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Abstract

Background: Healthcare services now often follow evideased principles, so
technologies such asocessand data mining wilhelp inform their drive towards optimal
service delivery. Process mining (PM) can ht#lp monitoring and reportingf dhis
servicedelivery, measure compliance with guidelinasd assess effectiveness.this
researchPM extracts informatioraboutclinical activity recordedin dental electronic

health records (EH& convers this into processnodels providing stakeholders with
unique insights to the dental treatment process. ffasis addresses gap in prior
research by demonstrating how processyaigalcanenhane ourunderstandingf these
processeand the effects of changes in strategy and poley time It also emphasises

the importance of a rigorous and documented methodological approach often missing
from the published literaturdim: Apply the emerging technology &M to an oral

health dataset, illustrating the value of the data in the dental repository, and demonstrating
how it can be presented in a useful and actionable manner to address public health
guestions. A subsidiary aim is poesent the methodology used in this researchnaya

that provides useful guidance to future applicationdesftalPM. Objectives: Review

dental and healthcare PM literature establishing -statke-art Evaluate existing PM
methods and their applicad i ty to this researcho6s dataset.
achieving the aims of this research. Apply PM methods to the research dataset addressing
public health question®ocument and presenth i s r meath®dology Apphsdata

mining, PM, and datavisualisation to provide insights into the variable pathways leading

to different outcomesldentify the data needetbr PM of a dentalEHR. Identify
challenges to PM of dental EHR da#ethods: ExtendexistingPM methodto fadlitate

PM researchn public healthby detailing how data extrastfrom a dental EHR can be
effectively managedprepared and usedor PM. Use existing dental EHR and PM
standards to generasedatareference model for effective PNDevelopa dataquality
managemenframework Results: Comparing the outputs of PM to established €are
pathways showed that the dataset facilitated generation cievighpathways but was

less suitable for detailed guidelingé$sedPM to identify thecare pathwayreceding a

dental extraction under general anaesttatdprovided unique insights inthis andthe

effects of policy decisions around school dental screeni@gsaclusions Research
showed that PM and dataining techniquesan be applietb dentalEHR dataleadng

to freshinsightsaboutdental treatment processasis emerging technologglong with
established datemining techniquesshouldprovide valuable insights to policy makers

such as principal and chief dental officewsnform care pathwaysd policy decisions
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1 Introduction
Processoriented data science is an emerging discipledicated to extracting highvel
process knowledge from lewe v e | event data commonly a
information systems. It combinésaditional process analysis and dagatric analysis
and its key tool, pcess miningPM), delivers unique insights into the way healthcare is
delivered by facilitating the discovery of treatment pathways and the creation of their
associated processodels. These insights assist in discovering the true care pathways
experienced by patients, and subsequendwgitoring ancenhancinghese- a task central
to the continuous improvement of care deliveryl Rlso facilitatedboth checkingthe
conformance ofthese modelwith established modetndalsothemo d eehhsintement
using additional information from emtdata such as performance and resource details.
This research demonstrates how proeegnted data science techniques extract
informationabout clinical activity fromDental Electronic Health Records (EgRand
generatevisualisations and proceswnodels providing policy makerswith unique,
actionable insights into the dental treatment process.
Although these technologies have been applied to healthcare generally, dentistry has been
largely ignored. Specifically, the application of these technetotyp large datasets such
as those available from dental public he&tiRsor insurance dataises has not been
explored. Thighesisshowcasehow PM can be used to illustratee value of the data in
thesaepositoriesand how it can be presented in afusand actionable manner to address
public healtquestionsAsane x amp |l e, i denti fying the caus:s
problems and planning effective interventions is a key function of a dental public health
service however,evaluating the patvays of delivery of such interventions in primary
dental @re, where the majoritgf dentistry is delivered, has proven difficult and time
consuming This is wherePM shows its worth. As part of a structured methodology
documentedh this researci?M notonly facilitates discovery of the treatment processes
experienced bypatients but alsa@ontextualises this within a strict data provenance
protocol and a comprehensive data description and profile.
Importantly PM is just one step ithis research. It doesot stand alone. &\t is an
emerging technologysing EHR datat is anchored in existing, established technologies
andPM research method3he work in ths thesisdocumentghe key steps in a robust
endto-end methodology for thapplication oPM to a dataset extracted froen EHR.
For convenience, this methodology is known as PM4D (Process Mining for Dentistry)
andis supported bya rigorous data quality assessmétt14D has distinct steps, each

consisting of actions, inputsid outputs, and documentation and artefgatésining,data
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modelling,ethics and permissionsgsearch environment definition and preparatiata
extraction,data preprocessinggdata quality assessmeiiata description and profiling,
incorporation oEHR considerationgjata transforms?M and analysisevaluation, and
process improvement and support. The methodologysésl to addresthe following
guestions:
Research Questiorl: CanPM discovercare pathways, frona dental EHR?
ResearchQuestion2: Can PM help assess compliance of re@lrld processes with
recommended care pathways and clinical guidelines?
Research Questior8: CanPM discover dental carpathways associated with a specific
outcomd e.g. extraction under general anaestbet
Research Questiond: Is PM and PM4Dcapable of assessing the impact of policy

changes on service delivery and oral health outcomes, from the dental EHR

To answer these questions, modern data and process mining technologies are being

applied to a datet extracted from an Irish public health dental EHR known as Bridges.

This data extract, known as BridgesPM1, contains dental clinical and administrative data

on over 200,000 children who accessed Ireland
that ths work will inform Irish dental public health policy and be generalisable to the

U. K. 6s Nat i on al otherengetnatitnapdlcheakthmlatasetsdio inform

care pathways and policy decisioiifie dataset is described in detail in Chagter

The researchshows that PM can provide valuable insights and information to
stakeholders on the delivery of dahservicesAssessinglte effects of strategy and
policy changes on oral health status and outcomes casdieedusingPM and data
mining techniquesThese techniquesould inform the drive towards optimal service
delivery strategies such as remunierat methods,dental contractsavoidance of
unnecessary treatments, and compliance with guidelines and evlusext principles.

The findings will feed back to the Irish public health service and will be generalizable to

international public health proweds.

Resulting from the application of the methodology and the validating experiments, this
research provides number ofvaluable developmentsand potentially publishable

advances in the domain:

1 Initiated development of eonsistenvocabulary foPM
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1 Documentedan enhancethethodology folPM of dental EHRforming the basis
for a method epable ofmanaging the specific requirements of dental research. This
would benefit from validation with further datasets.
1 Visualisation angbrofiling of a public health dental EHR
1 Proposed dtareferencanodel for dentaPM.
1 Addressingdataquality of a public health dental EHR
1 Develoedand implemergda Data Quality Framework
1 Architectureandenvironment specificationsedfor PM of dental EHR dat
1 Demonstration of the flexibility of using EHR data in reseafthe applied
techniques and methods demonstrate flexibility and agility and form the basis for a data
product capable of providingngoing, obust and actionable insights to domain stake
haders.
| Application of the PM4D to data from an Irish public health EHR, validating
PM4D and showing how it can be generalisedJto K NHSsandother international
datasets.
This research does not carry outedailed omparison of°PM producs, nor a étailed
comparison oPM algorithms It also does not do a&thiled asessment of process model

quality using formal metrics

1.1 Background
One of the first usesf computers ifmedicinein 1959 can beattributed to a dentist,

Robert S. LedleyNovember, 2011)}rom his career as an armgrdist through his work

at the dental materials section of thatidnal Bureau of Standartie advocated for the
application of operations research techniques and computing to metieiaeguedhat

the vast amounts of medical diagnostic and treatment data could only be exygoited
operationsresearchinformation management techniques drelendeavouredo have
these ideas accepted and implemented iJtBe medical communitfledley & Lusted,
1959) Early work involved a notchedard system to assist in the diagnosis of disease
and this was adapted by HonkeiVarner as a Besian schem@gainusing the notched
card systemto assist in the diagnosis of congenital heart disease in the LDS hospital in
Salt Lake City(November, 2011)Despitethe successful trials of these techniqulksy
were metwith scepticism in théarger medical communityNonethelessthey laid the
groundwork for the extensive uses of information technology in medid hospital
operation.Their ideasaroundusing existing data to analyse sympt and develop
diagnosesrea precursor to modern dayidencebasedmnedicine.Their belies around
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the use oinformationgeneratedis a byproduct of operational activities underlitse
principles ofdata mining November, 2011and theemergent technologyf interest here,
process mining
In this thesis, 60 years later, similar ideas to theirs, but using modern data and process
mining technologiesare being applied to a large dataset extracted from andeistal
public healthEHR.

1.2 Researchlechnoloy Terms
1.2.1 Data Science

Data science is a multidisciplinary field using scientific processes, algorithms, methods,
and systems to extract knowledge, patterns and actionable insights from data. It
incorporates skills from many fieldscluding statistics, information science, computer
science and mathemati cs. In 2007, Jim Gray te
after empirical, theoretical, and computatiorfdey, et al., 2009)and anticipated
compuational analysis of large dataibga primary scientific methodHe identified three

basic activities of data science: capture, curation, and analysis, and suggested that
everything about science would change due to the impact of information technology.

In 2013, the IEEE Task Force on Data Science and Advanced Anelgtdsunded and

in 2013, the "European Conference on Data Analysis (ECDA)" was first organised. The
first international conferencehe IEEE International Conference on Data Science and
Advanced Analytics was launched in 2014.

A definition by Dhar (2013) describesdata science as the study of the generalizable
extraction of knowledge from data with the requirement that this knowledge is actionable
for decision making and prediction, not just explaining the pastscale ofheavailable

data often renders tradinal database models anongputational methods inadequate.
There is a neetb provide actionableobust patterns with predictive poweand patterns

that are likely to occur in the future.

In theirbookA Doi ng Dat @NeibB& $chutt(R044) propose a data science
process model as iRigure 1-1 below wheredata represents the traces of +walld
processes gatherdxy data collection or sampling methods. They make the important
point that building models and working with data isvedtie neutralResearchers chse

which problemsto addressthey make assumptions, chose metrics and design the
algorithms. In their \ew, the datescientist turns the world intdata, and this is a

subjective, not objective, process. They emphasise the value of exploratory data analysis
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Figure 1-1: The Data Science Process (O'Neil & Schut014, p. 41)
O'Neil & Schutt(2014) state that describing and understanding thesegéatarating
processes is often part of the solution to the gobklbeingaddressedndpoint out that
in the case of data products, adback loops being create@here our behaviour changes
the product and the product changes our behaviour and as such brings with it ethical
responsibilities. They identify the dagaientist as being involved ail the stages of the
data science proceas inFigurel-2 below. i.e.fi é a  eavtyaquantitatively minded,
codingliterate problems ol ver é tr ai ned i n anbiplbgy,iwnog f r c
works with large amounts of data, and must grapple with computational problems posed
by the structure, size, messiness and the complexity and nature of the data, while

simultaneously solvingareator | d pr obl em. 0o

Why? What research
question am | going
?
Ask question - to answer?
what data needs
Formulate hypotheses Whiit do Iwait

to be recorded
or collected? / it to look like?
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(articles)

Figure 1-2: The Data Scientist's Rol§O'Neil & Schutt, 2014, p. 44)
Dhar (2013) outlines a range of skills required of a datentist:statistics, machine
learning, omputer sciencegndcoding. This range of skills is required due primarily to
the volume and variety of the data being analysed todaly.van der Aalst(2016)
proposed an outline of the skills employed by data scientists shdvigurel1-3 as well

as its link to processciencehroughPM.
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Figure 1-3: Data and ProcessScience Skillgvan der Aalst, 2016, p. 18)
Wil van der Aals{2016)d e f i ne d d at an insedisciplmaryefieldiagming té
turn data into real value. Data may be structured or unstructured, big or small, static or
streaming. Value may be provided in the form of predictions, automated decisions,
models learned frondata, or any type of data visualization delivering insights. Data
science includes data extraction, data preparation, data exploration, data
transformation, storage and retrieval, computing infrastructures, various types of mining
and learning, presentatn of explanations and predictions, and the exploitation of results
taking into account ethical, social, legal, and business aspects.
This thesisincorporates the steps outlined in thea sciencerocess irFigure 1-1: The
realworld data originasfrom a dentaEHR. A comprehensivere-processing phase to
prepare the data fagxploratory analysis and profilinggas carried oytand machine
learning in the form oPM was executedMany of the skills identified ifrigure1-3 are
employed in the course of the reseaketowledge oflatabases and algorithms to extract,
transformandload data in preparation for analysis, data minig, and visualisation
for exploration and analysispmestatistics for evaluation of resultbomain knowledge
for formulation of the research questidiig)s) andfor discussion of the outcomes and
results. The resulting applied techniques and methods demonstrate flegdpktyle of
providing ongoing, robust and actionable insights to domain stake hoddéisfying a

key data sciencattribute of haing a dearfocusoni t s or gani.sati onsd® goal s

1.2.2 Data Mining
Data mining is the process of seeking and extracting patterns from previously
incomprehensible large datasets and this author views data mining as a key subset of the
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data science process, primarily involving the stelasa preprocessing, data cleaning,
exploratory data analysis and machine learninig.also commonly referred to as a step
in the Knowledge Discovery from Databases (KDD) process using data analysis and
discovery algorithms to yielgatterngor models) based on the dé&antos, et al., 2013)
Data miningcanbér oadly categorised into &éddescri
includes association, classification and clustering activities and the latter, correlation and

regression.

Interpratation
e Evaluation
Data mining
Transformation

Preprocessing

Sefection == R et !

Knowledge

¢ ) Patterns/
- — 2 Models
o f— Transformed

i/ ’ — Preprocessed data

- i data

Data

Figure 1-4: Data Mining in the Knowledge Discovery from Databases chain
(Dragonl.com, 2018)
This author views PM as a data mining technique and generally follows the steps

identified inFigure1-4.

1.2.3 Machine learning

Machine learning is a set aftificial intelligence techniquesnd algorithms designed to
extract patterns from large datasets, without being explicitly programmedcalypi
machine learning algorithms find similarities between group of it@tasgification and
clustering)or find relationships between variables (correlations, associati8ng)e of

the common machine learning types are showkigare1-5 below.

MACHINE LEARNING

SUPERVISED
LEARNING

{CLASSIFICATION

UNSUPERVISED
LEARNING

CLUSTERING

{ REGRESSION ’

Figure 1-5: Machine Learning Types(Mathworks, 2018)
This author views PNs a form dbunsupervised machine learning, creating clusters of

similar items on data that has not been previously labelled or categorised.
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1.2.4 Data Visuaisation
Data visualisation facilitates the communication of complex informatsamggraphical
represetations.Its ains to display the data in a compact, accurate, unbiased torm.
convertslarge datasets intaisually comprehensibléormats such as histograms, plots,
and information graphicsStephen Few2004) enumeratecight types of quantitative
relationshipsincluding frequency distributions, nominal comparison, correlations, and
rankingandidentified the optimal format for their graphical representat®mce then,
many new visualisations have emerged includingbllgraphs, heamaps etc to

visualisemore complex dat many of which are used in this reseafebe Sectiod.1.6.

1.2.5 Proces<riented Data Science

Proces=riented data science (PODS) is an emerging research area bridging traditional
process analysis and datentric analysis. PODS studies the sequences of events in
processes anid not solelyfocussedn outcome measures or the results of data iginin
experimentsTimestamped, casariented, gent data is the main source of information

for PODS The principal data mining technique in use in PODS is PM.

1.2.6 Process Mining

Process MiningPM) is the collection of techniques and algorithms applied to elagat

with the objective of discovering, checking and enhancing proitéssn emerging data

mining technique aiming to extract high level knowledge from low level &dtahas

been positioned in the field dblusiness process management, business intelligande,

lean technologieBy van der Aalst(2016, p. 44and bySchrijverset al(2012) It is seen

as bridging the gap between tradisbmodelbased process analysis and ezatric

analysis such as data minifigans, et al., 2015, p. 5 does thisfirst, by discovering

process models from event data.time ordereddata extracted fromamrogani sati onds
information systems. These models are abstract representations of the essence of a process
reflecting the common pathways followedhd are used for many purposes within
organisations including configuration, specificatiodlocumentation andevification of

systems. They are also used to give insight and to provide a structured basis for discussion
of the processdgwan der Aalst, 2016, p. 29Yhe second main type 8M, conformance
checking, establishes tohat degree event logs agree with existing process mddweds

third type enhanes models with additional informatiorand is known agrocess

enhancement. Thenvironments commonlyrepresented as Figure1-6 below.
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Figure 1-6: Process Mining Typesand Environment (Mans, et al., 2015, p. 22)
Event data contas timeordered lists of discrete activities or events i.e. \gefined
steps in processes and an event log (EL) is a subset of this event data created for the
purposes of executing a single experiment. The most basic EL containsidecasier,
an eent name and a timestamphe quality of a process model will primarily be
determined first, by whether the discovered process model generates all the behaviour in
the log and second, by how close is behaviour of the discovered process to the behaviour
of the original process. The comprehensibility of the discovered model and to what extent

it is generally applicable are other important characteristics.

