a T Surgeries
Admitted Episodes | ot S 1 Adrr.1|S'S|on for Chemotherapy
1 Palliative care
I Prescribed medication related 1 During Chemotherapy admission
Medication .
to CRQreatment 1 Prescribed for symptoms
1 Diagnosis
Life-Events Life Events related to CRC T Death
1 Lostto Follow-Up
1  Survivorship

4.4.1Element derivatioperphase

In the different phases and assomibtlatasets, an activity we are interested in, can be forndiffex@ntly in the health
records. Some elements, such as deaths or diagnosis are registered only by a variakigim Gaber activities, such
as chemotherapy regimens, may constituteaitiple cycles of administrating a combination of drugs, all with distinct
dateslIn Table7, an overview is given of how each type of activity in each dataset i&deri

For the Indication phase, the MBS Item description from the MBS dictionary was linked as the name for that specific
encounter. For diagnosis, the free text field was separated by separation tokens, and then the resulting names were couplec
to an item numbe In the admitted episodes dataset, the Hospital DRG was linked to a dictionary of DRG description

For the medication in the NPS prescription datasethtiees registered as theedicine namevere used For the
chemotherapy in ACCORD, the individuagimen names were used for every cy®leen,this regimen wadinked to

every prescribed medicine in that cycle aodhe associateebisode, such that cost could be aggregdted.the life

events in both ACCORD and BEC, the column containing the date of deaisused to indicate a passing and the

p at i satus veadtranscribed on the last encounteradad| activity
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Table7: Overview of Attributes in datasefer 5 phases and two ems and resulting trace

Resulting Trace (Example)
Phase Dataset Attributes of interest CaselD (Event-ID) Timestamp
EventName
Encounterdate 00001 (10990) 2008-02-01
Indication NPS encounters Encounter_Reason Manag_ement of | 20:00
- Item Number Bulk-Billed
MBS Item Description Services
. . EE?SE:EEP aIg:ason (10990) i(Z)'OOQO03 o
Diagnosis NPS_Tests — 00001 FBE + LFT + :
Item Number FATS + Glucose
Requested_Tests
Admissiondate (GO1B)
Admitted Dischargedate RECTAL 2015-03-01
Episodes VAED Hospital DRG description 00001 RESECTION 12:00
WIES Value CccC
First_date
Medication (GP) | NPS_Prescriptions Eﬂrgfsgter_Reason 00001 (E;zax amethasone 5(2):105603'01
Medicine_Name
Chemo_Episode_Start_Date
Chemo_Episode_End_Date
Chemo_Cycle_Start_Date
Medication Chemo_Cycle_End_Date (CycleN) 2015-03-01
(Chemotherapy) ACCORD Cycle_Number 00001 FOLFOX 12:00
Total_Cycle
Regimenname
MedicationID
DateOfDeath
Life-Events ACCORD Last_encounter 00001 Death 20,15'03'01
12:00
Status
DateOfDeath .
. Disease 2015-03-01
Life-Events TRACC Status 00001 Progression 12:00
Last encounter

4.5 Determining costs fa care activities

Within thefour mainphasesf care deliverydifferent sources were used for costing the elementsah phase. Two
main sources of information were used: Information captured in the NPS dataset could be linkistbthddue Benefits
Schedule (MBS) and Pharmaceutical Benefit Scheme (RE#0h register prices for medical services and medicines
[87], [88]. For hospital care in the VAED, a value is registered that is related to an entire admissiony\mighte=d
Inlier Equivalent SeparatiofW/IES) methodology of costing.

4.5.1Medicare Benefits Schedule (MBS) and Pharmaceutical Benefit Scheme (PBS)

All medical serices and medicines captured in tN€®S Medicinelnsightdataset, wergriced according to the
corresponding item numbers and drug codes as listdoe Medicare Benefits Schedule (MBS) and Pharmaceutical
Benefit Scheme (PBS) respectively. Both the MBS thiedPBS provide online togls whichitem numbers and drug

numbers can be found. Web scraping with the RSelenium package was used to retrieve the costs of the standard units of
MBS items and PBS medication nhumbers. As item numdedscodes may chge over time, iterative checks were
conducted to ensure all codes were adequately captured. Items and medications that comprised less than 1% of all
registered item numbers (<0.05%) and prescriptions (0.8%) were excluded as they could not be ademidiety id
TheNPSprescription data table contains not only the specific drug name, but also the number of repeats, thadlosage

the container sizeFrom the PBS webpage, the standard unit costs, the maximum allowed prescription amount were
obtained andnultiplied with the prescribed dosages and repéatthis manner, the costs for each prescription was
calculated. The prices of both the MBS item numbers as well as the PBS prescription numbers are based on the latest year
of registry (2020).
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4.5.2 Weighted Inlier Equivalent SeparatiQWIES)

The Australian healthcare system, like sor

FUNDING IN AUSTRALIA

activity-based funding, specifically related t
di agnostic related gr
careactivities within an episode of admission. TF
current used systeffor the included hospitals is
called the WIES and was implemented in 201
This system is related to the Australian Natior
Efficient Price (NEP), which is a nationally se
price for a unit of care, and is adjusted every y¢
by the Independent HospitaPricing Authority

(IHPA) [89]. Before the introduction of the curren
system, the National Weighted Activity Uni
(NWAU) was usedwhich had a slightly different

method of calculation. The Victorian Departme!  Figure 15: Value of a standard unit of delivered care in Australic
of Heartent fuidsg modek calledWIES,  pefore 2012 called the National Weighted Activity Unit (NWAL

which stands for Weighted Inlier Equivaler and after 2011 the National Efficient Price (NEP)
Separatia, andis used to calculate a factor, whic

represents the fraction of @ngle careunit. This

fraction can be multiplied by the value of a single WIES, which is roughly equivalent to the NEP, to obtain the costs of
that admitted episode. The extensive WIES calculation places the patient in a Diagnostic Related Group, or Major
Diagnostic Category, based on body system and principal diagnosis. Butictassificationare basedn the presence

of complications or comorbidities and adgach DRG has aracceptablerange of length of Stay. If a patient is
discharged within thismeframe (called an Inlier), a fixed amounpad. WIES payments for low outliers are discounted

and high outliers receive additional WIES for each day thatldragth of stayexceeds the high boundary paifinliers.

This results in a faor, which is registered in VAED. In the calculation of the value of a DRG in the VAED, the factor
registered is multiplied by the value of the standard unit of actbased funding, the NWAU value prior to 2011 and

the NEP value (sefeigurel15). All costs are reported in 2020, and adjusted with the average Consumer Price index for
Health from the Australian Bureau of Statistics in that y@@}. The CPI indices as well as the value for NWAU and

NEP can be found in Appendix 5.

4.5.3Application to phases

The previously defined phases contain elemeherespecific costsieed to be added toh& sourcef these pricesaries
per phase and is related to which information in captures in the corresponding dataset.

The elements inhie Indication phasehavecosts incurred when a patient receives an indicatiors&arching folCRC,

by visiting their GP. Othercosts mighthave beerncurredwhen CRC was not founid the first line careby screening
efforts, or when the CRC was suspected within an unrelatesepeode but costs fronscreening or related to other
careepisodes areotregisteredFor costing the GRencountersthe registration of the item number in MBS, or Medicare
Benefits Schedule and its associgteide areused.

The Diagnosisphase comtinsscans, lab work, histological staging and more. These actidéprsalsobe part of an

admitted episode and billed as subht they would be included in the btdksts ofan admitted episod&heycan also

be requested by a GP and be administrated in this@ests for dagnostic testrequestedn a GP visit are includeby

separating the free text fiefiRequested Tegisn the prescriptionstabteo al | i ndi vi dualFBEe+rl e ment
LFT + FATS contai@s detementsdvithin obgagnosis request. These individual elements are coupled to specific

item numbers in MBS and its associated costs aggregated over all elements.

The Admitted Episodesphase contains hospitalisationgh a unique DRG, with an associated WAfE&:tion.E.g: An
instance of DR@ Co mp | e x Geas have a WIEP facior of 1.345 in1XH) where the value of a WIES is $5.007
and the CPI = 5%, the costs of this DRG i4:345 * $5.007 * 1.055 $7104.81For the admitted episodes, there will
not be a breakdown in cosiger the many registered procedures in a D&3Xherehe WIES costing methodologgoes
not have standard values for procedures

The Medication phase contains medication that can be presdrby both primary care givers for regular usage, and
specialists in a hospital setting as part of an admitted epiéddke in a primary care setting (NPS) the prescribed drugs
are registered separately, in a hospital setting, the medication admihisiiéle booked as part of the DRIt will

not be in the record§ hisis not the castor chemaherapydrugs which arerecordedseparatelyand can be obtained in
the ACCORD datféile.
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Table8: Costing methods fofive distinctphases ina carepathway

Dataset

Costing

Phase Example elements Based on
(table) Source
3.9. MBS Item numberfor GP
- NPS L encounters
Indication (Encounters) GRvisit MBS 3.10. MBS Fee per
registered Iltem number
Imaging Techniques 3.11. MBS Item number
Diagnosis NPS (CT/MRI) MBS for requested tests
g (RequestedTests) | Colonoscopy 3.12. MBS Fee pel
Histology registered Item number
) 3.13. WIES Factor
Admitted i‘é[gg:;n 3.14. WIES value of
Episodes VAED Chemotherapy WIES year of administration
Palliative care 3.15. . _CPI_ of year of
administration
3.16. PBS Drug code
name for prescribed
- medication
Medication NPS - Prescribed for symptom | PBS 3.17. Dosage
(GP) (Prescriptions)
3.18. Repeats
3.19. PBS Fee per
maximum dosage
3.20. PBS Drug code
name for Chemotherapy
Medication
Medication Prescribed for Cycle of
ACCORD PBS 3.21. Dosage
Chemothera thera
( rapy) Py 3.22. Repeats
3.23. PBS Fee per
maximum dosage
Diagnosis
. Death No
Life-Events TRACC/ ACCORD Lost to Follow-Up costing
Survivorship
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SDRESULTS

The aim of this chapter is to provide a comprehensive analfytie process mining methodology applied to colorectal
cancemathwaysFor the analysis, a supplementary output document is created, which can be used interactively. With
this app, panningnd zooming in on the resulting images is possivhich for some of the graphs is essenfilthe

time of writing, the app isvailableon: https:/strelijveldstudent.shinyapps.ioButputfile). In Chapter 6 we will

address a specific case study, evaluating the differences bdtveepathways of colon cangaatientsin the different
ACPSstages.

In the first part of the results, Sectibrl, weevaluatethe resulting pathwayand describ¢heir Petri netcomponents in
Section5.1.1 In sectiorb.1.2we evaluatehe enhanced pathways, displayed as direct follow graphis aedtion5.1.3

we study the validity of thebservedpathwaysfor the different subpopulationa a quantitative manngusing the
conformance metricdVith theresultsof 5.1.1and 5.1.2we are able to answer the first research quegtomw can a

care pathway for CRC patients be derived with process mining techniques and how can these care pathways be
evaluated@ Section5.1.2thenprovides an answer to the second reseqogistiond Wh at ar e the charac
patients going t hr ou g.lnthe beeond parfthenmesultss ReCliofRave bvalzate the dpst
enhanced pathways obtained with the cusadgorithm from Sectio8.2, as well as costnhanced diredbllow graphs

and answer the last research questoiow can t he tot al costs of the (main
evaluated fromacogier specti ve?6

5.1 Comparative analysisof completecare pathways

Care provided tgatiens will be evaluatedwith resultingProcessnodelsfor the derived pathwayd he pathways are
evaluated in each of the four main phag&dmitted Episods), Medication (Chemo Episodes & GRescriptios),
Diagnosis (Requested TestahdIndication (GP visits)Resultingcalculation timesre provided in Appendix.®n this
section,one of theesulting Petri nets of the cgpathwayss displayedand different parts are highlightedd exphined
so that the reamscanfamiliarize themselves with thasualizationsand how to interpret them

5.1.1Introduction and visuahspection otresultingcare pathways

The complete pathwaysesentinghefive different phasesased on the entire cohort of patients is displayé&djiare
16 (Admitted episodes), Figure 22 (Chemo Episodes)Figure 23 (GP Visits) andFigure 24 (Diagnostics and
Prescriptions)Thegeneratedimagescan bdoo large taead,and it isthereforerequired tazoom in to view the textboxes
containing the activitiegzigure 16, displaying the pathway of only the care activities in admitted episeitldse used
asanexample to describe the different model components.