1.3 Dental Domain Terms
1.3.1 Dentistry

According to theAmerican Dental Associatioi2018) dentistry is defined as the
evaluation, diagnosis, prevention and/or treatment (nonsurgical, surgical or related
procedures) of diseases, disorders and/or conditions of the oral cavity, maxillofacial area
and/or theadjacent and associated structures and their impact on the human body;
provided by a dentist, within the scope of his/her education, training and experience, in
accordance with the ethics of the profession and applicable law

Inl aymanads t erofesson of caring $or tihe themarpmouth, teeth and other
related health matters. This manifests as creation of oral health, prevention and treatment
of dental disease and restoration of damage to the teeth and the mouth. Disease of the
teeth usually startwith carious lesionsn the tooth surface, also known as cavidsch

can then progress to cavities or holes in the tooth subiaease at this level is commonly
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treated through restorative measures such as fillings and in more extreme cases, crowns

andbridges implants, and extractions.

In what wayds dentistry differenandsimilar to general healthcare?

Although relief from toothache has been mentiomednedical textsas far back as

Hippocraes dentistry and medicine hatraditionally been separate occupatiddsring

the 1" century dentistry was oft ehbythe harberi ed out
(HoffmannAxthelm, 1981, p. 161(Ring, 1985, p. 150while medicine was already well

established as a profession at that time. Dentistry was initially seen as a primarily
mechanical job, fixing and extracting diseased tédtiffmannAxthelm, 1981, p. 159)

and those caying out the activities in Germany were often knowrtresZahnbrecher

(6t olort dha)k la £84Qdat the University of Maryland in Baltimorghe introduction

of dentistry as a medical speciaiMasrejectedand as a result, the first dental college i

the world was openeidthe Baltimore College of Dental Surgery

Clearly, tings have changed since these early daysemd tsnowwide acceptance that

oral health influences general healthorld Dental Federation, 201@nd a concerted

effort to O6put the mouth back in the bodyo6 i
However, @ntal schools arstill typically separate from medical schools, as are dental

and medical hospitals. Dental insurance and medicalansararenormally separate
productsasoral problemsre oftenseen as inevitablevenif often preventable.

For the purposes dffiis researclit is assunedthat dentistry is a branch of medicine and

is a form of healthcards with general healthcardentistry is delivered at three different

levels. Primary care deals with common problems such as examinations, cleanings, and
restorative work and is often the first point of contact for a patient. Secondary care is
typically more specialised such psriodontal procedures, endodontics eted normally

requires referral from primary caie Irelandandin the U.K. Tertiary carenvolves rare

and complex conditions and can arise for example from trauma incidents or-geedsl

patients

The classification of healthcare processes showvagiare 1-7 is directly transferrable to

dental caree t he mai n cat-elgecit iewed odbaErbedioha ve car eod
subcat egor i e s(e.gotfaumpE nieU r@ggepainyd abscess 0 St andar do
(e.g. screening 0 Ro(ey.ismpléd filling and -&®Nah (em.eréot canal

treatment)are all directly applicable to dental trean.

S

a
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Figure 1-7: Main kinds of organisational healthcare processe@Vians, et al., 2015, p. 13)
This research assumes thagntal treatment processes amehlthcare processes are
similar enough allomg usto use existing healthcafV research and publicatioas the
basis for this research.
Healthcare process are also subject to a separate categorisatimdical treatment
processes andrganisationprocessegKaymak, et al.,, 2012Rojas, et al., 2015the
former being clinical processes managing the patients and the later focussed on
knowledge necessary to coordinate collaborating healthmarfessionals and units

without support for medical decision making.

1.3.2 Public Health Dentistry

While acknowledging thatyblic health dentistrys organised differently in different
countries, thémerican Dental Associatiof2018 defines itasié the science and art of
preventing and controlling dental diseases and promoting dental health through
organized community efforts. It is that form of dental practice which serves the community
as a patient rather than the individudd.is concerned with the dental health education

of the public, with applied dental research, and with the administration of group dental
care programs as well as the prevention and control of dental diseases on a community
basi® .Dental public health tmalsob e e n  d asf thenseiehce f@nd practice of
preventing oral diseases, promoting oral health and improving quality of life through the
organised efforts of socigtyDaly, et al., 2013)It is concerned witlpromoting oral

health of the populationasawholedyy agnoses of the popsul ati
to identify the cause of these problems and planning effective interventions to target
identified problems leading to action at the community levdlhe World Health
Organisation (WHO) recognises the importance of public health intervention against
early childhood caries (EC@Phantumvanit, et al., 2018)

Public health dentistry contrasts with private dental practiceevpievate practices are

often owned by a dentist, a group of dentisis a corporate body for the purposes of
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delivering dental service® individualsl n 1 r el and, a childés first
services will often be through the public heatthal screening progranin the UK.,
private practiceare the first point of contact for patients who require dental treatment or

oral healthmaintenance

1.3.3 Oral health

The World Dental Federatio(2016)definesoral healh as beingi é multi-faceted and
includes the ability to speak, smile, smell, taste, touch, chew, swallow and convey a range
of emotions through facial expressions with confidence and without pain, discomfort and
disease of the craniofacial conepb. The World Dental Federation (FDRlefinition
proposes a common understanding of oral health in ordeletarly position oral health
within general healttrdemonstrate that oral health affegenerahealth raise awareness

of the differentdimensions of oral health and how they shift and change overatiche
empower people by acknowledging how values, perceptions and expectations impact oral

health outcomes.

1.3.4 How are oral health outcomes measured?

There are many established measures ofhmalth and the suitability and availability of
some of these for our researalere consideree.g. DMFT, Quality of Life (QoL),
International Caries Detection and Assessment System (ICE#S://www.iccms

web.comyj. Potential gality outcomeswere also proposed in the Steele RefNHS

England, 2009, p. 6&.g.the increase or decrease in the rateesforation ad therate

of antibiotic prescriptionSignificant Caries Inde{Sic Index)(Brathall, 2000)s another

option © measure diseasehere theattention is focussed on those individuals with the

highest caries scores in the population. It is a recognition of the high number of

individuals with no detected disease and the resulting skewedness of DMFFdp O.

clarity, a DMFT scoreof 0meanstha none of a per sonécayed32 per mane
mi ssing, or fil | edinterm&ofcaiefHowewer, itdbes nodtgker f ect 6 s
account of tooth loss due to other reasons such as trauma or periodontal disease.

For this researchheonly criterionin deciding which oral health outcome to wgasa

pragmatic assessment afat informatioris presenin the EHRto helpassess oral health

The results of that assessment showed leaEHR had no information on QoL and the
recordeccariesinformation was insufficiently detailed for an ICDAS assessment. While

the necessarglata was present in the EHR to calculate DMFT, ggasufficient data

was present to calculate itsore detailedrariants.Accordingly, DMFT was selectedsa
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the outcomeneasuréor this researchOther more detailed indices such as ICDAS should
be considered in future EHR desigissthey give further insight into the degree of disease

present

DMFT, D3sMFT, D3vcMFT

ODMFTO6 i s a meas wpermanantfteeth and hak thrdeecongpgnénis n
refers to the number of decayed teefiere caries is to dentinal threshold as is more
accurately represented ag DMFT is used throughout this thesis as shorthand for
DsMFT. M refers to the number of teeth rsiisg due to decay refers to the number of

teeth filled due to decaylhe use of capital letteiadicates that the index applies to
permanent teethonlpd mf t 6 i s the same measurél but
DMFT score of 0 means none of th2 Bermanent teeth are diseased, missing or filled
due to decaylf a patient had 1 tooth extracted for decay, 1 filling due to decay, and 1
cavity, their DMFT score would be 3.

While DMFT has been in use for over 60 yg@adben& Thomson, 20053s an index

of oral healthjt has well documented shortcomings such as its failure to recognise the
presence of nenavitated lesions and the fact that caries is a continuum rather than a
preserdabsent dichotomyLewsey & Thomson, 2004)There are also many factors
influencing the development of caries in individuals as showfigure 1-8 below
(Selwitz, et al ., 2retérsen, 2008Mahy df thesenaee persertal a |
factors such as smoking, oral hygiene and secmnomic status while others are related

to the presence of fluoridation of water supplies @twe World Health Organisation
(WHO) examination criteria dictate that only dental caries at the cavitation level are
recorded. Thisis knownassMFT wi th the 6306 indicatting
the dentinal l evel and t he (Wh€ln, etal.d2006)at e s
Acknowledging that dental caries is a disease of stagesckndwledginghat increased
access to dental services could give edding RMFT readings, a further refined
measure, BJMFT, incorporates visible but not cavitated lesions. However, DMFT
remains widely used and accepted because of its usefulness and the need to make
historical comparisonf_ewsey& Thomson, 2004) From the perspective of EHR data
requirements, less informatias neededio estimateDMFT than more sophisticated
indices such as ICDASThe mechanism used to calculate DMFT/dmft from the data

extract is detailed in Appendit0.9
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B3 Personal factors
[ Oral environmental factors

BB Factors that directly contribute
to caries development

Figure 1-8: Factors involved in caries developmen(Selwitz, et al., 2007)

1.3.5 Care RthwaysandClinical Guidelines

Schrijvers et al(2012) defined are pathwaysas & a methodology for the mutual
decision making and organisation of care for agefined group of patients during a

well-d e f i n e d Thpyedetail skéntial steps in the care of patients with specific
problems.According to Schrijvers et alcare pathways have their roots in established
management theories such as the Critical Path Method, Lean Engineering, and Six Sigma
with the goal ofimproving quality whilereducing duration times and erosk, reducing
treatment variations, and reducing cost#hile care pathways were originally introduced

in the U.S. to standardise processes and reduce costs, other countries are using them
mainly to achieve improvements in quality of care, and in the U.K. their use aims to
achieve continuity of care across csettings and disciplingsiarris & Bridgman, 2010)

Care pathways are often confused with qaocols and Harris & Bridgman state the
term O60care pathwayod denotes a yhgeathistacti ve typ
in the care process, rather than stating broad principles that practitioners should follow
Care pathways are also seen as offering a structured means of implementing evidence
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based clinical guidelinethough the development of local protoc@@ampbell, et al.,
1998) Examples of care pathways in dentistry in th& lare to be found in the Steele
Report(NHS England, 2009and in the NICE guideline@National Institute foiHealth
and Care Excellence, 2018)
Evidencebased clinical guidelines (CGs) are systematically developed statements
containing recommendations for the care of individuals by healthcare professionals that
are based on the highest quality scientifitlence availabl€lrish Oral Health Services
Guideline Initiative, 2012)CGsare specific recommendations on how to diagnose and
treat a medical condition to ensure that patients receive appropriate treatment and care.
They summarise the current medical knowledge and give specific recommendations
based on this knowledgEor examge, clinical guidelinespublished in Ireland describe
the ideal process for applying fissure sealants antbdre found irtheIrish Oral Health
Services Guideline Initiativ2010) and for providing an oral health assessmh for
schootaged childrenn a second publicatiof2012)
For the purposes of this research, care pathways are viewed as guiding the overall
treatment process of the patients whereas clinical guidelines are viefaissed on
specific dental treatments.n t hi s research, we will inve
to generate process models that can be comparee teferencedare pathways and

clinical guidelines.

1.3.6 Oral HealthStrategy andPolicies

Oral health policies take many form3heseinclude populationwide oral health
promotion measures, policies addmegssocial determinants, rouépidemiological data
collection andheintegration of oral diseases in policies addressingaoonmunicable
diseaes and general healiWorld Dental Federation (FDI), 201 However, neasuring

the effectiveness of policy decisions and strategies is diffl@ali et al.(2013)state that

the evaluation ofpopulationbased prevention is particularly difficult to umtike,
especially measuringuccess by examining changing patterns of disease. They propose
that other types of evaluation such as the success of the process and investigating how
many people p#cipated in the screening program may be usdfus hoped thathe
research in this thesis contributes to establishing methods of evaluatingreaekses

andprograms
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1.3.7 School CGentalScreenings
Dentalscreening generally refers to the brief oramination of children, usually in the
school setting, in order to identify those with obvious treatment r{&ests Oral Health
Services Guideline Initiative, 2012h Ireland school dental screenings are provided by
the public health service as detailed in Chagtén theUK 6 s Nat i onal Heal t h S
(NHS),dent al sraedevelopedrrgndsecuring treatment in times of widespread
decay, to identifying children not in receipt of regular dental care, early detection of

disease, and stimulation of registration with a defitisisom, et al., 2008)

Why do ScreeningsAre theyUseful?

Internationally, the WHO argues that schbaked oral health promotion is effective and
efficient(World Health Organisation, 2003, p. 13creenings enable early detectiod a
timely interventionsagainstoral diseases and conditions leading to substantial cost
savings Theymust not necessarily be carried out by dentist or dental auxil{&viedd

Health Organisation, 2003, p. 49)his later point does not reach the recommended best
practice of carrying out examinations in dental clinics as propogkdlish Oral Health
Services Guideline Initiativé2012, p. 18) Hebbal & Nagarajappé004)found that
screening increasdollow-up visits There is significant debate on this issue andther
studyby Milsom et al.(2006)found this not to be the case

The function ofexaminations can include primary preventive measures e.g. oral health
advice, application of fluoride gels or varnishes as well as secondary preventive measures
e.g. limiting the progression of oral disea@esey, et al., 2013)A preventive program
based on caries risk and recall intervals was shown to reduce initial caries lesions in
children(Abanto, et al., 2014)

Clinic based screening is seen as the gold standard with dwdmed screening ore

likely to only identify children with more advanced car{gssh Oral Health Services
Guideline Initiative, 2012)

The usefulness of school dental screenings in improving dental attendance rates or
reducing disease leveltms been questiondxy Milsom et al. (2006) where the authors
tested three models of screening and a control, on a population of 13,000 children. They
found no significant difference in caries reduction in eitherdién@dwusor permanent

teeth nor did they find any significant difference in the secondary outcome measures,
prevalence of sepsis, gross plaque, calculus or trauma. While they did acknowledge the
short timeframe of the study, they also found no significanteidiffce in dental

attendance between the groups in the-foonth period following the screening date.
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Further work suggested thatotwithstanding considerable U.K. government support
since 1918, no scientific evidence exists that school dental screesauly o
improvements in health for the individual children or for the child population as a whole
(Milsom, et al., 2008)and in fact, such screening exacerbated social division. While
scrapping of school dental screening islmeihg advocategbr in those publications, the
authors encourage development of clear objectives for such screenings and for scientific
evaluation of the data available from those countries with such programs.
In contrast, aetrospective cohort studywastigating the effects of dental recall visit
intervals on the oral health of Irish school childteyn Brody (2016) concluded that
children having one oral health assessment"frciass (Age ~ ®) had significantly
higher levels of tooth decay at'6class assessme@hge ~ 1113) than children who
received aradditionaloral health assessment ifff dlass (Age ~ 41). The children
receiving only two assessments were also found more likely to have attended for an
emergency visit for pain in a permanent tooth in the period between assessments.
Thereare varying opinion®n the effeciveness of schoatflental screenings and this

research addresses aspects of thikarfollowing sections and again in Sectiba.

When should screenings be done?

As permanentmotas account for at | east 80% of tF
in Ireland, the age at emergence of the first and second permanent molars is a key
milestone for oral health assessment. The second key milestone is the emergence of the
permanent makary canines(lrish Oral Health Services Guideline Initiative, 2012, p.

18). The guideline goes on to suggest that the periods between theagad 3114 are

the most crucial for regular assessment to prevent arictees and monitor oral health

development.

How often shouldiental recallde done?