Figure 20 Figure 19

| Figure 17 | Figure 18

Al

Figure 16: Resulting pathway ophase:Admitted Episodes.

5.1.1.1ExplainingModel ComponentsLegends to the figures

First, we evaluate some of the structures and annotations in the model that are necessary to interpret these models
correctly. The first components of interest in the model are located at the start and end of the pathway. The green circle,
indicating the starting place (sBe@gurel7 on the next pageand the orange circle, indicating the end place Ksgeare

180n the next page

The numbers displayed next to the arrows, represent the numbessiblp unique pathways that passed through the
previous location and continue in the direction of the arrow. Multiple patients can have the same pathway, and if this is
the case, this number does not increase.
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https://strelijveldstudent.shinyapps.io/R_Outputfile/

We see that a total of 3098 unique pathways are registered at the end of thémtloglplathwaywe see transitior(she
boxes) containing the name of the activifo r exampl e t he <c atha gmoorvri eigengd©f oirn DF

which hasa number , i n t hiThs nerber eeprasehtsd thataf nuneber ofttimes shis activity was
performedand it does increase with every patiantl can egn increase multiple times from a single patidiie black
rectangles are the 6ésilentd transitions, which do not

or simply no activity until the pathways converge again.

218

1061

Gi Haemorrhage (4)

a [rco o]
. Activity A (n) Ca tivity (# ti ted,
O (A Gfital) st ot are activity (# times executed)

_ Silent transition
O (Artificial) end point (n) # pathways from previous to next transition
Figure 17 Beginning of the care pathway 1 Figure 18 End of the care pathway !
admitted episodes admitted episodes

In Figure19, we see gart in the modelvhere concurrent behavio-
with a loop is displayedlhe cdoring of the transition is based ol
the number of times this activity is performedlativeto the total
number ofall activities performedh the net The larger this numbet
is, the darker the shade of bliom the starting point there are 1
possibleactivitiesor scenarioghat can happen at this point in th
model, each with their individual number mdthway versionthat
go through this activity.Importantly, these activities are no
mutually exclusive. A patient can first have one of the pro@siL
bel onging to a DRG s ulcatge bowel
procedured and then have a f
a Colonoscopyin the model, we see that a silent transition is add
which is connected to the starting place ( thdirez), which secures
that it is possible to return to this place.

In Figure20, we see an example of specific compbekaviorof the
model. Aftertheplace where alpathways converge (thankpoint
left in the mode), four scenariosare possiblej ncl udi-n
act i vi tsceaasioAa the nanhbkr®f pathways starting frot
this point are 258 and 2051 respectively, patients do not have
same pathway in thgarts before and afténe converged point at the
left. For the three activitiesn this complex part Colostomy, (
Abdominal Pain Mesentrc Adents and Gi Haemorrhage, we see Figure 19: Concurrent parts in the pathway

in any case, the Gi Haemorrhag®cedurds performed latethan

the othertwpandt hat t he earl i er two are mutually exclusive. We
loop, such that it is possible that patients would have the procedures belonging to that DRG more than once. Lastly, we
see t hat al lrepossiblg, buenst essebtRiGdhe pathway, as they have silent transitions concurrent to the
activity (see green line), and to all the activities together (blue line).
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Figure 20: Example of complex modddehavior
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5.1.1.2Model Evaliation

Within the resulting models, we can see different parts where pathways converge and diverge. Within the pathway of a
stage of care, such as the Admitted Episodesaneherefae distinguishdifferent subpathways within the entire model.
In Error! Reference source not found.we see 8 of those, with a labél through H) attached to it.

Part C

—PartE - PaTtF Part & PartH

i : -
Part A - T
-

Part D

Figure 21: Parts in pathway Admitted Episodes

In part A, we see that pathways are possible that inaiGiélaemorrhag@ a6 éllow-up with an endoscofyperhaps
multiple times, anddJnknown DR@& We also see that i1 Haemorrhag&and the unknowRG, the number of
pathways through the activity is equal to the number of times the activity was performed, so no repeats and each of the
pathways through the activityisunigW® t h t he 6Foll ow Up + Endoscopyd, we s

the activity ancsixa second time via the | oop, yielding a total C
Part B is a partwhere procedures are perfornfed r 6 Pul monary Embol i smsd, O0Herni a
proceduresd, with the possibility tBboheahbswophe Fbhlemol

all have loops, suggesting that there camdtiple admitted episodes for the same DRart C is somewhat of a

sidestep, with multiple possible procedures that are cancer related, such as Radidibeeapy liver malignanciesr

related procedure®r thrombosisbecause o€olorectal cancerPart D only consists of a possible R G egpRatory

neoplasm , w h i ddke phacedgftér the previous procedurds. Part E, a single DRG for a Hepatic systemic
malignancy, as well as a Minor Small & Large bowel proceduedound, without repeats. feer these, all pathways
converge and expand inkartF, wher e we observe the main DRGO6s for sur
the O0Abdominal Pain Mesenteric Adenitisd, which is in
due to the cancer. After the latter one, a procedure to contain GI Haemorrhage can be performed as well. All these
procedures can be repeated, again suggesting that multiple admissions might be necessary to fulfill the objective.

In Part G we see concurrent options, of which most are related to either oagihg or follow up (FollowJp, Follow

Up + Colonoscopy and Complex Gastroscopy) or to a surgical intervention in the bowel region (Rectal Resection, Gl
obstruction, Peritoneal Adhdgsis, Digestive Malignancy, Major Small & Large Bowel Procedure)eReeptionis the

resulting Aneamiaelated procedure and the PIQ&iipherally inserted central cathgtesed for chemotherapy.
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Part H is solely consisting of admission for administrating Chemothegagssgiblymultiple times, which is also by far
the most frequently occurring activity in this
pathway.

The pathway of the Chemo Episod@sgure 22) Part B

phasehas a lessomplexstructureand contains only 2 A= o
3 types of elements. There is a start of t
chemotherapy regimeRért A) after whichthe loop
is enteed and followed byone of the chemo
regimens (Part B). In the latter of those,
administratiorof the rggimencan be repeated with ¢
silent transition We observe that the algorithm he
placedt he 6St art Chemo E
front of the concurrent loop, while this woule b
expected, as all these should be timed befi
administration of theregimen. This might be
explained by the fact that the timestamp of starti
the next line of chemo coincides with the end date
the previous and the algorithm picks the mc
frequent frst. There are a few activities that onl
happen oncewithout a loop (sed?arts C), after
which the concurrerdectionends We observe that
the resulting pathway does not yield a specific orc
between the®, 29 or 37 line treatments, while this
would be expected

Part C

1
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In comparison,he GP visitspathwayin Figure 23 -
does have a specific order and consists of three ¢
pathways. Part As unique, only 1 patient had thi:
component, which is mental health attendance. Part

B consists of O6Special 6 t-Maure attendance,GBalthaassessmedts, multiglisciplinanyc h
care, or services provided by either a practiceamaor a health practitionerAboriginalor Torres Strailslanderslescent.

These variations are rare compared to the standard pr e
registry of Bulkbilled services, which is a fee or redoct of costs for when multiple services such as imaging or
diagnostics are declared at once. We see that these can both happen multiple times and they are mutually exclusive.

Figure 22 Parts in pattway ChemoEpisodes

Part B

Figure 23: Parts in pathwayGP Visits
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The Prescriptiorand Diagnosigathways both from the NPS dafaeeFigure24) both have a similar layout and only
contain two unique elemes; a single activity (exangin Part A andPart C) and an activity that is repeated through a
loop (example ifPart B andPart D). When zooming in on the individual activity, we see that most all have an occurrence
for a single patient and a handful have a low number of occurréarcas equally low number of patient/ith a large
number of unique activitie®r unique casesan order or sequence cannot be found.

.|Part A
*|Part B

Part C

\| Part D

Figure 24: Parts in pathwayPrescriptions (left) and Diagnostics (right)

5.1.1.3Model Alignments

Next to the different resulting models with the frequency annotati
we have generated graphs displaying alignments of a ntode
different subpopulations. An example is giverFigure25. We see
the same location as iRigure 19, but the annotation is noihe
alignment of Masluebspdeseribed ant SectioR.2.3)
the two numbers following the activity are the numberfitéd
activities (synchronous moves) and the numbemokes onthe
model ttat were necessary at thignsition. The more moves wer
necessaryelative to the totalthe redder the color of the transitior
This gives an indication how many of the pathways could not
constructed with theare activitie®ft h e 6 dlapbpaladbd. This
is interpreted aéhow much deviance there is between the model
the group at that point in the modeThese values get aggregated
themo d etdtad quality metricsand if models with lower quality
metrics are found, then the graph withgh alignments as annotatic
will provide the location within the pathway that is responsible
this lower score.

/ Fice (122,843 _

/

Celonoscapy (3,962)

Major Small & Large Bowel Proceduce (3,482)

Figure 25 Alignments on resulting model,
(comparator group is all Males)
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5.1.2Process Enhancememn the care pathways

In the resulting app, we can create animated graphs, using the ProcessAnimateR package from the bupaR suite, which
can enhance the processes interpretation and extend it with additional informatiagp@lag model enhancement is
performed on direefollow graphs(DFG), and not on the previously seen Petri nets. These DFG do not have the same
mathematical properties as the previous models and cannot be used to align traces and for this reasdtedrsma su
conformance checking. However, they can be used for process enhancement. In the app, we can cidaBs tloese

each of the subpopulationst ab O Basi c Process maps6 and us ebéAnhiemaenehdar
maps & whireraetive tfdature to see individual patients rsaveough the pathway. We can display the
characteristics of the patients as annotation in this anirbdt€chs is done ifrigure26, with the ACPS stagingnnotated
onthepathway forGP visits. The timeline can be adjusted to an absolute value, animating on a timeline from the first to
the last timestamp, or be set to relative, in which case all patients are &dighedimestamp of their first activity. In the

nodes in the graphhe name of the activity, the meansts,and the number of times this activity was performed is
displayed. On the arcs we see the percentage of patients that crossed this arc frewotiemode, as well as the mean
duration between the previous node and the next one.

»

3 year

Figure 26: Animated drect follow graph ofGP Visits annotatedthe with the ACPS stagéhe patient is in.

In a similar fashion, another form of Process Enhancement is possible, based on additional information from a separate
but related everbg. For example, the life events retrieved can be used for thisglme 27, the DFG of the Chemo

Episodes is annotated with another event log, containing the Chemo line number that the matched patients in TRACC

have at a certain point in time (named TRACC_CHEMO_LINES). We obsatthihdifferent chemo lines are visible

in the graph as color annotation on each patient, with the patients that were not matched in the TRACC dataset appearing
white.
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Figure 27: Direct follow graph of Chemo Episodes, annotated with external data containing the chemo line the pe
is in.
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Another possible extension is with the life events from the TRACC and ACCORD registry. TRACC contains the date of
death, date of entering palliative care, the end of a round of chemotherapy, surgeries and resulting cancer outcomes, such
as disease progression and patient requests to stop treatment. ACCORD contains the date of Diagnosis, the date of death
the last dat of follow-up or the last registered date of care, where the patient is still alive. Also, the specific chemo
regimen in TRACC is possible (sé&ure28), however, weabserve that the number of unique regimens is larger than

the number of colors in the pallet, resulting in double usage of colors, which results in being unable to differentiate well.

> 0O

Figure 28: Direct follow graph of Chemo Episodes, annotated with external data containingspecific type of
chemo regimen thathe patient is in.

5.1.2.1Conclusiorfirst research question

Returning to the firstesearch question

How can datadriven models for care pathways for CRC patients be derived with process mining techniques
and how can these care pathways be evaluated?

We have described workflow to preprocess patient data towards event logs, uskeglldata from multipleolorectal
cancer registriesThen wederive process models from the cpsthways, for the main phases in the colorectal cancer
care pathwayThis workflow contained process mining technigues for discovery, using the inductiveatgiorhm to
derive the process modethat could be visually inspected and interpreted

Additionally, from the event logs Direct Follow Graphs were construetbith could function as an enhancemaithe
visualizations, displaying characteristias a patierdevel. As well, these graphs can be extended with external event

|l ogs, containing information of patients that change o
or the patients treatment line or regimen.

The equvalence of pathways can partially be evaluated by comparing the resulting alignments of the models visually and
this can be extended by quantitative analysis using the conformance metrics, resulting from the conformance algorithms
in the workflow. A combiation of both is needed to adequately evaluate the pathways that result from the process mining
workflow.
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5.1.3Quantitative analysief the validityof thecare pathways

After we have derived process models, we would like to know how gosé ithadels explain theequences afare
activitiesthat patients have received. Next to a faakie evalation of the models, we can quantitatively evaluate the
models using the conformance algorith& will research which subpopulatiohave their carbest explained by the
derivedCRC pathway modelsto answer the questiolVhat are the characteristicd the patients going through the
(main) CRC pathwaysPhe quality of amodelcan be described kthe four conformancemetrics,fitness, precision,
generalization & simplicity These valuesexcept for the simplicityare calculated in comparison to a reference dataset,
so that theyexplain low well the model represent the dptavidedin the reference datasétdditionally, the average of
these values, as well as Brscore, a balanced scdor the fithess and pcisionis calculated The resulting graphs are
di splayed in the ©6q st thdaayerageecdnfoimanseds ot irdebest,gfovidediiregraphp guch as
Figure 29. As all resulting graphs are approximately the samewill evaluateone dataset onlythe one for ©iemo
therapyepisodes

Average conformance metrics in CHEMO_EPISODES dataset

Group: Value

B AGE_GROUP: 30-

B AGE_GROUP: 30-39
B AGE_GROUP: 40-49
B AGE_GROUP: 50-50
W AGE_GROUP: 60-62
B AGE_GROUP: 70-78
B AGE_GROUP: 80-89
B AGE_GROUP: 90+

H AGE_GROUP: Unknown Age

B CRC_TYPE: Colon Cancer

M CRC_TYPE: Other Colorectal Cancers
[ cRC_TYPE: Rectal Cancer

[ CRC_TYPE: Unknown Cancer Location
[0 GENDER: Female

O GENDER: Male

metricsAverageWeight

[ INDIGENOUS_STATUS: Aboriginal

[ INDIGENOUS_STATUS: Not ab_TS

[ INDIGENOUS_STATUS: Torres Strait
[ INDIGENOUS_STATUS: Unknown Statt
[ REMOTENESS: Inner Regional

[l REMOTENESS: Major City

[l REMOTENESS: Unknown Remoteness

B STAGING_ACPS: A

W STAGING_ACPS: B
B STAGING_ACPS: C

Figure 29: Average conformance metrics of the mailerived model from ChemBpisodesn comparison to each of
the subpopulations

Overall, the quality of the model is represented best in the average of the conformanceThetaesragealuewill be

in the (0,1) interval and the population with the highest value will have gatheay that is best represented by the
derived model. This chart is used to find outlier subpopulations, for which#iremodel is not representative. The
highestvalue found, 0.656, corresponds to the AQRage: Cindicating thatpatients with ACB stage C are best
represented by the model and thafueis also the maximum valder the currenmodel. The other subpopulations should
then be compared with this w&, so a low conforming population, such as those with an Unknown Remoteness status
with an average score of 0.360, is approximatelyas well represented by the model as the Stage C patients.

Fitness & Precision in CHEMO_EPISODES dataset

© .

.
.
EREEER

ragefress

Figure 30: Fitness and precisionofte pat hways di scovered from datas
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We can then zoom in further and focus on the individuatioseto identify which of the metrics is responsible for lower
values. Theitness and precision are then the first group of interest, or-8wie if thequality metricneeds to be
expressed as a single valk&gure30displaysthe graph oboth fithesghow much of the observdzthaviorof the event

log is captured by the modeind precisior{how muchbehaviorexists in the model that was not observethim event

log ) for the Chemo Episodes datasgtoups with a high precision and a low fitnésach as "Major City" and "Not
AB/TS’, circled redhave models that do not contain all observed sequenaegiafies through the pathways, while

they do hae all individual elements. Converselyith a low precision and a high fitneéssuch as 00Ot her
Cancersd and OTor rteesods pfrthepathwiayscontainsalcelemehts but alse allefor many
possible sequences through the pathway tharobservedn these subgroups

Generalization in CHEMO_EPISODES dataset

Group: Value

AGE_GROUP: 30-
AGE_GROUP: 30-39

AGE_GROUP: 40-45

AGE_GROUP: 50-59

AGE_GROUP: 60-55

AGE_GROUP: 70-79

AGE_GROUP: 80-89

AGE_GROUP: 90+

AGE_GROUP: Unknown Age
CRC_TYPE: Colon Cancer

CRC_TYPE: Other Colorectal Cancers

CRC_TYPE: Rectal Cancer

generalization

GENDER: Female
GENDER: Male

INDIGENOUS_STATUS: Aboriginal

INDIGENOUS_STATUS: Not Ab_TS

INDIGENOUS_STATUS: Torres Strait
INDIGENOUS_STATUS: Unknown Status
REMOTENESS: Inner Regional
REMOTENESS: Major City

REMOTENESS: Unknown Remoteness

STAGING_ACPS: A
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Figure 31 Generalizationof t he pat hways discovered from dataset

The generalizatiothow well the model explains unobserved systehavioy and simplicity (the complexity of the
mode) are displayed individuallyasthe latter is not dependent on thkgnments of traces to themodel. In the
generalization valuese observén Figure31, weobservethat the higher values occur in the subpopulations that are the
largest(seeError! Reference souce not found af), meaning these models could generalize better towards unobserved
(or new) activitieghan their less frequently occurring counterpa®tll, for all groups, thevalues are relatively low,
ranging between 0.01 and 0.5. The modetsnot sued to display a larger quantity of changes in a pathway, for example,
when newregimensare introduced. The models would then need to be updated.

Simplicity in CHEMO_EPISODES dataset

Group: Value

AGE_GROUP: 30-

AGE_GROUP: 30-39
AGE_GROUP: 40-49
AGE_GROUP: 50-59
AGE_GROUP: 60-69
AGE_GROUP: 70-79
AGE_GROUP: 80-89

AGE_GROUP: 90+

AGE_GROUP: Unknown Age

CRC_TYPE: Colon Cancer
CRC_TYPE: Other Colorectal Cancers

CRC_TYPE: Rectal Cancer

simplicity
-
g

CRC_TYPE: Unknown Cancer Location
GENDER: Female

GENDER: Male

INDIGENOUS_STATUS: Aboriginal
INDIGENOUS_STATUS: Not Ab_TS
INDIGENOUS_STATUS: Torres Strait
INDIGENOUS_STATUS: Unknown Status
REMOTENESS: Inner Regional
REMOTENESS: Major City

REMOTENESS: Unknown Remoteness

0.00 STAGING_ACPS: A

STAGING_ACPS: B
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STAGING_ACPS: C

Figure 32 Simplictyof t he pathways discovered from dataset 0
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Lastly, we see the simplicity of the modeldigure32. As expected, these values are nearly identical in all subgroups,

as simplicity is not calculated from the aligned traces. That these still differ a little can be explained by the ffiect that t
calculation is made against thember ofactivities that are in the reference set, so if not all activities in the model are
present in the subpopul ationdéds event | og, the thiaut come
model 5 not overly complefor explaining the reference data

5.1.3.1Conclusionsecond research question

Returning to the second research question.

What are the characteristics of the patients going through the (main) CRC pathways?

Using theconformance algorithmfer alignmentbased fitness, precision generalization and for simplicity of the models
incorporated in thevorkflow, we have constructed bar graphs that display the quality of the models, specifically, how
well each modetepresents the patients in a certain subpopulation. From this, wegelude which subpopulations
align the best to this modahd answer what characteristics of patient§a@lewing the (main) CRC pathways the best.

We have evaluated the quality mes$ of the chemo episodes dataset aochfthe quantitative assessmewmt, haveound

that patients going through the main pathwal/the phase Chemo Episodes can be charactagéeing irthe upper

middle age groupsmainly the groups0-59, 60-69 and 7679 years oldThe Agegroup 30, 90+ and patients with an
unknownage are not close to these values and we can concludleeagroups are not represented well by the resulted
model The pathway is approximatelyst asgoodfor Cdon and rectal cancewith thepopulatiors for dther location8

and dnknownlocation®less conformingWe see that males on average are better represented by the model, which is
mainly due to the higher fitness. The female population has more complex tracdgrihass good to the main model.

We see that the model best represents theaboriginal or Torres Strait islander patients, but that the aboriginal
population is relatively close. The Torres Strait islander populdtes not have a good conformanegreless than the
population with an unknown ethnicity. While the number of patients from the Major City is far larger than the rest, the
Inner Regional patients are pretty good represented by the model. This suggest there is not a large differaded in prov
care between those. This is not the case for the unknown remoteness. Lastly, patients in all of the stages, except for the
unknown stage are represented relatively good by this model, with the best stages bemes thest frequently
occurring
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5.2 Cost comparisonanalysis

To analyse the costs that are incurred in treating the different populations of CRC patiteis entire pathway,
including admitted episodes, chetinerapy, diagnostics, GP visits and prescriptidith Petri nets, created with the
customcosaggr egati on al gor it h mRroessdnimateRadkaye areruselaxteéodhisydindgitth t h e
plots of these costs are generated in a hierarchical fashion, first for thepatttiray, then for evenqyhase and then for

each of the components in the pathway.

5.2.1Resulting Cosenhanced pathways

Using the algorithm described in Secti®®, costsenhanced pathwayse created for all different phases in the dataset.
The full pathways have a similar structure as the frequanaptated graphs in Sectibri.1and can be found in the app
as well.

Firstadensity plot including a histogram of all the costs in the pathway is created, with an eréthpldifferent types

or location of cancer visualized ligure33. With this visualization, we can see how many patiémbsthe yaxis)are in
differentgroupsof acertaincosts usinganlogaithmic x-axis This way ve can observe if the costs are skewed differently
among the different populations. We see that in this eeséave more colon cancer patients than rectal cancer patients,
and that the number of fiants with an unknown or other location are negligible. Also, we see that the colon cancer
patients have their cost distribution skewed to the right, with a higher average cost.