The ideal interval for recalling dental patients is also an active discussion. The Cochrane
Database Systematic Review on Recall intervals for oral health in printerpatents
Rileyetal.(2013) ooked at the evidence around var
health and resources. This review updated earlier impBeirneet al.(2005; 2007)and
confirmed the original wor k 6 s-qualitybady of o n
evidence which is insufficient to draw any conclusions on the effects of altering the recall
interval between dental checips. Further, they recommended that higtality

Randomised Control TrialRCT9 be carried out to address this questidbantoet al.
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(2014)found that each followp visit attended reduced new initial lesions in children
although they acknowledge that thesegras were also receiving oral health and dietary
advice during their visits which may have impacted their findings.
Although theU.K. NHS does not explicitly recommend a recall interval, its remuneration
structure supports simonthly checksln ther systematic review, Davenpaet al.(2003)
found no existing higlguality evidence to support or refute snonthly recall intervals
in adults or children. They identify risks of lengthening recall intervals as moving away
from the preventive paradigm and consequently more serious sequelae qf &aries
infection or extractionas well as reduced contact with patients and accordingly, a loss of
opportunity to encourage better oral hygiene and treatments. They identified gossibl
advantages of lengthening the recall interval as, reducing inappropriate treatment and
reduction in costsThe review noted thketerogeneousature of the previous work and
the difficulty comparing the studies.
A risk-based maximum recall interval ®2 monthdor patientsis recommended in the
NICE Clinical GuidelingNational Institute for Health and Care Excellence, 2004js
may be reviewed subject to the outcome of the ongoing INTERUAestigation of
NICE Technologies for Enabling Riskariable AdjustedLength Dental Recalls Trigl
Dental Recalls Triakxpected in 2019 BioMed Central Ltd, 2018)This riskbased
approach, with a suggested maximum interval of 12 months for childrealandis

supported by clinical guidelingfrish Oral Health Services Guideline Initiative, 2012)
Discovering care pathwayaround theseorinciples and investigating the potential
application of°PM and data analysis dentalEHR data to answeelatedquestions forms
the basis omuch ofthis research.

1.3.8 Initial Exams, School Screenings, Recalls, Recall Intervalh&ctups.

This reseamndhstcreaims ngdclae anal ogous to
a sthe planned, unprecipitated return of a patient who, when last seen was in good oral
h e a (Royal&ollege 1997, as citénRiley etal.(2013) when a o6recal l

Oroutine -Wepdht adr cherckl heal t (Riley,etal.ij2008 may be

The recall interval is the time between recall examinations sually specified in
months or years. The [y governing the frequencgt which school screenings are
carried out is then directly related to the recall interval as presumably, a policy dictating
3 screenings in the primary school setting will havéharter recall interval between
screenings thaa policy dictating 2 screenings. the researdh s , dedailed in Chapter

51t he treat ment item known as 6l nitial

Ex amé
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s ¢ r e e This rmggd@mptiorfacilitates thinkingabout the effectshat varying recall
intervals can have on treatment processes and oral health outcomes in a simitar way
consideringhe effects of varying screenifiggquency The author does not believe that
this is a highrisk assumption ai$ is na central to the aims but rather opens the door to
the technologies being used for either scenario.
It is clearly arguable that screenings and recalls are not the same thifngsaredearch
is notproposing hat o6éschool screeningsé and O0reca
screening frequency and recalls as equivalemefits this research asaliows it to
demonstrate how the techniques and technologies can link and contribute to the wider
debdes on care pathways in dentistry and the ongoing debates on recall intervals as

6recall s6 and o6recall interval s6 are the

1.3.9 CarePathways forSchoolDentalScreenings an&ecallIntervals

Decisions regarding optimal recall intervadsone of the key questions raiseddantal
carepathways research. There is a clear move towardsas&d treatment and recall
intervals(NHS England, 2009, p. 48IHS, 2012, p. 18\ational Institute for Health and
Care Excellence, 2018pchool screening recall intervals and similar strategy and policy
questions such as thesdl be examined in the context of datening andPM.

1.4 Linking Process Mining to Care Pathways and Clinical Guidelines
CarePathways and Clinical Guidelines ireBtistry

Carepathways, clinical guidelines amocessoriented approaches to the delivery and
assessment of dental care need to be supported by technealbgik$acilitate process
oriented data science and analysi¥l. B one such approach and the workhis thesis
applies it and supporting technologies to a data extract from a dental EHR to assess its
applicability and usefulness.

Efficiencies in healthcare can be gained by analysing care pathways and processes and
by applying operations researctchaiques, workflow analysis, and other process re
engineering techniques to optimise the delivery of services. The research in this thesis
shows how process discovery from EHR dataproduce procesmodelshelping assess

the delivery of dental service @rding to these ideal capathways Daly et al.(2013)

state that evaluation of populatiased preventive measure is difficult and assessing the
success of the processnclae a valid alternative. Maret al (2015, p. 3)conclude that

the traditional methods of gathering the information required for such analyses by

observation and interview are costly and flawed due to their subjective nature and further
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claim that objective gggestions for improving processes can be readily gained from event
log data. They maintain that because healthcare processes rezjub#itft and adhoc
decisions, thereforeigorous workflow management, business process management and
business proceseeengineering techniques cannot be applied. There are also other
problems unique to healthcare such as data quality issues, process complexity and
organisational issues within healthcare bodies.
The use of process modelling and care pathways is welllise&d in healthcare. The
U . K NHSdVodernisation Agency applied process modelling to the health sector and it
is now in widespread use thdi¢arris & Bridgman, 2010)

CarePathway Initiatives in Dentistry

The use otarepathways in dentistry is well established and important recommendations
are to be found itJ.K. NHS strategy publications such @HS England, 2009, p. 45)

also known as the Steele Report. This report recommendstiisaprimary care dentistry

be staged around a care pathway, with features including urgent and continuing care,
formal oral health assessment, disease prevention and advanced restorative care for the
purposes of continuity of the relationship betweenepdsi and dentist with recall
intervals as a key element and using oral health as the ouiceasare

Care pathways are also a key partloK. dental contract reform and have received
widespread support amongst pilot practices and pat{&iisS, 2012, p. 5)The care
pathways proposed by the NH3012)are based on the Steele Repétere,the four

main causes of poor oral health; dental caries, periodontal disease, tooth surface loss, and
soft tissue conditions result in a risk status being applied to the patients and recall intervals
and interventions being decided thereon. In the U.K, the NICE Guidelines on Oral Health
(National Institute for Health and Care Excalie, 2018pperate on similar principles,
providing a processodel or flowchart structure to guide dental professional in their
care delivery. These publications are significant shgw he c o mmi t ment of
public health service to care patys.

The annual oral health assessment proposed in the Irish Oral Health Services Guideline
Initiative (2012, pp. 6,7)as the best practice approach promoting, protecting and
mai ntaining the B&T7yadroldhissanimarised agxaminatienlaadn d 0 s
risk assessmentpral health instruction and, if high caries riskedministration of
protectivemeasures such as fluoride varnish and fissure sedlaatlrish Oral Health
Services Guideline Initiativg2010, p. 6)presents a clinical guideline portraying the

Fissure Sealant Cycle the formof a process flowchart.

t

he
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1.5 Structure of the fiesis
Chapter Zrovides the literature revieaf PM in dentistryanddefinesa vocabularyfor

t hi s r @M dlasrresdailisis crossciplinary and for this reason, literature is
explored in severathapters as close to its point of use as possibiine previous
literature reviewsvere identified andsed to frameental PMwithin the larger healthcare
PM area Also, in Chapter 4s an explanation ofhe basid®M terminology in use inthis
research and relevant literatukéany of thebasic technology definitions andéntal terms
and theirassociated literaturare introduced in Chapter 1 and developed further in the
specific validating experiments in ChapteCChapter 3 details the aims and objectives of
the researchChapter4 introduces and profiles the research datd concludes with a
description of the data pipeline and systearchitecture Chapter 5applies an
anonymisation framework andtroducesadata quality framework and its application to
the research datand concludesvith details of the data transforms necessary for the
reearch. Chapteré examines the existingM project methods, analyses their strengths
and weaknesses addcuments synthesised method fapplying PM tahisdental EHR
data Chapter7 details thePM experimentsusing the methodology fronChapter6.
Chaper 8 discusses the implementation of the methodology and its validation

experimentand Chapte® forms the conclusions of the research.
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2 Literature Review
Therationale for this literature reviewasto find the existing published work applying
processoriented data science to dentistry and to establish to what extetgdinoloy
had been applied t&HRs andarge public health datasef®he literature search criteria
included PM in primary care, an®M in public health. To enhance general applicability
and interdisciplinary impact of this work, the general literaturd®bhwill be also be
referred to in this research.
Existing work in the area of dental informatics, which is the application of health
information technology and information science to healthcare deli%engrican Dental
Association, 2018)was also included in the searchformatics is a research discipline
aimed at uncovering fundamental principles and methethtng to information and
computersand, while primarily focussed on the dental domahme search was cognisant
of S c h(R0O83)hents orshe dangers of disciplinkased informatics areas such as
nursing informatis and dental informaticdéde suggests that an excessive number of
boundaries between specialised application ar
informatics and he encouratjeroad and intedisciplinary collaboration between the
specialist communis as the best way to develop disciplgpecific solutions. Schleyer
reinforcal the opinion that informatics benefits from interdisciplinary collaboration as the
RQs tend to be complex and use scientific methods from several, argasrily
informationscience, computer science, cognitive scieand telecommunications.
The reviewestablishes hat denal questions have been investigated usiata mining
andPM? what methods were used in applyiAlyl to dentistryvhat did they find out?
whatPM has been carried out in public health and printang?and where are the gaps
and research opportunities in derR?

2.1 Previous Literature Reviews Related work
The relatively new data mining techniqueR#¥, although still niche, has much to offer

for broad information systems audienoaffering potential for increasing efficiency and
effectiveness of servic§$hiede & Fuerstenau, 2016)M has already been effectively
applied to many areas of industry, busin@ss der Aalst, 2011and healthcargRojas,

et al., 2016)ncluding specialist healthcare areas such as stratefMans, et al., 2008)
diabetefFernanded.Latas, et al., 2015and oncologyKurniati, et al., 2016)

There have been several previous reviews of the ug&Moih healthcae. In the first
review Kaymaket al.(2012)identified he inability of theavailablePM algorithms to
analyse healthcare procesul they pointed to the need for PM algorithms incorporating
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medical knowledge and the need for -precessing the clinical data using medical
knowledgee.g. reducing data granularitp improve the resulting model3hrough
analysis of ten available PM healthcare publicationsy talso identified that medical
praditioners may be pursuing multiple goals in a process anBNhalgorithms need to
be aware ofthis to produce useful resuliBheir findings were largely supported gng
& Su (2014) suggesting that PM algorithms are noficéént enough to deal with
unstructured processes. Thegdanalysed 37 studies of PM in healthcare with the goal
of clinical pathway designcontrol, and evaluation and improvement. They noted that
medical processes are more complex than business mecdssing dynamic and
unstructuredThey point out that the existing algorithms only consider the event name
and starting timé not the outcome.
Manset al. (2008) found that the heuristic miner producedomprehensilyl complex
modelswhen applied to hospital stroke healthcare datato disease and patient variants.
The term commonly used to desclTheyisedp®uch
processing techniques on the event data for example seeking higher level events to
represent lower level activities. They ajgoposed use aimplificationtechniquesuch
as clusteringnd thespecialised search algorithras approaches simplify the models.
These algorithms will be detailed in Sectib@ Manset al.(2013)examined 37 process
discovery publicationand 7 conformanebased papers in the context of their proposed
healthcare reference model and concluded that, as a rule, the existing body of work
underutilised the available data and would benefit from using such a referencetanodel
enhance the valugf their work
Rojaset al.(2015)completed an overview of the main approaches using PM in healthcare
and introducedthe main challenges encountered in previous work. These challenges
included data access, data quality,egration and prprocessing as well as the
incorporation of medical knowledge in the algorithmi®ie comprehensive literature
review carried out byRojaset al.(2016)built on their earlier work and categorised the
published work by procedsgpe, data typegsources), frequently posed questions, PM
perspectives, tools used, methodologies, implementation strategies, analysis strategies
and geographical and medical fieldshis review revealed 74PM healthcare papers.
These papers were sourced from web searches and the heaRihtarepository

(www.processmining.ong The review included journal articles, conference

presentations, postgraduate and doctoral theses and dispboik.In their systematic
mapping of PM studies in healthcar&rdogan & Tarhari2016) (2018)foundthe field
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of PM in healthcare to be rapidly growing despite the healthcare dateemuque
related challenges. They identified 172 studies in the area of PM in healthcare.
In a recent review oPM in primary careWilliams et al. (2018) confirmed that little
research existed in the areaR in primary care and suggested that this is indicative of
challenges to be overcome in this area and that future work should look to identify and

resolve these problems, thoughytlodfer no insightas to what these problems might be.

2.2 Process Mining ools,Discovery Algorithms and Techniques
2.2.1 Introduction

Many software tools are available to facilits® such as ProM, Disco, Celonis,
Interstage Business Process Manager, Rapid MandrProMiner. Acording toManset

al. (2013) ProM, which is an open source solution, has becomeéetiactostandard for

PMin research and is used in all & dental research literature. Although ProM offers

a wide variety oPM techngues and algorithms and is an open framework environment
allowing the development of pltigs by researchers, a brief functional analysis of the
available products in the literature would have been useful. Disco, a commercial product,
has a more intuitiventerface and would be more appropriate in some scenarios e.g. where
the user has limiteBM experience.

PM algorithms are specialised data analysis techniques designed to examine the EL and
to produce a process mod e lThaseaperofes dassifielt i ve of
in three groupsgeterministic, heuristic and genetic algorithms(Gehrke & Werner,

2013) Some of the commonly usdétM algorithms are thélpha Miner, Heuristic

Miner, Fuzzy Miner, Inductive visual Miner, Genetic Process MiningRegion-based

process mining. Deterministic Algorithms produce defined and reproducible results.
They are based on the ordering relationships between events. TheMilpdraand its

variants are deterministalgorithms. Heuristic algorithms incorporate the frequency of
occurrence of events and can discover short sequences of events. The resulting process
models reflect frequency of occurrence of tra
and rarely occurrig events and traces if required. THeuristicMiner is an example of

this type. Genetic Algorithms much more resource intensive, generating large numbers
of possible process models before deciding on the optimum. Typically, they follow the
four steps; irtialisation, selection, reproduction and termination, iteratively improving

the final model over several generations. The AGNEs MiGeedertier, et al., 20095

another algorithm facilitating the inclusion of negative eseftbrief description of these

follows.
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2.2.2 The Alpha Miner
TheAlpha algorithm produces a petret (placetransition) from a sequence of events. It
does this by examining causal relationships between tasks. It takes an event log (or
workflow log) W and a geof possible events T as inputs. It assumes that the log is
complete with respect to all binary sequences and contains no(Deid¥eerdt, et al.,
2012) In its basic form, it has several limitations and it has been enhanttedAlpha+,
Alpha++ and Alpha# model3he Alpha miner is mainly of theoretical interest and too
simple to apply to redife logs. It builds a model based on local relations between
activities. It cannot deal with noise. Silent steps,-lomal free-choice constructs, and
duplicate steps (local loops) cannot be discovered. Short loops can be dealt thigh by
Alpha+ algorithm and Alpha++ can detect Aoge choice constructs. Its strength is that
it is a simple algorithm containing the baBikl ideas and concepts and can be formalised

in a short form. Iis, however not robust and unsuitable for real world event logs.

2.2.3 Heuristic Miner

TheHeuristicMiner was developed to address many of the problems of the Alpha Miner
and can deal with noise aedceptions. It is especially suited to a #ifal setting(De
Weerdt, et al., 2012)t outputs a heuristic net which can be converted to a Petvimelt

in turn can be formally analysed using the proagsality metrics. lis generally useful
withreall i f e data containing édnot too many?od
Alpha Algorithm and can discover short loops and-lomal dependencies. It has a noise
threshold parameter setting making it suitable for aweald setting. It applies frequency
information to three types of relationships between activities in an event log; direct
dependency, concurrency, directedlyconnectedness. It derives XOR and AND
connectors from dependency relations and can exclude exwpiehaviour and noise

by leaving out edges. It lacks the capability of detecting duplicate activities. As with the

Alpha & Alpha++, it builds a model based on local relations between activities.

2.2.4 Fuzzy Miner

This technigue addresses some of the problehtarge numbers of activities and highly
unstructured behaviours. It employs an adaptive simplification and visualisation
technique. It outputs a fuzzy model. It can simplify the process model at a desired level
of abstraction and uses significance/etation metrics to do this. It can hide less
important activities in clusters and builds a model based on a global approach looking at
the whole event loglhis tool aims to emphasize graphically the most relevant behaviour,
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by calculating the relevance attivities and their relations. Two metrics are used to
present thisHrst, 6isg n i f i easuesthe feequency of occurrences of events in the
log, and secondc o r r e | edetmireshow glosedy related two events that follow each
other are, so that events highly related loarso represented in the model. It has limited
ability to define choices and to define parallelism of events.
In both ProM and Disco, it is presented with anniatee where the settings can be
configured and their effect on the model can be seen immediately. The widths of the edges
between the nodes is proportional to their importance (i.e. absolute frequency) and the
darker edges indicate a higher level of catieh between the nodes i.e. their tendency
to follow one anothe(Mans, 2011) TheFuzzy Miner is also capable of animating and
replaying the log on the model. This gives a rapid, intuitive understanding of the process
and quckly shows heavily executed paths and bottleneBksrtcomings of the models
generated are that thmeodel is without clear semantics which cannot be converted to
other models. Due to this, the formal metrics commonly used to evaluate process models
i.e. fitness, precision, simplicity and generalisability cannot be applied to the model.