Density plot of Crc_Type in ADMITTED EPISODES

Value
500 Colon Cancer
Rectal Cancer
Unknown Cancer Location
400 Other Colorectal Cancers
= 300
5
3
J
200
100
D S s S B S
0
1.000$K 10.0008K 100.000%K 1,000.000%K
Costs in AUD

Figure 33: Density plot of the costs of CRfor each of the registered cancer typiesChemoEpisodes

The following step is to observe where in the pathway these costs are intutledworkflow, we have implemented

both the version calculating meamsts as well as the sum of all costsFigure34 we see the same part of the pathway

of Admitted Episodess displayed ifrigure19. In this manner, both an average costs of care activities within the model
can be visualizedt also givesa more holistic view othe carepathway of the entire populatiand wherghe costs are
thehighest. In the figure, we see that for examplat twhile the DRG "PICC" is relatively cheap with an average cost of
977.10 dollar, it still is a significant cost in the entire pathway (1.77M), compared to for example the 24K dollar costing
6Maj or& Slhearlge Bowel Procedured having a total cost of
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Peritoneal Adhesolysis (513.31k) Complex Gastroscopy ($327.82 k)

Rectal Resection (§29.36 k)
Digestive Malignancy (§4 19 k)

Follow Up + Colonoscopy (§1.54 M)

Anaemia (§633.32k)

Rectal Resection (86.49 M)

[
I Colonoscopy ($1.80 M)

Gi Obstruction (§1.57 M)

Follow Up (§557.28 k)
Digestive Malignancy (§1.29 M)
Picc (177 M)

Perttoneal Adhesolysis ($1.85 M)

Follow Up + Colonoscopy ($1.21k)

Colonoscopy ($2.49 k)
Pice (8977.10)

Figure 34: Component based costs in cgrathway of admitted episodes, with mean values (left) and total value (right)

Major Small & Large Bowel Procedure (§7.16 M) |

In the resulting pathwaysje can then zoom in into the different care activities and see the distribution of costs within
that careactivity, grouped by the same pati@htaracteristics. In this way we can usetttegarchical structure within our
approach, to dive into the differeparts of the pathway and analyse individual care activities, all within the same model.

Density plot of Cre_Type in Rectal Resection in

Density plot of Crc_Type in Major Small & Large ADMITTED EPISODES

Bowel Procedure in ADMITTED EPISODES

Value Value
30 Colon Cancer 200 Colon Cancer
Rectal Cancer Rectal Cancer
300 Unknown Cancer Location Unknown Cancer Location

Other Colorectal Cancers
150

< 200 £

3 100
150
100

50
50

° o 0

10.0008K 100.0008K
Costs in AUD 10.0008K 100.000$K

Costs in AUD

Figure 35: Individual care-activity cost distributions grouped by patient characteristic Cancer type. Left: Major Small
& Large Bowel Procedure, right: Rectal Resection
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5.2.2Process Enhancemenith Costs

In the last visualization in the apiheDFG6 s can be enhanced with this cost in:
we have these available. figure36 we see an example of thim theChemo Episodedataset. Again, in the app the
interactive feature is availabli this graph, we can easiigentify which components have the higher average cbgts,

using increasing shades of red for highialues Theindividual patientsare colored based on the costattthey had

incurred up until that point of time, with increasing shading from yellow to Nede that these values increase and
corresponding colors change on the arc before the activity, as the timestamp is linked to the end of the activity.

Figure 36: Direct follow graph of Chemo Episodes, annotated with external data containing the costs of
individual patient up until that point in time

Because we buil hierarchical process structure in the chemo dataset bafidrom individual chemanedications in

each cycle of a regimewge can also zoom into a level lower than themoepisode levelto the cycle level. ThBFG

will be more compkated because of this, but it is still interpretaldle. see this displayed Figure37, with the notion

that the print of the individual regimen namsscome too small to read. When zooming in,ase able to track the
individual patients through their repetition of the cycle, with the additional information on the average cycle duration. We
also observenore complexity in this graph, with more episodesnected than was the case within the Episode level
model. From this we can conclude that either data pollution has occurred, where some cycles were accidentally registered
as the wrong regimen or that within an episode of a reginmyt|@of another gimen wagrovided to the patient. This

would require further investigation.
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Figure 37: Direct follow graph of ChemdCycles annotated with external data containing the costs of ti
individual patient up until thatpoint in time.

5.2.2.1Conclusion third research question

Returning to the third research question

How can the total costs of the (main) CRC cpethways becalculated and evaluated from a cost
perspective

Using the developed ceaggregation algorithm in sectié2, we are able to calculate meangdtotal costs of each of

the registered activities in our event logy, aligning the sequences of activities of each patient over the previously
derived process model. These values can be annotated onto the graphs of the resulting Petri nets, giving the observer
direct insight into those costs at their respective poiritgérpathway.

We can then decompose the costs into density plots, comparing the distributions of costs in different subpapdlations

do this on each level of our hierarchy, the complete pathway, each phase and each activity in each phase. In this way,
differences between the populations can be evaluated iterativieling which phase and which activity have more
disparities in costs.

Using Direct Follow Graphs, enhanced with the current cumulative costs of each of the patients at every point in their

time, we provide insights in the ceditivers over the life cycle of patients in the health sysidmen multiple levels of
hierarchy in an event log are present, weazluate thisteratively to lower levelas well.
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In chapter 5, we showed that we can successfully apply PM to the linked dataset. In this chaptetosesaiss its use
in clinical practice modelling, in this chapter, we evaluate differences betweeficsgemips, to exemplify its purpose
and to aid the overall goal analysing disparitiesf health care resource utilisation in colorectal canthe described
methodology and process mining workflow is applicable to all of the registered patient afistiestand associated
subpopulations.

We expect from the clinical guidelines f8BRCtreatment that we will see differences between the care pathways of colon
and rectal cancer, and that there will be differetega/een the lower and higher stagesavfcer We choose tassess

the cost distributions and care pathways of the patients in the different stages for Colon Cancer, tirelgrgéthe

two cancer sites

6.1Whole Integrated pathway

First we will evaluatethe distribution of costs per patient over tt Density plot of Costs in whole Integrated Pathway
entire integrated pathwayf colon cancer patientnd findwhere 800 Dataset

in the different phases the bulk of the castsincurred In Figure e

38, we observe that more patierftave costsincurredin their i ZEEA?TCTREIEjE:\l:ODES

admittedepisodes, with a distant second being chemo episodes & DIAGNOSTIC_TESTS

CHEMO_EPISODES

GP Visits.The total valudor n=1965 patients iAdmittedepisodes w0
is 56,6M 03.34%of total costs)Secondly, the total value for the
chemoepisodeswith n=218 patientss 4M (6.62% of the total
costg The GP visitddatasetwith n=95 patientshas a total costef 300
14K comprising).023%of the total costsLastly, Diagnostic tests
(n= 30) aad prescriptions(n=51) have negligible total costs c
0.01% and0.006% respectively The diagnostic tests and th 100
prescriptions have a negligible number of patients. Secondly we 0 =

that the largest chungf thetotal expenditurés coming from the OO00SK  000TSK  0O108K  0100SK LOOGSK 10.000SK 1000008
Admitted episodespot only by the number of patients that ha
admissions, but also by their mean costs of approximately !
AUD per patient. We see that chemo episodes also have a h
mean cost with approximately 30K AUD , while GP visits only cto.
a few hundred AUD per patient.

Count

400

200

Figure 38 Cost distributions of Colon cancer in the
different phasef care in thewhole integrated pathway

First we look at the average costs of gaee patientper stage. We found that the average costs of care for Stage A is
17.808.85 dollars, for StageiBBs 20.988 dollars Stage iCis 27.162 dollars, for Stage D it is 41.643 dollars and for the
Unknown Stage it is 10.379 dollarBollowing this we wouldlike to see if these cost distributions are different between

the different stages of cadelivery. Figure 39 displaysa density plot oftosts per patient over the estintegrated

pathway grouped by the ACPS stage they are in. We see that Stage B and C patients incurred the highest total costs and
that there areelatively smalldifferences between the mean costs -

each of the stages, with tneeancosts of Stag€ and D patients Densily plot oTACES, Siaging in whole Integrated
being the largesiVe see that the line for patients with an Unknov Value

stage des not have a peak at approximately 50K, suggesting 0 ¢

these patients do not or barely have expensive admisStomayout D

of the graph is somewhat misleadingt Wwith changingthe xaxis to Rl

a scale starting at 1K, we would be able to see differences r

150
clearly.

Count

A graph of the entire integrated pathway, containing the costs of « e

of the elements was produced/hile the pathway itself is very
complex, we can tdl identify certain regions see Figure 40.
Interestingly, the layout of the frequency annotated version, .
Figure65in Appendix l,is mirrored, which is probably a result of th DOO0SK  0ODISK  0010SK  O100SK 1
automaic layout algorithm.In Part A, we see that multiple first line

care optionspossible, mostly containing diagnostic tests such
bloodwork such ag-ull blood examination FBE), Liver Function
Tests [LFT) or Urea ancElectrolytes(U&E). Additionally, we see in

50

000$K 10.0008K  100.000$K

Figure 39: Cost distributions of Colon cancer in the
different stagesof cancer overthe whole integrated
pathway
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this part multiple possible prescriptions. Looking at the same pathway, but annotated with the fregeesesy that
except for the diagnostic MRI and the admission for
Part B contains a similar set of activities as part A, whilpamt C we observehe first chemotherapgegimenstarting,

as well as an admission for a Minor small & large bowel proceéane D is for patientavho skip Part C, E and &nd
possibly only have some prescriptions during this period of ffag.E solely consists of admissions, of which most are
surgery. A small part contains chemotherapy, specifical\MROLFOX 6 regimen. All activities in this part may be
followed by amther activity in this part, resulting from the sklbp. Part F contains of diagnostic tests, chemotherapy,
GP visits and various medication, all of which are mutually exclusdaet G consists of mainly GP visits and
prescriptions for medication resiulg) from that, but also preparation for chemotheragyich PartG is ended with. In

Part H, we see only diagnostics and medicatidrshould be noticed that many of the costs that are calculated with the

costaggregating algorithm, are zero. Thisot because the costs of the activity is zero, but because it was not possible

to find an alignment of the traces over the model.

Part D

Part G
Part B
Part A Part H

Part F

Part C
PartE

Figure 40 Entire integrated pathway of Colon Cancer, annotated with costs.

The process model of the entire integrated pathway is excessively complex and contaiimdrivatgyregionsDue to
this complexity, the event log is not suited the describegrocess enhancemeiats the creation dFG6 s r un s
memorylimits. Also, the quality metrics of the model aret verygood seeTable9. These levels are lower in every
dimension than we have seen in for Colon Cancer ochtbimotherapget (see sectiob.1.2.] from which we conclude
that the model is overall worse in explaining the dataset than that chemotherapy model was explaining thatadlataset,
lacking precision.

Table9: Resulting quaity metrics for the entire integrated pathway of Colon Cancer

Fithess Precision Generalization Simplicity Average
0.89 0.38 0.45 0.53 0.56

From the main model, while we can find regions, there is significant overlap between activities of each of the phases.

To furtherexplorethe pathway and find disparities between the stages, we will evaluate the models on tHeyahase
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6.2 Phaselevel Pahways

The pathways with annotated costs are displayEdjiure41, 43, 45, 8 and 49We observe thatxcept for the diagnostic
test phase, the models have well defined structufemming in on the individual stages, we can display the cost
distributionsof each of the phases individually, with costs per patient grouped by theirlstdgelast of the phases we
evaluate, Chemo Epides, we will dive deep into the differences in costs for each of the ACPS stages.

6.2.1Admitted Episodes

In Figure41we see a similar structure Bgor! Reference source not found.in sections.1.1, concluding that the colon
cancer subpopulation has most influencettoe layout of the pathway. We tried to display the enhanced DFG for this
event log, but the model is too complex for the mentionits that the algorithm &ws.
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Figure 41: Total pathway of Colon Cancewith all ACPSsubstages chdmitted episodes
In Figure42 we can see that within the admitted episodes codmuer
patients in the lower stage A and B have their distributions m Density; plot of. Colon Caficer Substagss in ADMITTED
skewed towards the lower gnathile C and specifically D are more i =
skewed towards the higher cosWe see from the graph that ol Colon Cancer_C
average the most costs are incurred inpfiecreas, liver and shun 120 S

Colon Cancer_D
Colon Cancer_Unknown Stage
Colon Cancer_A

procedure with 29K dollar (red arrow) and surprisingly in tbetal
resection26K (blue arrow). The latter procedure may be perfornm
because the colon cancer had spread to the rectum.

100

Count

6.2.2GP Visits
40
In Figure43we observe four instead of three sections, compared tc
structure ofFigure23in section5.1.1 In the endof the pathwaythe 2
multidisciplinaryteam meetindpasbecome a separate part. Howeve 0
asthe costs associated to it that are zeropatethat there were no LooosKe 10:0008K 100,000%1€

Costs in AUD
traces aligned correctly to the model. Looking at the distribution Figure 42: Cost distributions of Colon cancer in the

stageFigure 42, we observethat the costs for all stages are qui jifferent substages ofancerin the Admitted Episodes
similar, while it should be noted that the total number of patie phase

having GP visits is lovand that bcause of this, distributions migh

not be distinguishablén the Petri net, & see that the highest cost are

incurredby t he 60Ot her category 6 (red arrow), alt hdualyh we |
more expensivecostingl96.25 dollareat on average

Figure 43a&b Total pathway of Colon Cancewith all ACPSsubstages oGP Visits
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In the cost distribution dfigure44 we see that the costs of the G
visits are relatively equally distributed in all of the phases, but

Density plot of Colon Cancer Substages in GP
VISITS

make notion of the fact that the number of patients per bucket | o
small, that this mape misleadingWe would expect differences ir ¢ i

the number of GP visits between the stages, and while we see e S s
visits for lower stages, especially stage B, we have recorded no :

many overall, making the distinction between them hard. H

6.2.3Prescription® Diagnostic tests

In theFigure47 we see the Petri net tife prescriptionsThe DFG . =
was not able tde generatedue to the size of the néh contrary 9 = o s

to the model, we saw iRigure 24 in section5.1.1 we see more _ _commaw '
sequences arfdwerconcurrent prescriptions. We can se€igure  Figure 44: Cost distributions of Colon cancer in the
46 that almost all the group sizes have only one observation. different substages afancerin the GP Visitsphase
sequencewe see irFigure47 may be the result of the fact that the

algorithm processed many unique traces and therefor is unable to generalize well.

Figdre 47: Total pathwayg of Colon Cancewith all ACPSsubstages oPrescriptions

Density plot of Colon Cancer Substages in Density plot of Colon Cancer Substages in
PRESCRIPTIONS DIAGNOSTIC TESTS
40 Value 30 Value
Colon Cancer_C Colon Cancer_B
35 Colon Cancer_D Colon Cancer_D
Colon Cancer_B 25 Colon Cancer_C
30 Colon Cancer_A Colon Cancer_A

Colon Cancer_Unknown Stage

Colon Cancer_Unknown Stage

§20 § 15
o0 0.001$K 0.0108K 0.1008K 1.0008K a 0.1008K 1.0008K
Costs in AUD Costs in AUD
Figure 46 Cost distributions of Colon cancer in the Figure 45: Cost distributions of Colon cancer in the
different substages ofcancer in the Prescriptions different substages ofancerin the Diagnostic Tests
phase. phase

In the pathway for diagnostic tdsigure48, we do see aimilar model as ifrigure24in Section5.1.1 Figure45 shows
us a cost distribution which similarly consists of mostly unique observafibisresults in distributions that are nearly
uniform and do not represent the underlyiligtributionvery well, because is very susceptible to outliers.
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Figure 48: Total pathway of Colon Cancewith all ACPSsubstages oDiéghc;s_tic Tests
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6.2.4Chemo Episodes

The petri net of the model for chemo Episodes and the assobiagdseerigure49, aremuch moraistinctivethan in

the two previous phases the Petri net we can clearly see the first line and second line regimens. Interestisgky

that the second line treatmen$i-OLFOX 6 and FOLFIRI are natoncurrent, but rather in a sequence, while there was

no patient that had those two regimens after each other. We know this, because there are only two lines of chemo treatment
started and that it was not possible to skip tiddia sectionln both the Petri net and the DFG, we observe that the start
activity of the second line is earlier than the actual end of the first line. This is unexpected, but can be explained by the
fact that the timestamps of the beginning of the sé:tioe coincide with the end of the first line.

Figure 49: Total pathway of Colon Cancewith all ACPSsubstages of chemotherapy

First we look at the average costs of care per patient perfetage Density plot of Colon Gancer Substages in CHEMO
chemo therapyWe found that the average costs of care for Stage A o
25.007dollars,for Stage B it i21.025dollars for Stage C itisl1.227 i Colon Cancer_D
dollars, for Stage D it i23.295dollars and for the Unknown Stage it~  — coencaners
is 9.887dollars. The relatively low average costs of stage C patiens s

12 Colon Cancer_Unknown Stage

compared to B & D is unexpectéd/hen we look at theast
distributions of the different stages in chemotherapy ksgere50),
we see a clear difference between the mean costs of stage C and : :
D, while Stage A and B are somewhere in betwessiexpected from 6
the clinical guidelines, Stage A patients hardly have chemotherapy 4
We would expect the higher stages to have more and more expen:
chemetherapy, and we observe that this is the casddgeD
patients. However, we see that the density of stage B patients is 10008 10.000K 100.000K

skewed more towards higher costs than stage C, which might be . o CosemAlD .
explained by the longer duration of patients receiving chemo thera F19uré 50. Cost distributions of Colon cancer in the
or towards the fact that recurrent and metestatiaeders are still different substages o€ancerin the ChemoEpisodes
categorized based on their primary staging. phase

Count

To further explore what kind of chemotherapy regimens are the main cost drivers for each of the stages, we will evaluate
the pathways othe individual characteristic (ACPS3agé level.
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6.3 ACPS stagelevel Pathways

In the last part of thevaluationwe will dive deep into thehemotherapphase and compatke DFG6s of each o
ACPS stages, annotateith theircostsIn Figure51we see the graph of Stagehayving a total of 14 pantwith a total

costs of 350Kwhere we see only four possible regimens. On average, the costs of MFOLFOX 6 is the most expensive,
having an average cost of approximately 35K doldieapest is the regimen provided to one patient, with FUEDK;.

one of these patients received two lines of chemotherapy, two times with a relatively cheap regimen of Irinotecan 3W.
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Figure 51: Direct follow graph patients with Stage dWN=14)Colon Cancer in Chemotherapy

In the graph of stage Bigure52, wehave 53patientswith a total costs of 1.11M dollaand wesee a lot moreegimen
options Eye-catchingare the red nodes, witxceptionahigh cost forthetwo patiens receiving FUFOX(61K dollar)
and IFL(71K dollar) Compared to the patient in stayethe FUFOX regimen is muahnore expensivenhich explains
the skew in the distribution ¢figure50 toward higher costd he more frequently provided regimens, MFOLFOX 6 and
5FU-1W are more remsentative of the expected costs for stageoBn cancer patients.
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Figure 52 Direct follow graph patientsvith StageB (N=53)Colon Cancer in Chemotherapy

In Figure53, we haver7 Stage C patientsith a total costs of 865Khat
all only have first line chemotherapfgain, there are outliers, with a
single patient receiving FOLFOX 4, but mostly, the costs are betw
10 and 17K per regimen, with the exception of cheaper regimens
Xeloda and Irinotecan 1W.

The large number of patients receiving the relatively cheap MEBXLF ===
6 regimen, make up the most of the costs, explaining the skew fron  /
distribution inFigure50.

Figure 53: Direct follow graph patients with Stag€
(N=77) Colon Cancer in Chemotherapy
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In the highest stage I Figure55, we see another 71 patiemtith a total cosbf 1.65M dollars havingone outlier
receiving Cetuximab against a cost of more than 110K. Again, most patients receive MFOLFOMeGsardtcomgrable

costs for 5FU 1W (9 patienty}and FOLFIRI We see one patient having MFOLFOX in the second line, after starting on
XELOX, but this was discontinued after 3 days. Again, the costs for the three patients receiving FUFOX was low
compared to FUFOX rebgéng patients in stage B and C.
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Figure 55: Direct follow graph patients with Stagb (N=71) Colon Cancer in Chemotherapy
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Finally, we have 3 patients where no stage w
registeredwith a total costs of 29.6Kn Figure54 we
see that theylshad one line of chemotherapy, either ¢
5FU 1w for 16K dollar or the FUFOX regimen, for 7t
dollar. The costs of these patient are comparable to St
A patients In the total costs incurred in Chemotherap
these numbers are negligible as well.

Figure 54: Direct follow graph patients witran Unknown stage (N=3)
Colon Cancer in Chemotherapy

As we have seen, the MFOLFOX 6 stage is mt Density plot of Colon Cancer Substages in Mfolfox
prevalent in each of the pathways and seems to t 6 in CHEMO EPISODES

different costs for the different phases. - Value
Figure 56, displaying the cost distribution of all the gg:g: g:;g—g
stages in MFOLFOX 6 confirms this. We see th Colon Cancer B
stage D patients have much higher costs 2 Colon Cancer_A

MFOLFOX 6 compared to stage C patientdile
stage B patients, even though there farefewer,
have a more skewedistkibution towards higher
costs. Stage A patients have a widely spread c '
distribution, but a minor influence on the total cos 10

incurred in MFOLFOX 6, as there are a negligib

15

Count

number of them. 5
6.4 ConclusionCase study 0

) 1.000$K 10.0008K 100.000$K
Over the entire pathway, wabservethat there are Costs in AUD

small differences between the distributions of co: Figure 56; Cost distributions of Colon cancer in the different stage

for each of the stages of Colon Cande have seen of cancer, that received regimen MFOLFOX 6 irthe Chemo
that the admitted episodes contain the largest par gpisodes phase

the costs and that the lower stagetage A and B

have their distributions merskewed towards the

lower end, while C and specifically D are more skewed towards the higherTdosiShemotherapy phase has a @ear
distinction in costs distribution between the stages, while within the other phases, the distributionseayediferent.

A note in this regard is that the absolute number of patients in a phase or stage can heavily skew the distribution and also
misrepresent the calculated mear Chemotherapy, we can conclude that most of the icmstsedin this phase come

from MFOLFOX 6 and thahe large differences per stage in this phase are mainly due to the large differences between
stage D patients receiving MFOLFOX 6.
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/DI SCUSSI ON

This chapter discusses the results of the previous chapter, answers the formulated research question fe&bfasekction
discusses implications for clinical care, limitations in this resefuitlire directions of Process Mining research in health
services and recommendations

7.1 Conclusion on themain research question

In the previous chapter we have seen the resuétppiying the designedorkflow to the entire selected cohort of CRC
patients Moreover we haveconducted @ase stdy evaluating the cost differences betwgatients indifferent stages
of CRC. Coming back to our main research question, we combinesigbtsfrom our conclusions:

iHow can Process Mining be applied to derive care pat|
in these care pathway§?