2.3 Data Mining in Dentistry
Analysis using data mining tools has been previously applied in den@Gstngky(2003)

applied knowledgediscovely and data mining to a Rochestecaries study. Classic
Regression, Artificial Neural Networks (ANN) and Classification and Regression Tree
(CART) caries prediction models were compared in this research. He used visualisations
such as Area under the curv&UC), CART, cumulative captive response graph and
Receiver Operating Characteristic curves (ROC) to communicate the findings. He
identified overfitting as a major cause of unreliable models and pinpointed data quality
as an ongoing issuedsin-Fang (2013) applied similar methods and random forest
algorithms to a large multidimensional dataset to identify the factors associated with
untreated dental decay in childhood. Using multivariate logistic regression analysis,
Nomuraet al. (2004) concluded that cariogenic bacteria were the most important risk
factor for dental caries in Japanese preschool children. Several other examples of data
mining and analysis exist in dentistry: Kaplsieier survival curves were used to
compare the longevity of restorative materials in varying circumstéde&dehto, et al.,

2009) and apicectomy outcomd®aedel, et al., 2015)fo construct a dentalacies
prediction model by data miningamakiet al.(2009)applied a balancing technique to

the conventional neural network analysis, logistic regression analysis and decision

analysis. This sought to ameliorate the skewedrof dental caries distribution&ork
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by Bokhari et al. (2015) builds a model for classifying dental patients based on the
importance of attributes and their relationships, using unsupervised classification and k
means Choudhary & Bajaf2015)applied a cross validation classification technique to
assist automated prediction of root canal treatments to conclude that patient age was the
most important decision attribytand Cosgunet al. (2015) applied data clustering

techniques to dental health centres in Turkey according to the services they offer.

2.4 ReviewMethod
2.4.1 Search Process

Thesearch er ms used were (fiprocess miningo) A
heal t ho OR .ATbeimdtibl Googles Schokreseaych was conducted through
Harzings Publish or PerisfHarzing.com, 2018)Theinitial setof results {25source$

was sorted by title and exported to Excehen the followingsourcebasedsteps were

takenby the author and reviewed by two supervis&rd di ng t he term &épr
Opublic healthé to the O clause yielded
Further databases selected for searching were OVID Medliner, Pubmed, ACM DL, the
Dental Informatics Online Community (DIOC) repository, and the Processmining.org
repository. No additional articles were found. No results were found using the search
terms(@gir ocess miningo) AND (Apublic healthdo
mi ni ngd was coi (1298) Dé\Weentatra(2@l2)and Fchirhn§2003)
attributed the fondational approaches to Agravedlal (1998) Cook & Wolf(1998)and
Datta(1998) Previously usecetr ms i ncl uded, oO6wor kfl ow min
Oprocess analysisé6é. Use of these additi ol
The 125 results were filtered as followsmove norEnglish alphabet titlesemove non

English tittesremovem nsensi cal ti tl es,reMmevedgplicatesibly h or 06
title), removetitles relating tomining (of raw material®tc), remove articles without a

valid author, year, source, publishesmoveobviously irrelevant articlesemovenon

healthcae or dental articlesremovefrauddetection articlesOn the basisf the title40

articles were excluded\bstractbased checking followedn the remaining5 articles

and33 additional resultsvereidentified asclearly not relevanin this phaseTheauthor

reviewed all 52 papers select for full text review and tHéd supervisorseviewed the
abstracts of same and all agreed on the relevant dental PM liteFaitli+xt checking
showed28 were notdental notealthcare related were frauddetection articles and 8

were pure data miningrticles, leavin® articles on datanining, 7onPM and 3 dedicated
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to dental PM. An ancestor search presented no additional soufides three dental

publicationsdentified arealsothose identified by Rofaet al(2016)

Papers for Review Manual Search
of Title. N=125 N=0

Google Scholar Search
Harzing's Publish or Perish
Total = 125

Papers Excluded:
Non-English Alphabet Titles (n=2)
Non-English Titles (n=7)

l N ical Titles (n=10)

Duplicate Titles (n = 4)
‘Mining' Titles (n=12)
Invalid Author, date, etc. (n=5)

Papers for Review
of Abstract
N =85

Papers Excluded:
Cleary Irrelevant (n=33)

of full text

Papers for Review
N =52

Papers Excluded:

Not Dental or Healthcare (n=28)
Fraud Detection (n=8)

Data Mining (n=9)
Healthcare/non-dental (n=4)

Studies Included:

Figure 2-1: Literature search results and removal criteria
2.42 Quality Assessment
The quality of the search process was enhanced by implementing a series of measures.
The initial search was undertaken by the author in October/November 2016 using Google
Scholar in Incognito mode t hr ough Har Perishgodasoid Previodsi s h
seaches introducindias andto ensure consistent resuliBhe author reviewed all 52
papers select for full text review and th¥ &vo supervisorsteviewed the abstracts of
same and all agreed on the relevant dental PM literafitedental PM literature
originated in the Technische Universitaet Eindhoven, one of the main global PM centres.
Both 2" supervisors were of the opinion that the corpus of literature was small and it was
agreed tasupplement this review with a summary of the findings of previous reviews of
healthcare process miniragmd dental data mining as presented in Sec2zohand2.3
above No dental process mining publications additional to those identifieldjgs et

al. (2016)were found nor any relating to public health datasets. This reflects the emerging
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nature of the PM discipline and proved useful in confirming the need for this research to
be undertakenThe final followrup search in September 2018 revealed no new
publications relating to dentistry however, additional health literature review had been

published in the interimAll supervisors reviewed aratvisedon all phases of the study

2.5 ReviewResults
2.5.1 Introduction

Three dentalPM articles were identified in the search procésall with the same
combination of author§ h e s e | o ur n alprocssriented methodology fa 6
evaluating the impact of IT: A proposal and an application in health{sli@ns, et al.,

2013 alnsd Your Upgrade Wort h (vatGenuéhtem etals s M
2014) The third journal articlep Mi ni ng pr oc e dMaess et al.n20IR)e nt i
focusses on dental implants, a higihd recent innovation in dentistijhe publications
emanated from a yedong research process that investigated to what extent workflow
technologies could be usedhelp make the transition from analog dentistry to digital
dentistry. Digital dentistry is the term used to describe the compased technological
advances being applied in the delivery of dental care. Digital technologies such as dental
imaging systemsx-rays, scanners replacing conventional dental impressions, digital
placement software for dental implaniSpmputer Aided Design/Computer Aided
Manufacturing (CAD/CAM) for crown manufacturing, digital printing, practice
management systems all come urttlerdigital dentistry umbrell@BDA, 2018)

While two of these journal articles were ostensibly about dentistry, it is more accurate to
say that dentistry was a wukas acasestudyfor their main research objectives, evalogti

IT investments.

The review in this research looks at the existing literature relatiRyitm dentistry, the
literature relating td®M in public health and the literature relevanPild s p ot ent i ¢
deliver worthwhile and novel insights to dentabjpc health. An overview of the current

work in these areas will be provided with the ultimate objective of identifying research
gaps and opportunities to build on this existing woiko avoid confusion, e three
publications (Mans, et al., 2013fMans, et al., 20123nd(van Genuchten, et al., 2014)

are referred to as (1)2), and (3) below

2.5.1.1 Mining Processes in Dentist(ilans, et al., 20121)
This work introduces the applicatiamf PM to digital dentistry and how this leads to

digital islands inwhat the authors describe as, twedominantly analp world of
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dentistry. The idea of crosgganisationalPM is introduced by describing the role of the
dental lab in the value streaifhe paper used an explorative approach hadrtainPM
perspectives were introducemintrol flow, organisationglandperformanceTher main
conclusion is thaPM is a useful tool for gaining a deep understanding of the dental
processes and that workflow management technology is needed to make the introduction

of digital dentistry auccessThe main steps in thelM method is shown ifigure2-2.

‘ Data from
Dental

Practice

‘ Data from

Laboratory

Control-Flow
Process Ma

Resource
Perspective
Process Map

Data Pre- -
procasii == Process Mining

Figure 2-2: Process Mining in Dentistryadapted from Mans et al.(2012)

2.5.1.2 A processoriented methodology for evaluating the impact ofVians, et al.,

2013)(2)
This workalso develops the idea of digital dentistry and proposes a methodology using
PM in combination with discrete event simulation to assist with the evaluation of
proposed nformation Technology (IT)innovations ahead of implementat Their
proposed methodogyis comparedo the L*life-Cycle as detailed in the Process Mining
Manifesto(IEEE, 2011)and the framework detailed @hou & Piramuthuy2010) They
conclude that these existing meteddcus on the analysis of an existing business system.
They aim to neither forecast the effects of a change nor to evaluate a change within these
processeand b address thishortcomingtheypropose the steps Figure2-3 below.

Discover Processes by Use Discrete Event

process mining existing ;> Simulationtobuilda |_.| pjay around!
data model mimicking the

discovered processes

Figure 2-3. Evaluating the impact of IT using Process Miningadapted from Mans
et al. (2013)
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The discovery of models usii®M accelerated the development of a simulation model.
Key Performance Indicator&PIs) are identified and used to quantify and evaluate the
process changescluding patient throughput time, required dentist time and required
lab-technician time. The results are validated using statistical processes.
The method is evaluated using a dentse study, the implant value chaiM is used
to get a detailed quantitative understanding of the procassHsis includes the process
from the making of dental impressions using the traditional impression tray through to
the production of the restation using conventional techniques. This process is then
compared to the 6di gi toalad psrcoacmensisngwhioc hp r
impression and theComputer Aided Design/Computer AidedManufacturing
(CAD/CAM) production of the final estoration.The KPIs identified include patient
throughput time, required dentist time and requireetéabnician time.
Omitted from their journal article for brevity was precursor available at
http:/bpmcentre.ordMans, et al. 2013)and providing some additional insight to the
application of the methodology to the crown process.

2.5.1.3 Is your upgrade worth it? Process mining can(telh Genuchten, et al., 2014)
This work (3) proposeghe use oM to demonstrateéhat upgrading to newoftware
releases provides qu#iable benefits to users i.endusers,software supplierand
researcherg\pplying PM to digital dentistryvas partheinvestigaion of how workflow
technologies couldhelp transition from analog to digital dentistiyhe writers propose
that software suppliers would apghM to quantifiably assess the benefits of a software
upgrade to their customers. They proposegtep methodology fahisas inFigure2-4.

‘ Define a number of leading use cases ‘

!

‘ Apply process mining to currently available logs

y

‘ Build improved logging into the new version

.

‘ Do a pilot with experienced users ‘

.

‘ Analyse the behaviour of users playing with the new version

Figure 2-4: Is your upgrade worth it? adapted from van Genuchtenet al. (2014)
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They also identified preequisites totte successful implementationfr¥ in this scenario
including accessibility of data ongin-frequency processesid comparable usases and
stakeholder consent and participatibhe use case was a dental design software package
consisting of three partsntraoral scanning, the design tiie dental element and
CAD/CAM or 3-Dimensional3D) printing of the dental elemer®M was applied to the
2"d phase, the design of thental element, producing Petrét models showing control
flow, resource and performance perspectives. The comparison of 900 designs made with
the existing softwar 500 designs made with the newer version concluded that the new
software led to an 11%eduction in design time for the emders. The study also
uncovered the importance of biiging over feature development to the euer, which
proved valuable to the vendor aitslengineers and concluded that presentation of these

figures to clients wdd provide a persuasive argument to upgrade.

2.5.2 Thematic Analysis

The underlying theme of the articles is the transition from analog dentistry to digital
dentistry and the impact that this has on workflows and the organisations and
stakeholders.Publications?2 & 3 focus on the impact of IT innovations on the business
processes. Both use dentistry as a cstsely to demonstrate their methodologies.
Publicationl addresssthe applicability ofPM to dentistry and focusses on the dental
treatmentimplant& crown, to demonstrate this.

To do a thematic analysis of the avhit literature close reference is made to a
comprehensive review of the literature PN in healthcare byrojas, et al(2016) who
provideda concise series of themes to analyse and assess literature on the topic.
Processtypes are categorised as medical treatment processes and organisational
processes, with medical processes subdivided into elective and emergency.

Four sources of data f&?M were identified:administrative systemgglinical support
systems, healthcaredstics systems and medical devices. TypRisl questions were
uncovered: What happened? Why did it happen? What will happen? and What is the best
that can happen?Three main types or perspectives RI# are identified: process
discovery, conformance checking and process enhancement. This analysis can be
extended through organisational mining, simulation model construction, model
extension and repair, predicticand recommendations based on history.

The PM tools are listed as ProM, Disco, RapidProM and Rapidmi@everal ofthe

papersusedPM methodologie®.g.the L*Life-cycle and Sequence Clustering Analysis.
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Implementation strategies were categorised into three tgipest implementation where
PM is carried out directly on a set of historical damirautomated implementation
where the extraction of data and the creation of an event log is a bespoke operation and
finally an integrated suite implementation for specific environments.
Analysis stréegies were categorised according to the degree of sophistication of the
techniques used in that phase of M study. Further themes established by their study
were Geographical Analysis and Medical Fields

Consistent with this approacthedentalPM literaturehas been analyseal referenceo
the applicable gener8M literatureand is summarised ihable2-1 below.
A detailed critiqueof the PM in dentistry literature using this structuthlysisis in

Appendix0 and could be repeated when additional literature becomes available.

Table 2-1: Summary of dental process mining literature analysis

Themes 1 Manset al.(2012) 2 Manset al.(2013) 3van Genuchtert al.
(2014)
Process Types | Electivetreatment/ Business processes | Businesgrocesses
organisational process
Data Types Administration and Administration and Administration and clinical
(Sources) clinical support data clinical support data | support data
Frequently What happened? What happened? What happened?

posed questions| Why did it happen? Why did ithappen? Why did it happen?

What will happen? What will happen? What is
What is the best that | the best that can happen?
can happen?

Process Mining | Control Flow Control Flow Control Flow
Perspectives Performance Performance Performance
Organisational/ Resaurce Resource
Resource
Process Mining | ProM ProM ProM
Tools
Techniques and | Heuristics Miner High Level Petrnets | Not Specified (Petrnets
Algorithms Social Network Miner | Dotted Chart shown)
Petrinet Non-specific regarding

Performancenalysis algorithms
with Petrinet
Methodologies | Non-Specific Add toexisting Non-Specific
methodologies
Discrete Event
Simulation

Implementation | Direct Implementation | Direct Implementation| Direct Implementation
Strategies

Analysis Advanced Strategy with| Advanced strategy Non-Specific
Strategies new Plugin and incorporating Discrete

Ontological input Event Simulation
Geographical Europe/Netherlands Europe/Netherlands | Europe/Netherlands
Analysis

Medical Fields | Dentistry Dentistry Dentistry
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2.5.3 Thematic Summary angeneral discussion
2.5.3.1 Key findings of previous papers
The previous work in dent®M provides valuable insights on how this technology can
be applied in private clinical practic€lear examples of the discovery of process details
using the contreflow perspective are demonstrated in all the literatussues such as
cross organisati@al mining are addressedlans, et al., 2012)Additional valuable
demonstrations of examining processes from a resource and performance pergsgective a
presentedy Mans, et a(2012; 2013) Suggestions as to how the effects of technology
upgrades are present@@n Genuchten, et al., 20IMMans, et al., 2013nd these provide
interesting templates for how strategy or policy initiatives coulddsessednd this is
of particular interesin this research
Publication 1 6 s mai n ¢ on PNM is saiuseful taolsfor ganeg a deep
understanding of the dental processes and that workflow management technology is
needed to make the introduction of digital dentistry a sucéagslication2 $ main
contribution is the development of a combined approach, Udih@gnd discrete event
simulation to allow for evaluation of an IT initiative in clinical dental practglication
3 concludes that software suppliers would benefit from uBiWgto demonstrate to
customers thatraupgrade will be worthwhile. All articles resulted from a yieag
research effort to establish how workflow analysis and technologies could aid in the

transition from analog to digital dentistry in private clinical practice.

2.5.3.2 Limitations of previous papers

Their work focussed on implants and crowns, in a private dental practice and not on the
general context of dentistry. By focussing on a single treatment process, implants and
crowns, the work has limited generalisable valuelentistry above and beyond other
studies on specific medical treatmemistheir research, they suggest that this technology

will lead to the discovery of how dental processeseaexuted in realityit is claimed

that PM offers a less subjective rgon of events than the more traditional ways of
investigatingousinesgprocesse¢Mans, et al., 2015, p. 3} is suggestdthat nterviews,

for exampl e, have t he potidonmatio@(Mans,@taldel i ver 0h
2012) The article neglects to mention established methodsltesslthe biases inherent

in interviewing and other techniquas demonstrated liyhenail(2011)andPannucci &

Wilkins (2010)

The authors provided us no structured method to verify that the discovered processes are

truly representative of what is happening in the real world. While the article refers to the
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writers having vidated the resulting discovered processes with the owner of the process,
there is no detail as to how this was achieved and inevitably there is some subjectivity in
this process&nd reintroduces the subjectivity biases that the authors suggested would be
removed byusing PMtechnologies Related to this,htere is no structured method to
ensure that all the relevant steps in the treatment process have been recorded in the
organi sationds information technology sy:
This article ges on to analyse a real case of the diagnosis and placement of implants and
the final restoration, including the activity of the dental lab producing the crown. The
article chose to view?M in dentistry at the micrdevel, focussing on a single treatment,
theimplantcrown processHigh-end treatments such as implants are the reserve of the
few and gains in efficiency in these are unlikely to impagblic health,treatment
availability or outcomesThe value of choosing a higdnd, very expensive treatnidar
such a study would appear to be limited to gaining efficiencies within the single process
itself and not generally applicable to dental care processes
In publication(1) with unfiltered data, the Heuristiginer poducedacomplex, spaghetti
like processnodel In the methodology section, they describe a process of consolidating
event names and the use of a new ProM-piup effect this. It is unclear whether the
plugin is exclusive to dentistry. They also speak abouppimgy eveninames to
Osubjectsd though there is no additional
whether the research used any standard diagnostic or treatment codes suc8®/a ICD
or SNOLENT in this phase The authors also manually linkedtpent information from
two disparate systemsthe dental practice and the laboratory. This seemed to be on a
Obgutessd basis and no detailed method wa:
Again, the authors refer to the validation of the disred processes with the owners of
the process without any methodology or data. A structured appnaadt lead to more
reproducible research.
In my view, a major shortcoming in the work is the lack of a predefined structured method
although inpublication (2) Manset al (2013)referred to existing methods but pointed
out that none aimed to evaluate changes within the process. They then aimed to develop
a method appropriate #M combined with discrete event simulation. All three research
efforts could have benefited from applgi the discipline inherent in the above
methodologis.
In the conclusion ofpublication (1), the authors claim that several innovative
methodological and technical steps were taken in the research. They are however not

specific about this and it would befit from clarification. They also introduce new
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material on the increasing need for workflow management technologies and constraints

which could have been introduced and contextualised earlier in the article.

2.5.3.3 Implications for future research and direatiior my research

PM is an emerging technology in the field of data mining. Thisew investigated to

what extent it has been applied to the dental domain. Only three publications referred to
the dental domainfwo of thesegublicationsuseddentistryasa casestudyto evaluag IT
innovations and the third focussed solely on dental impl&ntrowrs. There was no

prior publication onPM in dental public health and no publications for public health.
Examining the current literature showed tapplying state of the aRM techniques to
dentistry can add significantly to the existing work B done in the Technical
University in Eindhoverghttp://processmining.org/Application of a structured method
such as PMwould force a disciplined cordgration of project objectives afiQs and

the suitability of the existing information systems to answer these questions. While ProM
may have become thae facto standard folPM research, the attributes of all tools also
should be considered for other sagas where usability or usétiendliness may be
factors. The data extraction and qm@cessing phases require close attention as
extraction and filtering techniques can lead to a loseadfiracyin the dataanalysis The

choice of techniques and algiwins deserves careful consideration as they each bring
their own advantages and limitations as seen above. Also, the assessment of the quality
of the PM results is a crucial step in the process. The quality attributes of fithess and
accuracy conflict witleach other and this requires close attention.

All of this points to a large opportunity to researchers who can accessléegextracts

from EHRs ompublic health datasets with a view to analysing dental treatment processes,
dental care pathways and dantare processes. The existing literature focusses on the
single treatments of implants or crowns with a view to achieving efficiencies in specific
treatments rather than the objective of improving the care pathways followed by patients
and this goal came more easily achieved with largeale datasets and a thorough

methodological approach.

Broad Public Health Focus

By focussing on the higkend procedures of crowns and implants, the existing research
ignored the benefits that public dental services c&aldrive from PM. The existing

r e s e avalue s @ramarily in provide specific valuable insights in the control flow of

the implant/crown process and assessing resource usage and performangeview,
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it would also be useful to focus on the common procedures such as examinations, fillings,
fissure sealants eteprocedures that make up the bulk of public health population level
activities. Even a minor improvement in these commonly executed processes could have
significant impacts both financially and on outcomes. Conformance analyskiee of t
processes with established standards sucthase in the Steele Repat shown in
Section7.1.4 and established evidence based clinical guidelifiesh Oral Health
Services Guideline Initiative, 2012)ould provide valuable feedback to policy makers
and other stakeholders.is clear from the existing literature that little or no research is
being done at the public health leveldentistry PM research at this macro level would

bring many of the issues menteaboveinto sharper focus.

26 Thi s ReRaaess Mnn§acabulary
2.6.1 Introduction

PM has devieped a terminology owocabulary of its own. To understand the PM
technologyand how it is applied and evaluated, it is important for this new vocabulary to
be clear and unambiguolBM is an emerging data analysis technology and as with all
data science, it incorporates skills from many disciplines and overlaps with these
disciplines in placegMans, et al., 2015, p. 4for the purposes of this researtie, author
hasattempted tdist some ofthe termscommonlyused and to explain or define them as
they areused in thigesearch. Any words in bold are further defined or expanded an late
in this chapterThe aimis to forceclarity about the objects that exist in this research and
how they are related to each other and how this research fits in the wider discipline of
PM. Clarification of these terms is helpful within tHéM community but more
importantly, when communicating our findings to healthcare domain experts who may
have prior exposure to these terms in different contexts and with different meanings.
PM aims to extact high level knowledge from low level data. It aims to do this by
discovering process models from event lo@&ocess Discovery) checking the
conformance oévent logswith existingprocess model¢Conformance Checking, and
enhancing models with adaiibal information Process Enhancement This is
confirmed by he IEEE task force on Process Mining having stateditis not limited

to process discovery but includes other dimensions including conformance checking,
performance diagnosis, organisatiomaining, prediction etc. They identify the key

requirement to be that:
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flanal ysis is based on 6factsd from an event | c
discovered or modelled, play a role in thilEEE CIS Task Force oArocess Mining,
2010)
There are demonstrable ambiguities in the use of several of the coRivhterms and
the objectivehereis to provide avocabularyfor PM in this research that is clear and
stableTo provide additional st vooabularytheeauthond c | ar i t
has divided thevocabularyinto three sectiondDatalevel, approachekevel and model
guality-level. First, datalevel terms describ the datatermsused inPM. Second,the
approachegeveldescribe types of PM, PM perspectives and PM objecfifes], as we
are not formally evaluating model qualitiie modelquality-leveltermssection has been
omitted from this thesis

2.6.2 ProcesdMining DatalevelbVocabulary

2.6.2.1 Eventdata

Event data are an extract from anPB.organi satic
They contain timeordered lists of discretactivities or eventsi.e. welldefined steps in
processesEvent data is the raw data needed for alhePM discovery and conformance
checking techniques and eve@andedfalsta20l8)hou!l d be
It is a subset of organi sati orPMdhedeeenta syst ems
Data could bextracted from multiple IT systems in an organisation e.g. it could consist

of data from a customer relationship management system (CRM) and an accounting or
purchasing systensufficient data will usually exist in event data for multiple event logs

and stidies. Event data will often be divided into subsets either by time, event classes, or

other criteriaThese subsets are called Event Logs

2.6.2.2 Eventlg

An event log (EL) is a subset effent datacreated texecue a single experimenfn

EL might be createth examine the events that are related to a specific result e.g. an event

log might contain all of the events that proceed the extraction of a diseased tooth. This

EL might then contaieventssuch as xays, fillings, and dressings for many extractions.

This event log would often then be analysed to find the most common pathways

analyse resource usage and similar questions.

It contains timeordered lists of discretactivities or eventsi.e. welldefined steps in

processesThe most basic EL containgaseidentifier, aneventname and imestamp.

Bozkayaet al (2009)refer to Els or audit trails typically existing in information systems

supporting busiess processeé\n EL typically contains information about the stért
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completion of process tasks together with related context data (e.g. actors and resources)
and timestamp@Rovani, et al., 2015)his introduceanotherwod t o descr i be
i . e. O prToicaethos beltewethikadditional termis unnecessarfi An event |
can be viewed as a set of traces (also known as cases, or in the emergency room, episodes),
each containing all of the activities executed r a par t i c ul(Rojas, etr oc e
al., 2017) There can be marfyLs extracted from a single instance of event data.
2.6.2.3 Activity log
An activity log is a partial description of &i.. It is a list of the distinct processes in an
EL along with their frequency and the events contained in eactVenkeek & van der
Aalst, 2015) Given the definitionsusedhere t hi s coul d al so be apg
of Oprocesbies 0r puspdsasiwibie Sosappliedn the case of the event
log containing tooth extraction events as described above, some of the extracted teeth
may have had no precedingeens, some may have had a tooth dressing only whereas
others may have had prior restorationsays etc. Whereas the EL would contain each
of the events, the activity log would ontgntain dist of the unique pathways and their

frequencye.g. Thesequee fAFi | exmgactooeomnmld occurs 100
2.6.2.4 Pathway (path)
A pathway is a set of broadly similar tr

to be identical but should have enough similarity to merit grouping together for analysis
or discussia. Referring to the example above, the existence or not of a preyy mnay

not be considered significant to the research question and therefoprd#hs/ariants
would be included in the pathway.h e t er m & Gr oby Rggadetal.(3017a | s o
In the PM healthcare conteXtang & Su(2014)cite dinical pathway as a structured,
multidisciplinary, patient care plan in which diagnostic and therapeutic interventions
performed by physicians, nurses, and other staff tbagnosisor procedure, sequenced

on a timeline.

2.6.2.5 Process

This is very similar ta pathway. It is @rouping ofsimilar ses of activities or events
within a problem domain. In this research, pathway, path and process are synonymous
2.6.2.6 Subprocess

A subprocesss a distinguishable part of a process. This might be a specific pattern of
events within an overall process and might be given a nenwder tosimplify the
process model. A process can be decomposed into subpro®eges et al., 2017)
Decomposing a process into subprocesses can be useful fahgmgmomplex process

where a number of events or steps can be represented by a single subprocess.
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2.6.2.7 Trace& Case
A traceor cases the complete, specific sequence of events, as recorded in tioe &L
singleexperience of the process of intettggically, in healthcare, by a particular patient
van der Aals{2013)described a trace as the lifecycle of a particular case in terms of the
activities executedt is aninstance of a processr proéessnstance. Followingvan der
Aalst (2013) the events belonging to a trace or case are ordered and can be seen as one
run of the processBozkayaet al (2009)al so appear to suggest Otr
alternatives. Taseauthos consider these additional terms to be unnecessary.
2.6.2.8 Variant
The phrase process variant is used to describe the set of traces which follow identical
sequences of events and, of course, where traces follow a unique sequencts of even

they can also be described as variants

2.6.2.9 Classifier
A classifier is the name given to a trace, e.g. the trace occurring most often in an EL might
be known by t hemneoohtarsasciefbi.erl,t 6iMosat convenient W

trace usinganaem i nstead of a series of events e. g.
60 ABBAABB A C InEaFdéndal scenario, the ideal sequence for a school dental

service might be 6Examinationd, O60ral Health
This sequence migheb gi ven t he name | i ke 6l deal School

2.6.2.10 Episode

The ter m aréseip thes aontextdof emergency rooRM. Ep@sodes can be

cluster ed (Rojastebal.,Q0lo)upbds seems to. be the same
2.6.2.11 Event

An event is a welbefined step in process An event is an instance of ament classin

PM it is also known as aactivity or processstep. An event can only belong to mase

Each event in such a log refers to an activity, i.e. atefihed stefn some process and

is related to a particularasei.e. aprocess instanceThe events belonging tocaseare

ordered and can be seen as mstanceof theprocess(van der Aalst, 2013Events in

the example above would b®e process steps preceding the extraction of a specific tooth

i.e. the specific o6fillingd carried out or th
2.6.2.12 Event class

An event class is a distinct event within an event log i.e. a type of event. There can be

multiple instances of an event class mewventlog or even within &ase In the example,

this would be oO6fillingd or o6dressingd but doe



53
2.6.2.13 Activity
In PM an event is also known as an activity or pros¢sg. Itis synonymous with event
in this researcBozkayaet al.(2009)suggest that an activity can have multiple events
Although the authors are vagueappearsthaan acti vity would be
i nsur anctehedlraiunsée of is éambigubus anth codfasiig thiv i t y 6
cont Bat h wapyrto,6e s s é snigtd loeentore appropriaten that caseln
summary, thishesisconsiders event, actiyitand processtep to be synonymous .
2.6.2.14 Timestamp
A timestamp is a record of the time that an event took place. This is an essential element
of the EL, allowing us to create tinmedered sequences of events. Timestamps can be of
varying levels of detail e.glate alone, date & time to minute level, second level etc.
2.6.2.15 Process model
This is an abstract representation of the essence of a process reflecting the common
pathways. Models may be descriptivdescribing a procegsor prescriptive, enforcing
a particlar way of working.This model is often presented as a pe&i BPMN model

or similar. Figure2-5 below showsa sample dental process modepietri-net format.

Advice (b)

-0

Initial Fissure Filling

Extract Post Extract C lete
: 1}/, Seal wa g | O] S O ey "5 0O

Figure 2-5: Example Process Model

Models can be described as eitberfactoor de juredepending on their origibe facto

models are based on factsdan the PM world, this means thahey originate from an

event log i.e. from a record of facts about historical ev@ats der Aalst, 2011Pe jure

models originate in laws, rules, guidelines, standard operating procedures, and such like.
2.6.2.16 Putting thesgéerms together

Taking the above definitions and linking themtase is made up of a sequence of specific
events from an EL. Each of these events |
unique sequence of events and there may be multiple casles EL with the same
sequence of events. All of these cases would be of a particular trace, named by a classifier.

Processes, pathways or paths are groups of broadly similar traces. They may be grouped
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together to facilitate common analysis or discusdgor the purposes of an experiment.
Each EL can consist of many different processes. ELs are subsets extracted from event
data for the purposes of specific experiments. The event data are the data extracted from
the organisations information systems the purposes oPM. This can be roughly
represented in the onion format kingure 2-6 below. It could also be represented in a
hierarchical or entityelationship formatln our example abové, he or gani sati onads
woul d be all of the data contained i.n the deni
The event data would be the extract from these systems potentially capadbdieessing
multiple questions. The event logs would be subsets of the event data to address a single
guestion such as the process leading to extraction. Processes, pathways and paths would
be all of the cases that are similar to each other and where the differences are not
significant. Traces and Activity logs help describe the types of processes a case might
experience and might also have information about how frequently each variation exists
in the log. Each tooth extracted under general anaesthetic is a case and eadastep in
case is an event, process step, or an activity.
The vocabulary model iRigure2-6 belowis developed from the terms defined above
andrepresents the commoniised terms in describing the data used in PM and their
relationship to each otheviore specifically it demonstrates how this
views eachliermto bea subset of the larger term, torbean instance of the larger term

or to beequivalent to a term at the same lefielthe same ellipse)

- Processes/ Variants [ .Cases - Events
- Pathways| namedby | .Traces - Activities
- Paths ‘Classifier' | . Episodes - Process Steps

Organisations’

Data

Figure 2-6: Process Mining Datalevel Vocabulary Model
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2.6.2.17 A little moreinformationabout event log €
While an event log (EL) is a multiset of cases and a subset of event data, it is important
to recognise that it is likely only a sample of the traces possible ifeealhis is a
potential significant bias in all research involving event logs RRH This bias is a
phenomenon known dke assumptiont hat oOoWhat you see i s al
(Kahneman, 2012) 6Log Compl etenessd6 describes t
representative of the possible sequences of evetitsii@alworld.
ELs have several properties that provide an overview of their contents.
1 A visual overview of an EL can be seen using a dotted chart.
1 Number of event classekhis is the number of distinct events in the EL.
1 Number of cases
1 Number of distinct cases (traces)
i Level of Detaili average number of event classes per trace
| Structure- amount of observed behaviour compared to the amount of theoretically
possible beaviour. A low value here is challenging for PM because of the difficulty in
representing unstructured behaviour.
i Mean Affinity - has similarities to Structure and represents the mean relative
overlap of direct following relations between each two tracteievent log. A low value
again makes process discovery difficuhdicating diverse behaviour.