Wehave described workflow tocreateevent logsuitable for Process Miningsing Inked data from multiple Australian
Colorectal Cancer registrieshe workflowderives process modelor the carepathwaysf the main phases in colorectal

cancer care. This workflow containatl threeprocess mininglimensions: Discovery, Conformance dhwhancement.

In the discoveryparts,the inductive miner algorithmvas usedo derive the process models, that could be visually
inspected and interpreted. Additionally, from the event logs Direct Follow Graphs were constructed, which could function

as anenhancement of the visualizations, displaying characteristics on a petieintAs well, these graphs can be
extended with external event logs, containing information of patients that change over time, so they, for example, provide
contextonthe patitn6és st atus or the patients treatment | ine or

The equivalence of pathways can partially be evaluated by comparing the resulting alignments of the models visually and
this can be extended by quantitative analysis using the conformance metitisg@&om the conformance algorithms

in the workflow. A combination of both is needed to adequately evaluate the pathways that result from the process mining
workflow. The conformance algorithnfer alignmentbased fitness, precision generalizataord for simplicity of the
modelsincorporated in the workflowFrom the outcomes of thesegiithms,bar graphs&re madehat display the quality

of the models, specifically, how well each model represents the patients in a certain subpoputatichis, we can
conclude which subpopulations align the best to this model.

Using the developed ceaggregation algorithrin section3.2, we are able to calculate meamdtotal costs of each of

the registered activities in our event logs, by aligning the sequences of activities giadanh over the previously

derived process model. These values can be annotated onto the graphs of the resulting Petri nets, giving the observer
direct insight into those costs at their respective point in the pathway. We can then decompose the dessitynplots,
comparing the distributions of costs in different subpopulations and do this on each level of our hierarchy, the complete
pathway, each phase and each activity in each phase. In this way, differences between the populations cardbe evaluate
iteratively, finding which phase and which activity have more disparities in costs. Using Direct Follow Graphs, enhanced
with the current cumulative costs of each of the patients at every point in their time, we provide insights irdtivecost

overthe life cycle of patients in the health system. When multiple levels of hierarchy in an event log are present, we can
iteratively evaluate thien lower levels of granularitsts well.

Our case studghowedthat for Colon Cancer Patieraserthe entirepathway, that there are small differences between

the distributions of costs for each of the stayfés.found that the average costs of care for Stage A is 17.808.85 dollars,

for Stage B it is 20.988 dollars Stage C it is 27.162 dollars, for Stage B1it643 dollars and for the Unknown Stage it

is 10.379 dollarsThe admitted episodes contain the largest part of the costs, and that the lower stages stage A and B have
their distributions more skewed towards the lower end, while C and specifically Doegeskewed towards the higher

costs. The Chemotherapy phase has a clear distinction in costs distribution between the stages, while within the other
phases, the distributions are not so differéshexpectedly, stagé patients hatessexpensive chemothapy then stage

B & D patients We found that the average costs of care for Stage2A.@97 dollars, for Stage B it i21.025dollars

Stage C it isl1.227dollars, for Stage D it i23.295dollars and for the Unknown Stage iBi887 dollars. A note inthis

regard is that the absolute number of patients in a phase or stage can heavily skew the distribution and also misrepresent
the calculated mean. For Chemotherapy, we can conclude that most of the costs incurred in this phase come from
MFOLFOX 6 and tht the large differences per stage in this phase are mainly due to the large differences between stage
D & B versus stage @atients receiving MFOLFOX 6.
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7.2 Limitations

This study into the use of Process Mining has several limitations tRestutcomesf the modelfiave not been clinically
validated so thér usefulnesdor cliniciansis not yet known. It is expected that validation with clinical input will be
needed to establish the interpretabitihd added valuef the obtained models. An iteratimpproach to improve the data
cleaning and wrangling, deriving and quality checking of modelgtaminterpretation and valuation of the models by
clinicians would be preferable.

Anotherlimitation to this research is that the used lindathset cortain patient data captured in electronic health records

of a subset dfiospitas in the Melbourne metropolitan area, and for the first line treatment only from General practitioners
collaborating with Medicine Insight.nEsepotentially does not cover tlemtirety of care provided in all health facilities

to all patientsleading to possible bias in the pathways. Atkis data reflects clinical practice for patients ultimately
diagnosed wittcolorectalcancer, and therefore can only be used to assesgeshemthis specific patient groughile

the population with a suspicion for colorectal cancer would be larger.

Bias canalso arisdrom the imbalance in the number of patients in each of the resulting dafdse®ntire population
contains4246 patients, and most of these patients (3233) win&ed in the VAED dataset. Howevethe number of
linked patients in the primary care dataset was @dly5, and after filtering their encounter reasons based on a list of
symptoms for CRC, only 187 unique pati® remainedWhile the distributiorof patient characteristics is comparable to
the main cohort, there is a fair chanéselection bias.

We observed that the resulting names for the elements in the primary care dataset were mostly unique, ras they we
derived from fredext fields in the dataseind were not clustered into less granular groiipe uniqueness of all care
activities resulted in pathways that could mtéplay concurrencyand other sequencinglations, leading to less
informative modés. This limitation can be overcome by either a new classification system in the raw data collection as
well as a form of classification stemming from the field of natural language processing (NLP).

The resultingmodels depend on the specific discovery algorithm used, as well as on parameter settings within these
algorithms.In Section3.1we observed the differences betweenitfuictive miner algorithnand the heuristics miner
algorithm, which vastly differs in interpretability. THiest allows for loops and it guarantees sdiprocess modeland

it is expected thahe resultingnodel structurevill be different with othediscovery algorithms, whichight result in

different outcomes for the conformance metrics or problematic conformance checking.

We also observed some upectedbehavioi n t he DFG6 s, with regards to seque
one line of chemotherapy coincides with the timestamp of starting another line, the algorithm placed the start of the second
line mark before the end of tipeeviousline. This limitation can be diminished by explicity coding the sequence or by
manipulating the timestamp slightly, for example adding a few seconds to the start moment, in order to eraserthis proble

A last limitation iswith regards to the informatioprovide bythe costaggregation algorithm itself. Currently, this
algorithm does not incorporate an output givingreeasureof what percentage of the costs is unattributed to one of the
activities in the pathway. Witutt hi s, t he 6 un enxgpathwayie nbbknowm whiles thisaodldhbe
valuable information for the researchtr conclude how good the quality of the eaggregatiorby alignmentstself is.

An extensiorto this algorithm ighereforerecommended.

56



7.3Impact and relevance forclinical care

Evaluations of clinical practice play an increasingly important role in managing and improving quality ®healata

driven approach of PM in modelling clinical practice may increase the accuracy with which clinical practices are known
andcan be representeth Health Services researdtiinical guidelines anthe optimal care pathway auels obtained

from consensubased meetirgare used to describe care as it should be provided. In contrast, the models obtained with
Process Mining methodology are a description of care as it is actually in practice provided. The optimal carepathway
modelsdo not and cannot capture the evidemptexity of carein practicein a reasonable amount of time, let alone
comparethe differences between care provided between certain subpopulateodatadriven and quantative manner
Decisionmakersand health services researchéitat use thes®CP models to guide their choices in designing care
delivery would benefit from a more accurate depiction of current ddnis would improve subsequent (simulation)
modelling for introducing new technologies or health services design, as well as a more eostogpective quality
assessment of the entire integrated pathway.

A largeadvantage of thessutomatically derivegirocess models is that they do incorporate the deviations doctors make
and give a more complete representation of the patiewvay.Being able to automatically derive process models for
complex carepathways can greatly reduce the amount of wamtded to find disparities between groups of patients.
Procesamining appliedto healthservices researatontext allows easy and frequent check thepathways, which is
beneficial with the analysis afdoption of newly introduced guidelines or innovatidhsan also aid indentification of
regional differences in adoption of changes in clinical praetickt allows for identification of shigroups of patients or
parts of clinical practice where care deliverydifferent. Partington et.al. presented preliminary findings from a case
study of comparative process mining that utilizes routinely collected data to describe differences in $seprace as
delivered at four Australian hospitdfl].

In the context of health economic modelling, Process Mining ahimdhe early stage tderivea modelstructureon
which asimulationmodelcan be buildHealth economic evaluation can be basedadrotbased state transition models
as well adiscrete event simulation (DE8)atis increasinty usedin health economicvaluationsto implementmore
complex model structurd92]. The mathematical properties from Petri nets allowsforulation purposes angn der
Aalst et. al. proposed an outlook on the combinatiaewbspectivéd’rocess Miningfrom whichprospectivesimulation
models can bderived[93].

Therapiddevelopment of Process Minimgthe healthcare fielthayresult intoadoption of the techniques astandard

tool for evaluating carprovision evenon a reatime basisby healthcare professionals and health services researchers.
Ideally, the workflowfor process mining wilbe applied to streamindpealthcaredatafrom an electronic health record

system wherdéospitals and primary care provideegjister the necessary informatidrhe structure for analysis of the
outcomes may be based on the vddased paradigm around the integrapedhway, providing reaime insights of
patientds routes through the healthcare system, i ncl t
performance of the hospitals with regards to duration and costs accumulated in the pathwagn<iiragi then focus

on thepatient outcomes and quality of care provided, while healthcare managers may focus more on the costs and the
performance of the system.
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7.4Challengesfor PM in health servicesresearch

As seen in the models &figure 24, displaying the prescriptions artiagnosticsmodels derived from event logs
containing mostly unique events do not provide the dawet of insight asnodels derived frontogs with frequently
reoccurring activitiesWith many unique events, most sequencing cond¢bptsProcess discovery cderive, cannot be
found. @ncurrency successivand choicerelationsare notvisible in manyunique pativays unless the order of the
activities is exactly the same with each céssolution to this type of problem is to introduce more hierarchical clustering
of activities with comprehensive group names and then iteratively mine process models onetaxtite hierarchy.
For example, within the prescriptions, all medication related to a certain symptom could be clistezrdmple,
O0nawusdat edd Stiletdheedsdotbe eomsidered thwdthin these groups where only a choice relatioistex

the additional value of PNbr controtlow would diminish.

An additional challenge in this regard is thararchical clustering of eventsirrentlyis a supervised (i.e., manual) task

and requires a certain minimum level of insight in the médicmain. By using administrative events from electronic
patient records, changes in events can be related to changes in logistics in addition to actual changes in clinical care.
Additionally, when changes occur to how events are registered, terms aredyptahe ruldased clustering strategies
change, the discovered process models will also be different. However, generatdoisieg algorithms are available

that allow partial automation of the selection and clustering of events, mitigating thmitston [61]. Furthermore,
developing a standard (diseagmecific) classification scheme and clustering strategy for events may overcome this
challengen the future.

To obtain more insightful outcomes of Phkhe quality of registered events is importaatentsneed to beroperly
transcribed as an identifiable activity, as changéise modetan only be identified from the information that is captured
in the dataA more accurate representation of clinical practice can be achieved with a more extensive gwdnithog
makes use of diagnostic results, e.g., lab test resultsc@is and clinical characteristics of the patient. This can be
incorporated into dataware petrnets (DPN), a form of petriet that uses additional information at decision points in
the process model [29The usage of DPN in itself would not change the methodangyworkflow, but the resulting
graphswill add value to clinical practicavith the notion that thialso add to the modilsomplexity.