1 Does it contain loops, skips, némee choicesguplicate®

2.6.3 ProcesMining GApproachlevelbVocabulary TypesandPerspecties

Existing Literature

This resear ch a e tevatui ssambigueusw antuscleat dnathe t
distinction betweeiPM Ot y pe 6 a n d amd theyhase pverapping/ definitions

and descriptiondn t heir publicati on Ja2®i5ppcHdans mi n i
etali denti fy three Otypesdé of PM,; di scover
has extra i nfeorcmaant ilcem,r nt medrd i@ i onal persp
Specifically, they enmerate the organisational perspective, the case perspective and the
time perspectivelhe control flow perspectivwas added byan der Aals(2016, p. 34)

who stated that these perspectives are orthogonal t®Nhypes.According to Rojagt

al. (2016)there aredur PM perspectives; control flow, performance, conformance, and
organisational. The Process Mining Manifesto says PM includes automated process
discovery, conformance checking, performance, enhancement, social network and

organisational mining, construeti of simulation models, model extension, model repair,



56
case prediction and histebased recommendatio&EE, 2011) Weijterset al.(2006)
list three PM perspectives; process, orgaisat, and caseRebuge & Ferreir§2012)
list four perspectives, contrflow, organisational, data, and performanceeir
definition of the data perspective is unclddozkayaet al.(2009% sutcomes cover the
control flow perspective, the performance perspegcénd the organisational perspective.
Theexisting literature angdublications, though using varying terminology, agree that the
ordering of activities from the EL and the presentation of this information in the form of
a processnodelis a key type of PM. Their varying terms, Control Flow, Discovery,
Automated Processi§covery and Process can all easily be understood by using the term

O0Pr ocess Thewringwagprogches are summarisetidnle 2-2 below.
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Table2-22 Summary of Literaturebs PM '"types' and 'persped
PM Types PM Perspectives
Process Mining in Automated | Conformance| Enhancement Organisationa| Performance | Case
Healthcare (Mans, et al., | Process 6Monitq 6Ext en( I Time
2015) Discovery. Deviati 61 mpr o\ perspective
(Types) Model Repair
Process Mining in 6 Cont r| Conformance Organisationa] Performance
Healthcare FI owb I
(Rojas, et al., 2016) Ordering of
(Perspectives) Activities
Process Mining Discovery Model Repair| Model If the Event log Social Case Simulations
Manifesto (IEEE, 2011) Extension, has extra resource| Network/ L .
(Types) information, the Organisational Prediction Recommendation
PM Perspectives tq | S
the right may be
Process Mining with the | Process Conformance available Organisationa Case
Heuristics Miner Discovery Checking I
Algorithm
(Weijters, et al., 2006)
(Perspectives)
Process Diagnostics Control Organisationa] Performance
(Bozkaya, et al., 2009) Flow I
(Outcomes)
Business Process
Analysis
(Rebuge & Ferreira,
2012)
(Perspectives)
Process Mining: Data Discovery Conformance| Enhancement Organisationa| Performance | Case ControtFlow
Science in Action(van I
der Aalst, 2016)
Consolidated Terms for | Process Conformance| Model Organisationa| Performance | Case ControtFlow
this research Discovery Checking Enhancement I
(Types)
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This researcher consideran der Aalsh §2016, p. 34)use of the terms to be the most
intuitive and therefore uses these as the basis farahsolidated terms for use in this
researclas presented ithe last rowTable 2-2 above A brief description of each follows.
2631 How this research views O0typesd and Oper sy
Using van der PM\pad rsst pdesc tiidveeas tahrd® typeasrtiishogonal 6
could be represented in a2grid format, where evg PM exercise can be categorised
using two words, one from each of the following 2 sets {Discovery, Conformance,
Enhancement} and {Control Flow, Organisational, Cases/[Padprmancelime}.

Table 2-3: Process Mining Types and Perspectives

Discovery Conformance | Enhancement
Control Flow Perspective 1 5 9
Organisational Perspective 2 6 10
Case/DataPerspective 3 7 11
Performance/TimePerspective 4 8 12

2.6.3.2 Process Discovery

Referring toTable2-3 above,1 through 4 are the Process Discovery perspectives.

Process discovery is used when there is no existing (a priori) process model. A process
model i s 0di s c clogasngsparialised discavary akaoritnmstand
techniques This type of PM focuses on the ordering of activities or events and presents
the discovered model agatri-net, an Event Driven Process ChattRC), in Business
Process Model NotatiofBPMN) model orsimilar. The model shows the control flow of

the process with the events ordered by their timestamp.

1. This is a process discovery exercise using the control flow perspective i.e.
discoveing processeby findingthe sequence of events in the process.

2. This is a process discovery exercise using the organisapersgpectiva.e. we

are trying to discover processes where the important thing is establishing the structure of
the organisation by classifying people into roles and units, or by creating dia so
network.This approach is rian use in this research.

3. This is a process discovery exercise usingcidmee/datgperspective i.e. we are
trying to discover processes where théeiestingthing is theproperties of the data
associated witlsequence oévents or steps in the process example in use in this
research is where we look at the oral health outcome DMFT at the time that a dental

examination event occurs.
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4. This is a process discovery exercise using the performance/time perspective i.e.
we aretrying to discover processes where the important thing is the sequence of events
and the durations, timdsetween, and volumes are the important factors.
2.6.3.3 Process Conformance
Referring toTable2-3 above 5 through 8 are the Process Conformance perspectives. This
Is where an existing process model is compared to event log of the same process to check
if reality (i.e. the event log) conforms to the modetl vice versarhis is often termed
Omo-@dé¢l gn @menparig.an EL to an existing model is known as conformance
checking (CC). This existing model can be an output from process discovery above or a
process model from a different source although some literature suggests that CC only
compares a process moudeth its corresponding E(Van der Aalst, 2015He continues
to propose three primary usases for CCauditing and compliancesvaluating process
discovery algorithms, and conformance to specification of software andceservi
Evaluating process discovery algorithms suggests that the process model used in CC must
have been directly created from the EL against which its conformance is being checked.
The data in the EL are then compared with the existing modehadé! discrepancies
and deviationsar e i denti fi ed and analconorentheacii Do t
other?0 CC seeks to identify discrepanci ¢
these discrepancies with metriqgRozinat & vander Aalst, 2008) also known as
Obusiness alignment 6. Can each case in
(Bozkaya, etal.,2009) The most | mportant requirement
other importantequirements are precision, simplicity and generalisation. Conformance
can be viewed from two points of view; local conformance which checks for deviations
at specific nodes and global conformance measures measuring the overall relationship
between the nuel and the logRojaset al. (2017) define conformance checking as
0Oébased on comparing a process model wit
i's executed according to that model 6.
This should not be confused witbmpliance checking with deals with the adherence of
a process to internal or external rules e.g. the requirement that at least two people are
involved in a process to reduce the opportunities for fraud and error, also known as the
ofyes p r(Gehrkei & Werrter, 2013)Wil van der Aalst(2015) considers
compliance to be a usamse of CC. In contrast, Rovaei al. (2015) propose aPM
methodologyé t o  thé eomiliance of the clinical guidelines (the de jure model)

agai nst the actual clinical amd aliedkithde r
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conformance of the de jure model, which encodes the medical ¢jnee against the
actual process executions,hi ch are recorded in | ogging dat a
This research takes the broader view and C@nderstoodio be the checking the
conf ormance of an event | og against a process
This approachs supported by recent publicatiomfiere CC is comparing a discovered
model to a reference mod@loemen, et al., 201&Burattin, et al., 2018)
5. This is a processonformance checkingxercise using the control flow
perspective i.eto what extent thprocessemodelagreeswith the sequencef events or
stepspresenin theevent logs being checked
6. This is a process conformance checking exercise using the organisational
perspective i.e. to what extent the model of the organisagoeesvith the
organisational informatin available in the event lag being checked
7. This is a process conformance checking exercise using the case/data perspective
i.e. to what extent thease/datenformationin the existingnodelagreeswith the
case/datanformation available in the evelug is being checked
8. This is a process conformance checking exercise using the performance/time
perspective i.e. to what extent the model performance information agrees with the

performance information available in the eventibbgeing checked

2.6.3.4 Proces Enhancement

Referring toTable2-3 above 9 through 12 are the Process Enhancement perspectives.

This is where an existing process modangancear extendedo include additional

information from theevent log These perspectives are not ugethis research.

9. Process enhancement using the cofftoaV perspectiveThis is sometime

known as Oprocess repairodé whisaddedtatheli t i on al co
existing model to make it more accurately reflect reality.

10. Enhancing existing model with organisational information from the event log.
Enhancing existing model with case/data information from the event log.

11. Case mining isoncerned with the properties of cases. Cases can be characterised

by their path in the process or by the resources used by the case. When additional data
corresponding to cases and events exists, the cases can also be characterised by the values
of their corresponding data elements. For example, if a case represents a specific
treatment of patients in a hospital, it might be interesting to know the differences in
throughput times between smokers and -somkers(Weijters, et al., 206). This

research has outcome information (DMFT) assoc.i



61
facilitates observation of how the outcome measure evolves with time and with the
sequence of treatments received.
12.  Enhancing existing model with performze information from theEL. This
requires ara priori model and extends with information about times between events,

event durations etamproving the performance of the existing model.

2.6.4 Decidngwhich PM Algorithmand ProcessMining Softwareto use

From the outset wvasdifficult to decide on the appropriate PM algorithm. Information
on which PM discovery algorithm to use varies from the statement that the Heuristic
Miner algorithm is especially suited in a rdi#é settingby De Weerdet al. (2012)to

FIl uxiconds PM tips recommending Heuristic
(Fluxicon, 2017)Detailed assessments of PM discovery algoritbgnBe Weerdtet al.
(2012)andWang(2013)proposing a framework for efficient selection of PM algorithms
using 48 model characteristics provide further guidavésberet al.(2012)produced a
framework for the analysisf ®M algorithms viewing the mining algorithms as learning
the distributions of processes over traces. RelevaheatthcaraesearchRojaset al.
(2016) found that the most commonly used PM algorithms in healthcare were Fuzzy
Miner, Heuristic Miner, and trace clustering.

The approach to this decisi@onsideredthe abovereviews and, i addition, used
empirical testing of the available algorithms usihg s r e smedfic rsedrch data

to helpidentify appropriate technigeeMultiple testsvereexecuted with Disc@version
2.2.1)and ProM(versions 6.6, Revision 28643 and 6.7 Revision, 3588b)gsample
event logsto evaluatethe Alpha,Fuzzy, Heuristic, and Inductive miners.

The priority in selecting thBM algorithm and technology fdhis researchvas thathe
models must be recognisable and comprehensible to dental experts and thatshey
demonstrate o them the potential for acmable insights to be generated by the
technologies. While acknowledgirtge importance of formal model quality mettias
wasnot the intentiomf this researcto formally analyse process mdsl& hisencouraged
considerationof informal modelsproducedby the Fuzzy Miner and the Heuristic
algorithm with the Fuzzy Miner ultimately being preferred due to its more
comprehensible and recognisable results.

The choice of which software technology to use came down to a direct choice between
ProM and Disco. Pid, which is an open source solution, has becomedthéacto
standard folPM in research and is widely usedthre PM research literaturas seen in

the literature reviewProM offers a wide variety d®M techniques and algorithms and
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has the advantage of being an open framework environment allowing the development of
plug-ins by researchers. Disco is a commercial product-epinfrom Technische
Univergtaet Eindhoven, the home of ProM and, certainlytsninitial phases, shared
common personnel with ProNh the interim an alternate commercial produCglonis
has significantly increasédt s presence in the mar ket and cur
of pr oc e Prefessor Wilivanglér Aalsas aboard member and chief scientific
advisor. However, Celonis was not assessed for suitahbilitys researchlthough future
research would certainly includen the technology assessment phase.
When comparing use of the Fuzzy Miner with Disco orMPr@isco had distinct
advantagesDisco utilises a singlePM algorithm, the Fuzzy Miner, and accordingly
delivers a cleaner, less clutterednd ultimately more efficient usémterface. Its user
interface onlymustfacilitate use of this single algorithamd itsspecific input parameters.
Disco supported, as input, the .csv format required for this research. Its smart log import
could automatically assign Case, Activity and Timestamp to the imported columns. This
was a significant timasaver over similar »ercises in ProM. Furthermore, it could
combine multiple columns to create Activitiédso, its graphical outputs must deal with
the characteristics of the Fuzzy Miner outpaltsne It also supported .png output of the
process models. The quality of teewas superior to that from ProM.allowed easy
generation and switching between two views of the models, frequency and performance.
The frequency view shows both the case frequency and the absolute frequency of
occurrence of individual events. It alsgpécitly enumeates the frequency with which
sequencepairs occurred in a dataset. The produced process model also shows this
information visually by thickening and darkening the arcs between the events in
accordance with their frequency of use and siryildarkening the most frequently
visited events. When using the performance view of the process ridiine between
events is directly shown and the user can choose between total time between events, mean
time between events or maximum time betweeenes/ ltsmain processnodel user
interface screen has two uszEmtrolled functions facilitating simplification of the default
process models.
These are sliders controlling the percentage of activities andypsithis in thegenerated
model. Bothcontrol the percentages of the total paths and activities present in the event
log that are included in the final modallowing rapid simplification of the model if
required. This can help mitigate the spaghetti effect as detailed abtrem the EL is
initially imported, Disco assesses the size and complexity of the EL and selects a value

for both the percentage of activities and the percentage of paths to be displayed. It is not
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documented what the algorithmb6s eartobeer i a
guided by efforts to create comprehensible models within the constraints of viewing on a
computer monitor. The user can then adjust these percentages up and down if required.
In some oftheELs in this researchthe defaulppathspercentage was <1% and this often
resulted in valuable information such as
af ter 01 nrotbeira kvidénkimtihne mbdeSetting the pathpercentage value
to 1 or 2% resolved this, but itghilights the need to be vigilant with tR& technologies.
It was also necessary when usthg producto record theapplicationsettingsto ensure
reproducibleexperimentsThe product also has extensive filtering functionality although
this was not avied of in this research due to the preference to enhance reproducibility
by doing all filtering in the data transforms.
This is not to say that much of this functionality is not also available i Pather, once
the decision to use the Fuzzy miner wasde, theaccessibility of Discathe tailoring of
its interfaces to the Fuzzy Mineits ease of useand the high quality of the output
graphicsmadethe decision to use it for this reseasasy
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3 Research Aims, Qectives,andResearciQuestions
3.1 Aims
The literature review has shown that while healthcare generally has been subject to much

processoriented data analysislentistry has been lacking equivalent attentaowl the
dental community was largely unawaretioé potential of PMNo literature referred to
the application of PM tdentalpublic health datasetsThis research addressthat ggp
by applyingdatamining, processnining, and datavisualisationto an extract from a
public health school dentakervice databasdt aims to provide new insights into the
variable care pathways leading to different outcomeslditionally, it investigates the
feasibility of using PM for conformance and compliance purposesompamg the

discoveregrocessnodelswith establisheadtare pathways and clinical guidelines.

Much of the published literature on PM has lacked the necessary methodological rigour.
Very few have a strong published method and do not incorporate the complexities of
handling EHR data in a research environment. This work takes a rigorous approach to
data handling and data provenandéis work ams to presentthis methodologyin a
structurethat providesuseful guidance to future applications of PM to twedlth data.

This research is primarily about developing new approaches to engineering data and
presenting it in a novel way for the benefit of policy planning and decision making by
healthcare staff. Although the work develops and illustrates a new apprca@iysing

large electronic health databases and shows how these data can be preseingadnthe

of conclusions about the data itself is beyond the scope of this thesis.

In summarythis research aims spplyPM to an oral health dataset, illustrating the value
of the data in the dental repositpanddemonstratindpow it can be preserden a useful
and actionable manner to address public health questforsibsidiary aim is to
document and present thigorousmethodology used in this research in a structure that

provides useful guidance to future applications of PM to oral healtkedata

3.2 Objectives
Severalstepsarerequired to deliver the aisof this thesisand can be presented as t

following objectives
1. Review relevant dental and healthcare literature estaimjigie stateof-the-art.

2. Apply a rigorous and documentatethodologyin this research
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Evaluate existing PM methodslativeto this researadhs ai ms
Extend existing PM methods as necessary to achieve the aims of this research
Process mine the research data addressing interesting and relevant questions

o 0 bk~ w

Based orthe experience of the researdentify desirable dentdtHR datato
facilitate effectivedentalPM.
7. Identify challenges encountered when applying PM to routine dentistry data and

how these can be overcome.

Achieving these aims and objectives is achieved through the rigorous preparatory
approach taken artle methodologwpplied to answering the followirggtailed
research questions.

3.3 Research Questions
As identified in Sectiori.2.6and by Mans, et a(2015, p. 22)the three types of PM

arediscovery,conformance checking armocess ehancement. The following RQs
address té first two of these. Process enhancement is beyond the scope of this research
as the researcher did not have ongoing access to the operational dental service.

Research Questiorl: CanPM discovercare pathways, frona dental EHR?

Research Questior2: CanPM help assess compliance of readrld processes with
recommended care pathways and clinical guidelines?

The discoverede factoprocess being recorded in the EHR are compared to the ideal or
de jureprocess. This will assess the usefulnesBMfby comparingdiscoveredcare
pathways with recommended capathways and clinical guideline§he research
examineshe suitability of he research data (or similar data) for assessing compliance
with carepathways set down in the Steele RegbiitiS England, 2009)dental contract
reform(NHS, 2012)and the Irish Oral Health Servic€siideline Initiative(2010)

Research Questior8: CanPM discover dental carpathways associated with a specific

outcomé e.g. extraction under general anaesthetic?

Research Question4: Is PM and PM4D capable ofassessing the impact of policy
changes on service delivery and oral health outcomes, from the dental EHR, using the

following two examples?
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1 Can analysis of the EHR be used to evaluat
screeningd pol itoomesd on or al heal th ou
1 Can analysis of the EHR assess the I mpact

oral health outcomes?

Research Questiorb: WhatData is Needed in an EHFor EffectivePM?

This question aims to identifyata that would be needed in an EHR if appdyihe new

PM approachto discover dental care pathways dadilitate the evaluation of policy
implementation.e. RQs 1 through.4The objective of this exercise is to enhance the
initial BridgesPM1 data model, which describes the research dataset, with additional
desirable entities and attributes identified from existing standards in the literature.
Experience gained in the coursethifs research should provide further information on

additional desirable entities and attributes.

Research Questiorb: When applying PM to routine dentistry data, wtladllengegloes

one encounter and how caresiebe overcome?

Identify thechallenge®ncountered when applyifM to routine dentistry data. The
challengesdentified in previous PM healthcare researchhbaiefly reviewed to provide

a framework fothoseencountered ithis research. Othehallengegxperienced in this
research will alsdbe considered and proposals for overcoming these challenges will be
consideredIn particular, data access and communication between researchers and data

owners, data quality, and process model quality will be considered.
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4 The Dataand the Research Data Environment

4.1 Research Data Description

4.1.1 Introduction

The research data is an extract fr@dndges a singlecentre relational database
containing information relating to patients and their dental treatment in the Health Service
Executive (South), Ireland. Thiatabase contains informatiogsuling from the school
screeningsand subsequent treatmesftchildren betweer2000and 2014 as mandated
under the legislatiofGovernment of Ireland, 1953; Government of Ireland, 200i0¢

core role of the School Dental Program is showRigure4-1 below.

| Epidemiology |« ---, Public Dental Services for ™
. - ey ) +.--—| Referralsin |
Children

[Up to age 16)

| —— |

[ specialcare | (" Oral Heakth | School Dental Programme Emergency

Heeds Promotion  [— selected ‘target’ classes only > Service

Service Programmes | U (Up to age 15)

Oral Health
Assessment

Intervention Heeded

Mo Intervention Needed

Cinic-Based ~ School-Based

+ Referral for Secondary Care e.g.

[+ Individual Oral Heatth Care Plan |
orthodontics

High Caries Risk
> RECALL within 12
months

REASSESS in next

Mot High Caries Risk
target class

Figure 4-1: Organisation of Public Dental Services for children in Ireland.(Irish Oral
Health Services Guidelindnitiative, 2012, p. 12)

The database also contains information on emergency visits to the dental service and some
data on speciateeds adults. Data includes appointment history, attendance records,
demographic data, medical history, clinical chaytinotes, treatment plans and dental
health status measuresidis a byproduct of the operational activityhe database
facilitates accessfw a t i demtal hedith status through DMF measures and KPI queries
and supports research projects in thesesaBegported researahcludes the Irish Health
Research Board fundedr| uor i de and Caring for Chi

(CARG/2012/34) a project which evaluates the impact of policy changes in 2002 and
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¢ hHedltid anaMappirsy the DiddeMTD) (HRA_HSR/2012/25)a

project which analyseshe distributions of oral healthcare services in relation to

population and oral disease levels in childiEne Bridges database is notable because

the dataset spans 15 years of dental school screenmagsesultant treatments and

contains clinical, administrative, oral heatthtcome and KPI data

In this chapter, th& H R @sg in dental clinics is outlined. The data acquisiforcess

is described including the autl@srelationship to the datdhe data extract itself, known

as BridgesPM1, is described and profiled in some detail.

4.1.2 The Bridges EHR Application in &eralUse
The BridgesEHR @plication was used by clinical staff at chairside aiso by

administrative st Each patierd slemographic informationvas registered using the

Client Manager module. A medical questionnaire was completed and parental consent for

examination and treatment obtaindide contents of whictvere sometimes transcribed

into Bridgesandsometimes scanned images were stored with the patient rAcanthple

capture screenis included for reference in Append0.7. A dentalcharting was then

usualy carried out for each patient. This wascorded on a specialisestreen

representing the commonly

used

6odont ogr ambd

individual teeth their surfacesdiagnosesuch as cavities, fissure sealant requaad

treatmentsuch as fillings, extractions et sample Bridges odontogram is shown in the

top left panel ofFigure 4-2 below demonstrating some typical chartechaitons

including amalgam fillings, missing teeth, cavities etc. Commonly used materials,

conditions and surface combinatiomereavailable to users from the panels on the right

hand side of the figure. A list of proposed and completed treatments is displayed beneath

the odontogram. These treatments could be automatically generated by the act of charting

conditions or alternativelygould be manually entered by the users.

3 Charting
File Edit View Tools Help
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Figure 4-2: Sample Bridges Odontogram
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Thischartingmodul e gener ates the corsePreexistng he p
conditions and diagnoses are recorded here along with planned and proposed treatments.
The charting on the odontogram provides t
outcomes, DMFT/dmft,i n t hi s research. The treat mer

appointment history provide the basis for the treatment process models in this research.

4.1.3 TheAu t h &elafionship to the Bridge&pplication and th®ata

The author is ugjuely positioned to provide insight in many areas of thisres@éasch d at a
due to his intimate involvement with the Bridgegplication software and its
implementation in the HSE. The author founded the software company responsible for
the development andnplementation of the BRI He led the design, programming and
implementation of the initial versions of the software and of the later enterprise versions
in conjunction with senior clinicians in the HSE South. He is intimately familiar with the
underlying @ta structures, the user interface and the protocols and training in the
implementation of the software in over 250 clinics. He has executed multiple data
extractions and anonymisation presedor research projects and academic theses over
the last decagland provided the data extract instructions for this res@agata extract,

in compliance with the data controll erés
Due to his relationship to the software, the author has a potential bias to protect the
reputation of the software developeasd other stakeholder$he author is alert to not

allow this potential bias take effeahd he potential biasisk is reducedby the fact the

Bridges product is no longer actively marketed.

4.1.4 Data AcquisitionProcess

The University of Leeds School of Dentistry and Leeds Institute of Data Analytics
(LIDA) and The Oral Health Research Services Centre in University College Cork
(OHRSC) collaborated in the process of obtaining ethics clearance in Ireland and in
securing permission from the datavner and controller, the HSE, to extract, anonymise

and process the data for research purposes. The matter was referred to the Office of the
Data Protection Commission@PC)in Ireland for an opinion and access to the data

ulti mately granted by the HSERG Pri mary
The dataset was extracted by a staff member @tidgesandwas anonymised by him.

As the data had been acquired during routine school screenings and treatreentgere

no requirements on dentists and ancillary staff in the data acquisition process. The pre



70
processing and anonymization exercises \atsecost neutral to the data controll&éhe
extract, known a®3ridgesPM1 contains integrated, ddentified and compreheive
clinical and administrative dental data for persons under the care of the HSE South in the
timeframe 200€2014. The data is not currently openly accessible and is only released for
this specific researcticfforts will be made to have the data openlgikable under a data
use agreement for the purposes of reproducing clinical studies and perhaps for further use
in the areas such as academic researghlar to MIMIC (Johnson, et al., 2016)
Full ethical approval was grantég the Clinical Research Ethics Committee of the Cork
University Teaching Hospitals (CREC) on Augu&2P16(Reference: OHSRC00516)
The research was approved by the Primary Care Research Committee (PCRC) at its
meeting on 1% January 2017 with conditions that the researcher not be involvae in
data anonymisation process and with the understanding that the PCRC protocol requires
that thePCRCwill have sight ofanydraft report prior to publication and that their opinion
will be considered in relation to the publication. The requirement for individual consent
was waived as all protected health information wasddatified. There was no
requirement for additional ethicalpprovalfrom the University of LeedsSchool of

Dentigry. The ethical approval documents are included in Appebdit

4.1.5 The Data Extrac{BridgesPM1)

Theoriginal Bridges EHR application database corgdih99 usedefined tables. Many

of these 199 tables relate to application logic, application settings, user settings,
payments, waitingdists, inventory, insurers etandwerenot useful for this researchA.
subsetlata extract was designed to fulfil tlesearch requiremenibwo main areas were
central to the research. Firstformation regarding treatment events and appointments
were required to allow creation of treatment process models and Seqmd, knical

and demographic information were remui to profile the dataset, create cohorts, and
calculate health outcomeBhe code underlying the creation of the BridgesPM1 database
is availableon Code CD (5) Data anonymization is further detailed Section5.2
BridgesPM1initially hadlittle aggregated data, just raw eveat®idng ashortcoming

of traditional data warehouses, where events are aggregated into quantitative data, thus
hampering process analy$i&an der Aalst, 2016, p. 16BridgesPM1 i;now described

4.1.5.1 Classes of Data
BridgesPM1 contains data associated with 231,760 distinct patients, primarily-school

going children undergoing school screeningsspetiaineeds adults with visits between
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2000and 2014. Further data available in the BridgesPM1 database includes time stamped
events, treatment items, appointment details as well as dictiymeydata such as
nationality,treating ¢inic andregion. Asummarylist of data classes and details is found
in Table4-1, detailsin Appendix10.3 BridgesPML1 is a relational database consisting of
20 tabl es. Tabl es
PMCIl ient. PMClientlD
this is the anonymised ID, not the originBlL. PMClientID has been propagated to other

ar e l i nked by i den
refers to a unique p:
tablesand enforcinganonymity throughout the database
The data tableslosely representthosein the original database. No transformations
beyond the anonymization process had been made at thisBiaggy identifiers such
as nameand addressand other dta such as freiext noteswere notincluded in the
BridgesPM1 dataset. Twelve of the twetdyples contain individudkvel dataand the
remaining eightcontain reference data. It would have been possiblendoge the
reference data tables into thedividuallevel tables. However file sizes would have
increasedsignificantly,and performance could have been adversely affected.

Table 4-1: BridgesPM1 Data Classes

Class of Data Description No. of Rows Size
PMClients Client Demographics 231,760 37 Mb
PMTreatments Treatment Event Description 3,169,864 144
PMTreatmentCourses Treatment Course Identifiers 285,518 27 Mb
PMCharts Chart D andDMF measure 1,016,197 145 Mb
PMTooth Tooth Description 32,219,452 3.7Gb
PMToothPart Tooth Rart Description 16,649,791 4.2 Gb
PMCondition Tooth Condition Description 32,291,681 8 Gb
PMAppointments AppointmentTime andDuration 1,760,923 376 Mb
PMAttendances Attendance kstory 5,516,738 1.16 Gb
PMQuestionnaire Medical Questionnaire Identifier | 332,600 43 Mb
PMQuestionAnswers Medical Questionnaire Answers | 9,754,820 2Gb
PMQuestions Medical Questionnaire Questiony 16,912 37 Mb
(D)PMToothType Dictionary of Tooth Parts 52 5kb
(D)PMToothPartType Dictionary of Tooth Part {pes 45 8 kb
(D)PMConditionType Dictionary ofCondition Types 56 8 kb
(D)PMNationality Dictionary of Nationalities 25 2 kb
(D)PMClinic Dictionary of Qinic Names 41 7kb
(D)PMRegion Dictionary of RegionNames 5 1kb
(D)PMAppointmentStatus Dictionary of Appointment ttus 1kb
(D)PMAppointmentType Dictionary of AppointmentTypes | 11 2 kb
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4.1.5.2 Entity Relationshipbetween Data Classes

The BridgesPM1 database centres on patients and treatments (PMClients
PMTreatments) with individual clien{gatienty having a ondgo-many relationship to
charts, treatment courses, medical questionnaimed appointments. Patient charting,
treatment cours and appointment informatioare stored in related tables, PMChart
PMTreatmentCourse and PMAppointments. Additional dictionary and detail
information is stored in further tables. An overview of the tables, fialusrelationships

is provided in aummaryentity relationship diagrarfChen, 1975)in Figure4-3 below.

PMAppointmentType ‘
PMToothPart o ‘
Name
D
ToothlD O —
ToothPartTypelD PMAppointme¢
ChartlD PMChart |
= PMAppointments Name
PMCondition - ClientlD D
DMFTChild StatusiD
L REcot) DMFTAdult StartTime
1D DMFSChild Duration PMAttend:
ChartiD DMFSAdult '—0<{ TypelD | PMattend:
ToothTypelD CreationDate ObjectID D
ClientlD
StatusID
StartTime
ApptiD

. PMTreatmentCourse| PMClients
PMToothType D
D CreationDate

Quadrant PMQuestionnaire

ID
—O4 ClientlD
DateTaken

PMToothPartType

1D
LongName

PMTreatments

‘ PMNationality | PMQuestionAnswers

ID ID
LongName QuestionairelD

QuestionlD
ClientlD

PMConditionType

D
LongName

S

o< ConditionID

PMQuestior

ID
Text

TimeStamp
PartylD
AnswerDataType

PMClinic PMRegion

ID D

LongName
RegioniD LongName

Figure 4-3: Entity Relationship Overview of the BridgesPM1 database
The author had intimate knowledge of the underlying BridgelR database structure
and accordinglycould guide the personnel creating the extract as to déiatwas
required. Simultaneouslyhe author had knowledge of the data requiremenN\of
research and used the Healthcare Reference Mgldels, et al., 2015, p. 2@p a guide
to creating the data extra8ection7.6.50utlines how the BridgesPM1 extract compares

to thePM data model standard, the Healthcare Reference Model
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4.1.5.3 Technical Validation of the extract
Best practice for scientific computing was folled wherever possible e.g. the FAIR
principles of findable, accessible,interoperable andeusable(Wilson, et al., 2014)
Although quality issues with the data were tragked data extract iterations with
improvements were psile due to resource limitations. it was not feasible to request
any improved data extractbased on our nefound data quality information.
BridgesPM1 was provided by the dataner as a collection of comrs&parated value

(csv) files along with scripts for importing the data into SQL Server.

4.1.6 Profiling the BridgesPM1 Bxaset

Weiskopf & Weng(2013) state that gining an overview of the dataset is a valuable
exercise althouglt is often overlooked by researche@sNeil & Schutt(2014, p. 29)n

thedata sciencdomain callthisexploratory data analysis, @Bmaking plots and building
intuition for our datasei. This is done by plotting Biograms summary statisticand
scatterplots to getaintuitive feel for the data.

How does this relate to the research questions?

This research contains a strong element of exploratory data analysis (EDA) both in the
data preparation and in the procassdelling phase and involves building models from
reality which involves many steps including building intuition for the d&&leil &

Schutt, 2014, p. 29EDA is a critical part of the data science prod€ssleil & Schutt,

2014, p. 34and some of the reasons to do it are: gaining intuition about the data; making
comparisons between distributions; checking scales and formats; identifying outliers and
missing data and summarising the data. This research approach, as introduced by Tukey
(1977) is akin to detective work where exploration and gaining knowledge of the data in
as many ways as possible is encouraged with the overriding theme of avoiding
confirmation bias i.e. the tendency to favour data supmprthe predetermined
hypothesis. EDA can also be characterised by a-goahted approach of detecting
clusters and relationships. Y2017)proposes a godariented taxonomy of EDA, finding
clusters, screening variablestoof many relationships and discovering patterns and
relationships. According to Yu, with the advent of hjghwered computing and large
dat asets, these methods have come to be
plotting of histograms and scatt&fs to get a feel for the data and describes the basic
tools as plots graphs and summary statistics and the method as systematically going
through the data and plotting distributions of the variable and their relationg¥ias.

distinguishes the EDA appachfrom the classical approach to statistics is an emphasis
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on graphical techniques to gain insight as opposed to the classical approach of quantitative
tests.Quoting(O'Neil & Schutt, 2014, p.3H 1 t 6 s b e eato analysts andsdata Vv i
scientists that EDA has not been enforced as a critical part of the process of working with
t h e daad tlis can be seen in the central role it plays in the data science process as
represented ifigure 1-1.
When creating a data profileprme questions can be easily answered siitiplequery
scripts, accessing only one or two tabkesd may not require formal recording of the
guery code due to its simplicity. Some of thesk include:
1 What dateexist®
1 Listing the entities and attributes
1 Determining the size and scale of our d&aunts of each entity.
1 Breaking dowrentities by key attributes
More difficult questions require creation of additional aggregation, calcwaleds or
outcome tables. These profiles may require temporarg-dtfaictures, cursors, and
formalised procedures and functoosuch as those avable in SQL Server and

Python/JupyterExamples include:

1 Generation ohistograms and distributions of entities and attributes
1 Creation of ohortswith specificcharacteristics
1 Creation of health outcomes and other calculated values

Most of the followng profile figureswere generated within Jupyter Notebodkee
Supplemental Material)More complexqueries wereformalised in procedures and
functions within SQL Server and called from the Jupyter/PytNatebooks This
facilitated simpler, more systematand structured approaches to query construction
begging the questionwhy not do everything inlupyterPython? The author took a
pragmatic approacto this aspect of the research gimdceeded as far as possible in the
SQL environments hehad prior advanced skills irBQL. As it became obvious that
Python/Jupyter offered significant benefits in data manipulation, statistind
visualisation more complex work was then completed in the Jupyter environment, before
finally folding some ofthe pror work into the Python environmerih the following

sections, profiles of varying complexity are presented.