Another challengein PM projectsregardingcomplexity is thatof the algorithms involved. The computation of the
alignmentshas|= @ complexity, whereb is related to the number of unique traces in the seddasdelated to the
number of unique activities in the tracé\s observed in the experimental runs, the computation time of the larger dataset
Admitted Episodes, containing approximately 3200 patients with a maximappobximately50 unique activities, a
single run of the alignments took approximately 1100 s#soresulting in a total of&2hours runtime for the entire
pipeline Compared to thealf an hour run for the pipeline of the Chemo Episode datzsetaining 461 patients with a
maximum of approximately 15 activitiethis is excessive. Even though distited computing through cloud platforms
vastly improves the computational power, the event log sizes can only increase a fewfartagnitudes before this

also becomes infeasibM/hen commencing a PM project and constructing the event log from EtdRttaa number of
unigue traces and unique activities should be estimated and brought back by hierarchical clustering.

Lastly,as Process Mining is a young field and growing rapidly, the software used can become outdated fast. Within this
project, we have encountered updates to the PM4PY package in samafunctionality was deprecated over the
duration of the studywWe also se¢hat the quality of the data visualizations differs vastly between pacKEgedast

paced improvement of software makes it hard to standardize code and create durable data pipelines. When the
developments cycle will reach maturity, this challenge maykecome, but until that moment, researchers should expect

to maintain their codextensively.
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7.5 Future directions

Process Mining has the potential to diminish the workload needed to model and analyse complex care. As demonstrated,
the work can be apjgd to linked data from multiple sourcaasd automatically derive models that can be used to analyse

care provided to patients multiple phases of care provisidn conducting this study, we identified challenges that can

pose starting points for additial research.

The first direction to be explored further is into the pathway of primary care. Previous research of process mining in
oncology is usually based on hospital care. In this research, the quality of the data of the NPS dataset was somewhat
lacking and the total amount of patients linked to the registry was low. This led to process models with almost unique
pathways for each patient. When a dataset with arlatgeber of patientis obtained and more clear naming conventions

are chosen, the gawvay of primary care will provide more insight into the legrdto a diagnosisData quality in this

regard is important, but also a better way to include registered actimigeication, visits and diagnostics than basing it

on text recognition.

Secondly, n the current study, we have enhanced the process models with cost information and following-theesealue
healthcare paradigm, thee al t h services research field could benefit
Insights in thdevel of wellbeing of patients throughout their care pathvaapatientreported outcomes are quantified

and could be used as additional enhancement of these pathways, in the same fashion that the costs have been added il
this project. When researchinggliataaware petrnets could be of value

Another concepfor further investigation is on the variation of clinical practice over time. Care delivery is not static and
cancontinuously chargdue to new insights and the implementation of new innovationew design of the system of

health care deliveryThere has been some (yet to be publishes@arch in thi§ield. [94] Analysis in change in care
delivery over time cagive insight in whether certain treatments stableover time such as routine procedures that are

not patient specificor that they change frequently due to new technology or designs of sysismdime-variation
analysiscan identify subgroups where care processes are erratic, indicating a potential need for further guidance
(guidelines) or further implementation gegies.

The last future directiothat can be further exploredtise comparison of guidelines to actual clinical praciiceluding

the use of linked data. Guideline compliance checking is a subfield where multiple studies have case studiesyor, but the
tend to use only single instances of electronic health reemdisnostly evaluate pathways within a single hospital or
hospital group. It would be interesting to evaluate the guidelines between suspicion and treatment, focussing on the now
not yet knowrpathways of assessments, diagnaststs,and referrals.
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7.6 Recommendationgegarding Process Mining in HSR

Subsequent research using Process Mintag benefit from the insights obtained this study Regardingthe
methodologywe state the followingecommendations:

1

Start with a validation of the resulting pathways by clinicians, looking for unexpected situatdificwit to

interpret models. The additional valuetbé& observednodelsfor clinical careis not yetvalidated as well as

its applcability toother disease types, bealth services researithgeneral

Secondly, extend the ceaggregation algorithm with internal diagnostics on the unexplained fraction of the
costs. This will give the researcher better insight in how well the algorithm performed on the evaluated pathway.
When commencing a Process Minipigject, the researcher should start with setting the basis of which kind of
activities the mining should be performed and estimating the number of unique activities they will encounter.
If the number is higher than approximately 50, the computation timesn the conformance algorithms
become large fast, and it may lead to too many unique names, resulting in process models that have little
additional valueNaming conventiontave been mentioned Hge most pressing isstier adequate process

mining andhis study confirms this.

When the additional value of applying the process mining pipeline to other dataesttsblishedthere can be

made efforts to standardize the cdidese. In this project, we observed that a lot of functionality in the pipeline

is widely applicablewhich can diminish the time needed to do a similar projHeen, more effort can be made

into the visualizations, especially on the atistributions and interactive Petri nets.

Lastly, adequate data infrastructure is needed wisng larger realvorld datasets. For insightful process
mining, rich event logs are essential. When using linked data from several sources, containing millions of
records, the memory limits of reading directly from regular data files as CSV and contegirent logs can

be reached. In this project in several instances the regular packages in both R and Python had trouble with the
size of the records and this was also seen in test runs with ProM.

Regarding the outcomes ttfe case studyve statehe following recommendations:

1

Research the unexpected result thattiss of stage B patienmsceiving chemotherapy is higher than those of
stageC patients.This result might be reversed when a larger sample size is evaluated, and if not, it would be
interesting to find out what the characteristics are of patients that inbigher cost in stage B. A hypothesis

can be that stage B patients that have recurring or metatstatic cancers do not have their stage updated and
actually incur most of their ctswhen they should be classified as stage D.

Research primary care more extensivglg reapply the methodologyl he absolute number of that were linked

to the primary care dataset and eventually included based on their sympotoms was relativelydowm (E8&d

to the 3233 in hospital care), which could reduce the validity of the obtained models. As well, the process
models obtained in this study could be improved by implementing a better suited classification @cheme
implementation of a Natural Langge Processing component in the workflow, to cluster groups of activities
that are relatively the same together under a single name. This yieldithetter interpretable models, as well
more valid models that describe the actual provided care.
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S8CONCLUSN

This thesis set out to demonstrate process mining techniques and apply these on a linked dataset dfdementified
colorectal cancepatient datas a procbf-concept studyA process mining workflow has beedesigned consisting of

joining datasets and selecting a cohort of interggp)yéng aprocess discovery algorithto derive cargpathways in
consequenphases of carand applyingconformance algorithm® evaluate the quality of these moddidditionally,

the workflow incorporated a custoafgorithm for adding aggregated costs as a numerical attribuésutiing process
models and calculated distributions of costs for each of the subpopulations within the cohort, allowing comparison
between them to ideify disparities.

This workflow was applied onto a cohort of colorectal cancer patients, treated in 3 hospital groups in the Melbourne
metropolitan area, Western Health, Royal Melbounspital,and the Peter MacCallum Cancer Cenfilgese patients
were inked to the VictorianAdmitted Episodes Dataset (VAED) containing hospital information, the General

Practitionerés primary care database Medicine |Insight
Colorectal Cancer (TRACCFTosting was bal on prices in thMedicare Benefits Schedule (MB&)r primary care
and on prices in theharmaceutical Benefit Scheme (PBS) r medi cati on. The costs for t

with theWeighted Inlier Equivalent Separation (WIES)

The reslting pathways, as well as quality metrics for the pathways and enhanced models showing are displayed in an
interactive appThe conformance algorithms for alignmdyased fithess, precision generalization and for simplicity of

the models incorporated ing workflow,providehowwell each model represents the patients in a certain subpopulation
which isdisplayed in barchart$rom this, we can conclude which subpopulations align the best to this, mdieh

turned out to be patients that are more ctosthe middle aggroups (5670 year old), patients with colon cancer first

and rectal cancer second, male patients a little more then female patients, patients that are not from Aboriginal or Torres
Strait Islander descent the most and Aboriginal peaserglly, patients that live in Major cities or Inner regions and
patients that have Stage C cancer more than respectively D, B and A.

A case study was performed to evaluate differences in care and costs of care between colon cancer patients in different
stages. Hospital admissionsntain the largest paof the costs43.34%of total costs)and lower stages stage A and B

have their distributions more skewed towards the lower end, while C and specifically D are more skewed towards the
higher costs. The l@@motherapy phase has a clear distinction in costs distribution between the stages, while within the
other phases, the distributions are not so diffeténéxpectedly, stage C patients had less expensive chemotherapy then
stage B & D patients We found tithe average costs of care for Stage A is 25.007 dollars, for Stage B it is 21.025 dollars
Stage C it is 11.227 dollars, for Stage D it is 23.295 dollars and for the Unknown Stage it is 9.88 Mlndiacs.the

costs incurred in this phase come friraMFOLFOX 6regimenand that the large differences per stage in this phase are
mainly due to the large differences between sEageD patientsand stage C patientsceivingthis treatment regimen.
Additional research into the unexplained discrepancyHemmtherapy costs of stage C patients is desired.

Within this study, Process Mining proved to be a vadding method for providing insights on differences between
patient groups in complex car&€his methodology is datdriven in comparison to consendussed guidelines like
Optimal Care Pathways, and displagsual provideatare on a detailed level, including deviasdahat doctors routinely
maketo accommodate for patientcharacteristics qmeferenceThe fieldof Process Minings expected to grow rapidly
over the next years and to be applied in case studies in health services research and other domain$eatticare
sector.

Additional research should focus on the primary care, as in this study, the number of patients linked to the primary care
dataset was relatively lowhe absolute number of that were linked to the primary care dataset and eventlizdigd

based on their sympotoms was relatively low (187 compared to the 3233 in hospital care), which could reduce the validity
of the obtained models. As well, the process models for primary care obtained in this study could be improved by
implementing ebetter suited classification scheme or implementation of a Natural Language Processing component in
the workflow, to cluster groups of activities that are relatively the stgether under a single name. This would yield
better interpretable models, &sll more valid models that describe the actual provided care.
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10APPENDI CES

Appendix A.  TNM-stagingdescription

T & primary tumour

TX
T0

Tis
T1
T2

T3
T4

T4a

T4b

Primary tumour cannot be assessed
No evidence of primary tumour

Carcinoma in situ: intramucosal (involvement of lamina propria with no extetfsiomgh musculari
mucosae)

Tumour invades submucosa (through muscularis mucosae but not into the muscularis propria)
Tumour invades muscularis propria

Tumour invades through muscularis propria into pericolorectalic (subserosal) tissues

Tumour invades the visceral peritoneum or invades or adheres to adjacent organ or structure

Tumour penetrates to the surface of the visceral peritoneum (including gross perforation of th
through areas of inflammation to the surface ofvikeeral peritoneum)

Tumour directly invades or adheres to other organs or structures

N - regional lymph node

NX
NO

N1

Nla
N1lb

Nlc

N2
N2a
N2b

Regional lymph nodes cannot be assessed
No regional lymph nodes metastases

One to three regional nodes are posittuenour in lymph nodes measuring >0.2mm), or any nun
of tumour deposits are present and all identifiable lymph nodes are negative

One regional lymph node is positive
Two or three regional lymph nodes are positive

No regional lymph nodeg@positive, but there are tumour deposits in the
1 subserosa
1 mesentery
91 or nonperitonised pericolic or perirectal/mesorectal tissues

Four or more regional lymph nodes are positive
Four to six regional lymph nodes are positive
Seven or moreegional lymph nodes are positive

M & distant metastasis

MO

M1

Mla
M1b
Mlc

No distant metastasis by imaging, etc; no evidence of tumour in distant sites or organs (This
is not assigned by pathologists.)

Metastasigo one or more distant sitesangans or peritoneal metastasis is identified
Metastasido one site or organ is identified without peritoneal metastasis

Metastases to two or more sites or organs is identified without peritoneal metastasis
Metastasigo the peritoneal suate is identified alone or with other site or organ metastases



Appendix B.

Gener al

Linkage maps

Note: US| 6 s -uoigque identdier ¢he UNIVIDY. drhe wepisbde datafilescontaims both a
patient identifier and an identifier forragistered episode in each of these sites. These episddé@s ar e
other data tables in ACCORD as identifier for an episode and can be linked to both an overview of the treatment (TS_id
or “Treatment Summary id") as well as an overvievheftedication linked to these episodes (CHEMOTREATMENTID
and MEDICATIONID)

Pathways back to US| for ACCORD Data

patients
usl
UNIVID —

patient_death_cancer_present

UNIVID

cC_preoperative

cc_surgery_fup

UNIVID EPISCDEID
EPISCODEID
cc_pathology
last_visit EPISCDEID
UNIVID -
cc_adjuvant
EPISCDEID
EPISCODEID
episode -
cc_operation
UNIVID
EPISODEID
EPISODEID

CC_surgeryoutcomes

EFISODEID

cc_treatment_summary

EPISODEID

cc_summary_treatment_given

T5_ID

TS_ID

cc_metastases_surgical_resection

TS_ID

cc_chemo_treatment

EFISODEID

cc_chemo_medications

al

CHEMOTREATMENTID

CHEMOTREATMENTID

cc_chemo_dischargemedications

Figure 57: Linkage pathway of ACCORD dattables

MEDICATIONID

MEDICATIONID
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Pathways back to USI for TRACC Data

chemo_bevchoice_patientfactor
BEVCHOICEID

chemao_bevchoice |chemo_bevchmce_refuaereaaun ‘
D BEVCHOICEID ‘
—» UNIVID
chemo_bevchoice_tumourfactor
" BEVCHOICEID
chemo_completion_drugs
Palients —> UNIVID
usl CHEMOLINEID
UNIVID — DRUGID
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Figure 58: Linkage pathway of TRACC dat&ables



Appendix C.

Table10: Statistics on patientharacteristicdistribution per dataset

Statistics on patientharacteristicdistribution

ACCORD LIFE  ADMITTED CHEMO DIAGNOSTIC GP VISITS PRESCRIPTIONS
EVENTS EPISODES EPISODES TESTS (N=50) (N=163) (N=84)
(N=4246) (N=3233) (N=461)
Gender
F 1792 (42.2%) 1357 (42.0%) 175 (48.9%) 24 (48.0%) 74 (45.4%) 43 (51.2%)
M 2454 (57.8%) 1876 (58.0%) 183 (51.1%) 26 (52.0%) 89 (54.6%) 41 (48.8%)
Age Group
<30 42 (1.0%) 38 (1.2%) 7 (2.0%) 2 (4.0%) 2 (1.2%) 2 (2.4%)
30-39 113 (2.7%) 84 (2.6%) 16 (4.5%) 1 (2.0%) 6 (3.7%) 2 (2.4%)
40-49 311 (7.3%) 247 (7.6%) 40 (11.2%) 4 (8.0%) 18 (11.0%) 7 (8.3%)
50-59 698 (16.4%) 522 (16.1%) 82 (22.9%) 8 (16.0%) 29 (17.8%) 9 (10.7%)
60-69 1220 (28.7%) 950 (29.4%) 110 (30.7%) 16 (32.0%) 55 (33.7%) 32 (38.1%)
70-79 1181 (27.8%) 902 (27.9%) 70 (19.6%) 11 (22.0%) 30 (18.4%) 19 (22.6%)
80-89 572 (13.5%) 416 (12.9%) 29 (8.1%) 8 (16.0%) 20 (12.3%) 10 (11.9%)
90+ 37 (0.9%) 27(0.8%) 1 (0.3%) 0 (0.0%) 1 (0.6%) 2 (2.4%)
Unknown 72 (1.7%) 47 (1.5%) 3 (0.8%) 0 (0.0%) 2 (1.2%) 1(1.2%)
AGE
Tumour
location
Colon 2580 (60.8%) 1983 (61.3%) 218 (60.9%) 31 (62.0%) 95 (58.3%) 52 (61.9%)
Rectal 1508 (35.5%) 1153(35.7%) 132 (36.9%) 19 (38.0%) 64 (39.3%) 30 (35.7%)
Other 19 (0.4%) 17 (0.5%) 2 (0.6%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Undefined 139 (3.3%) 80 (2.5%) 6 (1.7%) 0 (0.0%) 4 (2.5%) 2 (2.4%)
Tumour Stage
A 763 (18.0%) 591 (18.3%) 37 (10.3%) 10(20.0%) 37 (22.7%) 17 (20.2%)

B 1250 (29.4%) 923 (28.5%) 77 (21.5%) 17 (34.0%) 43 (26.4%) 18 (21.4%)
C 1037 (24.4%) 802 (24.8%) 111 (31.0%) 10 (20.0%) 30 (18.4%) 19 (22.6%)
D 646 (15.2%) 526 (16.3%) 106 (29.6%) 9 (18.0%) 34 (20.9%) 25(29.8%)
Unknown 550 (13.0%) 391 (12.1%) 27 (7.5%) 4 (8.0%) 19 (11.7%) 5 (6.0%)
Stage
Etnicity /
Indigenous
Status
Aboriginal 507 (12.0%) 297 (9.2%) 18 (3.9%) 10 (20.0%) 18 (11.0%) 9 (10.7%)
Not Ab/TS 3462 (81.6%) 2824 (87.4%) 335(72.7%) 36 (72.0%) 135 (82.8%) 70 (83.3%)
Torres Strait 18 (0.4%) 18 (0.6%) 1 (0.2%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Unknown 254 (6.0%) 93 (2.9%) 107 (23.2%) 4 (8.0%) 10 (6.1%) 5 (6.0%)
Etnicity
Remoteness
Inner Regional | 224 (5.3%) 151(4.7%) 18 (5.0%) 0 (0.0%) 0 (0.0%) 1(1.2%)
Major City 3959 (93.2%) 3056 (94.5%) 338 (94.4%) 48 (96.0%) 160 (98.2%) 82 (97.6%)
Outer 36 (0.8%) 18 (0.6%) 0 (0.0%) 0 (0.0%) 1 (0.6%) 0 (0.0%)
Regional
Remote 1 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%) 0 (0.0%)
Unknown 26 (0.6%) 8 (0.2%) 2 (0.6%) 2 (4.0%) 2 (1.2%) 1(1.2%)




Appendix D. Symptoms included in GP visits

Table11: Symptoms included irfGP visits

Alternative writing/
Included symptoms REGEX
Bowel cancer
Cancer Pain
Abdominal pain (lower) Abdo pain
Diarrhoea agrepl(, max.dist=2
Palliative care [Palliat]
Weight Loss [Weight]
Rectal [Rectal]
Colon [Colon]
Dyspepsia agrepl(, max.dist=2
Occult blood in faeces Occult blood in faecesg
test for
Anaemia agrepl(, max.dist=2
Metastasis liver [Metastasis]

source:D . Quinn and L. ShannomMeom@ah @l ¢ o,led. hooBoRGdpp.rABAN2000M . , 0
[5]



Appendix E. CPI Price indicesand NEP/NWAU values

Table12: Quarterly and average Consumer price Index (CPI1%) for Health

year
Quarters 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020
dec -0,8 -1,0 -1,2 -09 -2 12 09 05 -09 -04 -06 -05 -04 -03 13
sep -0,7 -05 -0,2 -1,0 -0, -10 24 00 -02 03 -02 -02 -04 -02 -0,1
jun 2,4 21 24 23 22 20 15 19 29 27 26 2,7 19 18 -0,2
mar 4.4 35 40 44 47 39 44 30 26 25 19 20 22 19 1,7
average
CPl per
year 1,325 1,025 1,250 1,200 1,250 0,925 1,850 1,100 1,100 1,275 0,925 1,000 0,825 0,800 0,675

Table13: NEP/NWAU values for eaclyear of interest in the dataset

CPI% il
Year NEP/NWAU 2020 CPI (%)
200607  $3.659 15,200 0,1520
200708  $3.804 14,175 0,1418
NWAU 200809  $4.018 12,925 0,1293
200910  $4.307 11,725 0,1173
201011 $4.395 10,475 0,1048
201+12  $4.544 9,550 0,0955
201213  $4.808 7,700 0,0770
201314  $4.993 6,600 0,0660
201415  $5.007 5,500 0,0550
NEP 201516  $4.971 4,225 0,0423
201617 $4.883 3,300 0,0330
201718  $4.910 2,300 0,0230
201819 $5.012 1,475 0,0148

201920 $5.134 0,675 0,0068

vi



Appendix F.

Computation Times

Table 14: Computation times of Discovery & Conformance pipeline with various parameters.
Dataset Runtype Parameters Duration
) . d {inductive miner, imf,
Admitted Episode§ Complete complement run ALLGROUP, ALLVALUES} 25h 46m (92.7835s)
. {inductive miner, imf,
Chemo Episodes| Complete complement run ALLGROUP, ALLVALUES} 36m
o {inductive miner, imf,
Prescriptions Complete complement run ALLGROUP, ALLVALUES} 5m50s
{inductive miner, imf,
GP Encounters Complete complement run ALLGROUP, ALLVALUES} 11m23s
) ) {inductive miner, imf,
Diagnostic Tests| Complete complement run 4m45s
g P P ALLGROUP, ALLVALUES}
{inductive miner, imf,
. . Comparator CRC_TYPE CRCTYPE: Colon,
Admitted Episodes 5o 0 o ne . AL STAGING_ACPS: 18m30
ALLVALUES}
{inductive miner, imf,
Chemo Episodes Comparator CRC_TYPE CRCTYPE: Colon, 2 minutes

iCol ono, AL

STAGING_ACPS:
ALLVALUES}

Prescriptions

Comparator CRC_TYPE
iCol ono, AL

{inductive miner, imf,
CRCTYPE: Colon,
STAGING_ACPS:

ALLVALUES}

124 seconds

GP Encounters

Comparator CRC_TYPE
ACol onodo, AL

{inductive miner, imf,
CRCTYPE: Colon,
STAGING_ACPS:

ALLVALUES}

136 seconds

Diagnostic Tests

Comparator CRC_TYPE
ifCol ono, AL

{inductive miner, imf,
CRCTYPE: Colon,
STAGING_ACPS:

ALLVALUES}

111 seconds

Entire Pathway

Comparator CRC_TYPE
iCol ono, AL

{inductive miner, imf,
CRCTYPE: Colon,
STAGING_ACPS:

ALLVALUES}

23 minutes

Vii



Appendix G. Freguencyannotated main pathways per phase

Figure 61 Resultingpathway of Chemotherapy.
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Figure 62: Resulting pathway of Diagnostic tests.



Figure 63: Resulting pathway of Prescriptions.



Appendix H.  Chemotherapygost distributiornper characteristic
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Appendix I.  Total pathway Colon Cancer

—

Figure 65: Entir;ntegrated pathway of Colon Cancer, annotated with Frequency.

Xii



Xiii