4.1.6.1 PMClients
Much of the patientsd demographic details was
reidentification risk.All direct identifiers suh as mmes, addressesdentification

numbers,photos, scanned letters, afréetext notes were removed from the client
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records when the data was extracted from the Hb#Reof-birth is a key attribute as it

defines many of our cohorts in the validatoquestions in ChapteéX.

Clientso6 Hsiograns of birth

Client Year of Birth for data collected 1998-2014

0 2000 4000 6000 8000 10000
Count

Figure 4-4:  C | iyeanoft bsttdhistogram for data collected 1998014
The BridgesdentalEHR came into use initially in 1998. After a successful ptletas
expanded to all clinics in the HS&outh in 2000 and was fully operational by 2001. The
service isaimed at primansclool-going childrenandalso caters for a small number of
adults and spectadeeds clientsexplairing the distribution tail back to 196@lthough
there is variation in the age groups of children targeted by the public dental service, most
of the focus ison children in & class Children in £ or 2'¥ classare also frequently
targeted to facilitate preventive care for their hearupted permanent teeth. This focus
is reflected in the histogram which shows a relatively large number of children born in
1986 who wouldhave been aged 12 in 1988en the first pilosystemcommenced
Visualising the dataset in this manner contributethéoresearch questions by exposing
the long tail of dates of birth, identifying the existence of adults in the dataset and thereby

empowering the researcher to eliminate these individuals in all queries if appropriate.
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Client Nationalities
Each clientregistered should haveadtheir nationaliy noted A simple query counting
the occurrences of each nationalglgowed itnot being consistently entered by the

application usersAccordingly,it
would be invalid to use Client Nationalities in BridgesPM1

ONationalityo

cohat selection.This graphicis o

Polish

restricted to nationalities with ¢
count> 100. Theissuehas been ™"
|Ogged in the Lithuanian-

. . 0 25000 50000 75000 100000 125000 150000 175000
DateQualitylssuesRegister (See Count
Appendix10.17)

Figure 4-5: Clients' Nationalities

Visualising the dataset in this manner contributes t&RQsby exposing the data quality

issue here and ensuring that nationality is not considered to be a factor in any of the RQs.

4.1.6.2 PMTreatments

The PMTreatments classong with PMClientsprovide thecoredata for creation dPM

Event Logs ELSs). PMTreatments contains the treatmdatents) patienfcase) received

The PMTreatments table contains 3,169,864 entries with 9,287 distinct procedure names.
The large number of procedure names is due tangdifi the core procedure name by the
BridgesEHR application usengermitted in the early years of thpplicatiord asage Of

the 9,287istinctprocedure names, over 8,000 appeared only,evee highly specific,

and often inappropriate as procedure names. They often contained more information than
would normally be in a procedure names and should arguably have been in the patient
notes.These variations were introduced by the applicatioeraugnd arguably, they
should not have had the facility to change the procedure name in the user intdrigce.
functionalitywassubsequentlyemoved.This couldultimatelyhave been prevented and
accordingly, has been treated as a data quality {¢sstee 15. Using all of thesavould
inevitably lead to the spaghetti models as found/lapset al.(2008) As in their work

the mapping techniquassedare apre-processingransformon the event dataith the
objective of &minating rarely occurring namelSor exampleseeking higher level events

to represent lower level activitibsisa similarultimate effet asclustering techniquess

used in he fuzzy minemwhen it is necessary to simplify proceasdelsto make them

comprehensible and useful to domain experts.
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Only 363procedure namesad 10 or morénstances andrdy 142 of the 9,287 distinct
procedure names appear more than 100 times in the. tBbie research focuses
exclusively on these 142. Within the 142, furtlsmplification is possible, and the

additionalmappingsare detailed in Appendik0.2

Treatment Counts
The procedureounsrecorded in th&HR dataset is shown iRigure4-6 below. This

shows the most common item to be Fissure Sealantgusitinder700,000 instances
over 300,000 screenings (Initial Exam) anakr200,000 amalgam fillings.

Procedure Counts in BridgesPM1 2000-2014

Fissure Seal I —
Initial Exam S
Completed Case SR——
Amalgam Filling SR—
OHI I
Emergency appointment S
Scale & Polish Ty
Compeosite Filling I
L.A. Extraction BN
Diet Analysis SN
X-Ray [
Tooth Dressing B0
Refer to hygienist TN
Glass Tonomer Filling 5000
GA Extraction 00
Recall appointment £
Prescription B
Referral to Ortho. Unit ]
No Treatment Required B
Ortho XLA B
Deciduous Pulp Treatment 58
Deciduous Pulp Treat Prep Work &
Topical Fluoride Application B
Compomer Filling

0 100000 200000 300000 400000 500000 600000 700000

Number of Treatments Completed

Figure 4-6: Procedure counts19982014
Visualising the dataset in this manner contributes to the research questions giving an
intuitive feel for the treatments delivered by the service. Data quality issues relating to
thiselementares | ater in the research. For exam
sometimes inappropriately applied. More sophisticated visualisations at this point could
have uncovered this and led to efficiencies further down the research pigdliae.

visualisaton also reveals the low level of topical fluoride application relative to the large

number of fissure sealants.
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DMFT Distribution
This histogram shows the distributionDMFT values of those patients receiving their
first oral examination in 2007 his shows just the DMFT values for the dataset although
the dmft (for deciduous teeth) could also have been calculated from the data. This would

be of interest for future research as past caries history is the best predictor of future caries
DMFT Distribution at Initial Exam in 2007
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Figure 4-7: Distribution of DMFT values for patients examined in 2007
This distribution gives good indication of how DMFT is skewed to zero and would
suggest caution when usipgrametricstatistical tests. Whea it is known from thaext
sectionthat most children receive their first examination at ages 7,8, or 9, it would be

nonetheless useful to have incorporated age into the visualisation.

Patient Age when receiving treatment

This  histogram  shows the
Ages at treatment in BridgesPM1

distribution of treatmentounts 400000 J

=
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Figure 4-8: Ages when treatment receivedor data collected 20062015
This distribution contributet research questions by confirming that the majority of
treatments argenerallycarried out at the ages suggested byptitdished situation
analysiSUCC/HRB, 2005/6)
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Ages at first schoedcreening (Initial Exam)
One overall histogram and one histogrearshownfor each region herelhe period
shown 20062015was selectedJseof the EHR commenced in 20@ddmany of those
children showing up in the from the period 268@06 already had their first screening
beforethe introduction of EHRandwould possiblybe incorrectly includedn the count
if the period before 2006 was usedheTperiod 200&2015showed a notable decrease in
the proportion of children receiving their first screenifirggn the period 200@015and
is likely the more accuratélhis contributes to the research question by showimgthe
EHR should be let run faa periodoefore the data can be considered good data. The EHR
must frampupd and reach a steagyate to be capable of delivering good data
(Kennebeck, et al., 2012; Ward, et al., 2014)

Ages at First Initial Exam in BridgesPM1 (2006-2015) ;;‘[%Oes at First Initial Exam in Kerry (2006-2015)
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Figure 4-9: Ages at first School Screening Histograms
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4.1.6.3 Geo-mapping of population DMFT

This basicgeomapin Figure 4.16shows thdocations othigh DMFT values(>3) in the
HSE SouthThe population desity is represented iRigure4-11 (Central Statistics Office
(Ireland), 2012) This representation is of limited valaed in its current form it is only
presenting an overview of the main popuwaticentresAnonymisation precluded the
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inclusion ofindividual client addresses in the data exttheteforethe location of each
aotbis based on the GPS location of the cliaiiendedy the patientJittering was used
to scatter the instances arowrathsingle clinic location and give an impression of the
density of occurrenceddowever, with additionalunderlaid information, e.g.the

population densitythe fluoridation status or soegconomic sts, such gemnaps can

3 3 K
“Persons per km?
No inhabitants
- 10
10-25
25-50
I 50 - 100
. 100

Figure 4-10. Geomap of HSE South higl Figure 4-11: Population Density (Central
DMFT values (>3. Statistics Office (Ireland), 2012, p. 12)

4.1.6.4 Medical Questionnaires

Medical questionnaires are filled oubutinely by patients, normally in advance of
examination and treatment. In the early stages ofittpdementation of thdBridges
application in the HSEpractitioners had the option of designing their own questionnaires,
however, this was subsequenthangedand all questionnaires westandardised. There

were 28 Yes/No type questions and a free text area on the questioihaiffel! list of
guestios is included in Appendi0.8 Due to reidentification risks, the free text is not

part of the data extract. As part of the data profiling and exploratory niaigses, the 10

most commonly positively answered questions were extracted and matched to the DMFT
outcomeif there was a charting on the same date that the questionnaire was taken. If there
was no contemporaneous examination and charting the questiomasiignored for this

profile. The sumrary data is presented ifable4-2 below and charted iRigure4-12.
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Table 4-2: Recorded Medical Conditions and DMFT Distribution

DsMFT | DsMFT | DsMFT | DsMFT | DsMFT | DsMFT | DsMFT
0 (%) 1 (%) 2 (%) 3 (%) 4 (%) 5 (%) 5+ (%)

Population
(N=130226) 59.14 13.53 9.66 5.96 5.09 2.33 4.28
No Conditions
(N=55937) 55.74 13.97 10.42 6.62 5.70 2.72 4.83
Any Medical
Condition 58.44 13.90 9.76 6.03 5.09 2.33 4.46
(N=63617)
Asthma etc
(N=17552) 53.98 15.06 11.03 6.75 5.46 2.75 4.99
Hay Fever etc
(N=14952) 54.98 15.03 10.82 6.65 5.58 2.51 4.42
Pills/Drugs
(N=10797) 53.48 15.10 10.95 6.89 5.75 2.62 5.21
Cold Sores
(N=10591) 45.77 15.96 11.89 8.06 7.12 3.41 7.79
Under Treatment
(N=6968) 53.34 14.67 11.17 6.79 5.84 2.99 5.21
Any lliness
(N=6593) 53.09 14.82 11.04 6.98 6.25 2.75 5.08
Allergies etc
(N=7603) 54.25 14.93 10.89 6.27 5.79 2.78 5.09
Heart Murmur
(N=4037) 54.82 14.74 11.17 6.29 5.67 2.65 4.66

This is summary raw data and has not bedjnsted for any confounding factors such as
age etc. It shows that those patients with no medical conditions marked in the medical
guestionnaire also had the highest percentage of DMFT=0 value§4pBtcent. This

group also had the lowest DMB5% at4.83%. Patients registerin
lowest DMFT=Ovalues at 8.77%,wi t h al |l of the athers 1in
Age is without doubt a confounding factor here and a potentially powerful next step
would be to complete an ageecific analysis and these methods could illustrate the need
for a greater emphasis on prevention for children with medical isBbegrobabity of
diagnosis ok medical condition and the chances of having caries both increase with time
meaning thathe older children get, theore likely they are to report at least one
diagnosedmedical conditionand also to have carieBor example, both DMFT and
exposure tohe virus causingold sores cannot decrease over time and accordingly
DMFT should increase and colds sores become more prevalent with increasiffieage.
profiles could easily be developed to address age and other confounding. factors
However, detaile@dnalysis is not the intention of the data profiling and exploratory data
phase, rather to gain familiarity with the general data propeBigdoratory analysis

such as thidelps give an intuitive feel for the data and can sometimes reveal unexpected

hypothesis generatingsultsappropriatdor moredetailedfuture analysis.



82

Distribution of DMFT scores with Medical Conditions from 2004-2014
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Figure 4-12 Recorded Medical Conditions and DMFT Distribution

't should be noted that t heompl&elyadeeantécos & v al ues

the patienbecause theumber includednyone in th@ a t i farmly witts diabetes

4.1.6.5 Visualisation oDMFT Profile

Thesestacked chartgive an overview of DMFTor the complete dataset from 2000 to
2014 overall and by regianThe calculation is done individually for each year. Every
charting completed in each year has its DMFT calculated and the first charting for each
patient is used in the calculation. Henttee same patient could appear in the data for
multiple years, but only once for any given year.

Thiscalculationshows a steady decrease in DMFT values since approximately 2005. This
is confirmed by the regional breakdown. The higher DMFT values in they iKegion

are thought to be due to lack of fluoridation in many of the water sugjibslton, et

al., 2017) The oral health measure DMFT, is particularly suited to presentation in a
stackedchart format as this allows pregation of the three components (Decayed,
Missing, Filled) with different coloursl t S hel pful to consi
screeningg X a mi n aFigure® @when comparinghe level of DMFT among regions

in Figure4-13. Because DMFT is a curtative score, the modal age distribution at first
screening/examination will be a contributing factor to the mean DMFT calculated for the
region. For example, in Kerry the distribution is bimodal with a modal age at first
screening of 9 years with a secamdde at 13 years, suggesting less exposure to early
clinic based preventive care and a median age of 9 years. The mean DMFT for Kerry is

considerably higher than that for other areas. The other area with a modal age of 9 years

der

1
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at first examination us NdrtLee, however there is less polarisation towards age 9 and,
unlike North Cork, the proportion of children screened at age 9 is not substantially greater
than the proportion first screened at age 8. Furthermore, North Lee incorporates a large
urban coheskly fluoridated region whereas the Kerry region covers a wide area which
includes many rural areas without fluoridation. Such confounding issues (age and
fluoridation status) must be considered when interpreting the variation in the distribution
of mean DMFT among the areas.
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Figure 4-13: Overall DMFT Values (20062014)
4.1.6.6 Visualisation o DMFT Profile by Tooth
The chartsin Figure4-14 show the contribution of each tooth to the overall DMBT
two sample years, 2005 and 2014. This shows, as expdwedMFT is concentrated
onthe teeth numbei® & 7 andshows a decrease DMFT valuesfrom 2005 t02014.
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Figure 4-14: DMFT Values, by tooth numberfor two sample years 2005 & 2014

The following four charté Figure4-15focus on the four most affected teeth, UR6, ULS6,
LR6, and LL6and show the aggregated DMFT contribution of these teeth from 2000 to
2015.The DMFT value showa steady decrease from approxietya2005 assuming the
absence of demographic shifts, changes in the water fluoridation or changes in target
groups for examination, these data are likely to give a reliable indicator of trends.
However, these assumptions should be tested and furtheysian& control for
confounding due to age, water fluoridation and s@tionomic status (SES) would be

needed before drawing definitive conclusions.
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Figure 4-15. DMFT Values for the 6s, for the yeas 20002015
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4.1.6.7 Heatmap visualisation of DMFT by region
A heat map is a twdimensional representation of data in which values are represented
by colours.In this example, low DMFT values are displayed in bdunel high values
displayed in redvith the legend displayed to the right of the hwap It provides ajuick
overview of DMFT dotspot® b ut |, a-sapsyw waultd begeét drom lower
granularity of locations and incorporation of information on other relevant variables such
as fluoridation status, socEconomic status, agpopulation sizetc.
Each aea has two rows in this heagp The first row includes all patienigth al DMFT
valuesat the baseline or initial screening examinatma the second rovehows only
those with DMFT=0@at the baseline or initial screening examinatiooth groups having
their first examination in 2007he first column containghe number of patients targete
for initial school screenings schoolyea007. The cohortetails areas follows:
1 Screening(Initial Exam) carried out between Septemb®poftarget year (2007)

and 3% August of 2008This was the first screening for that patient.
1 The patient was aged &,or 9 at the time of the screening.
1 The data quality was acceptable.
1 The first rowhavinginitial DMFT = 0, the second havirgjl initial DMFT values
For example, in thérst row, first column, the DMFT is 0.9 and n=1090. This means that
1090 patients complied with the criteria abové&erry andall DMFT values, averaging
at 0.9.In thesecond row, firstolumn, the DMFT is 0.01 and n=664. This means that 664
patients complied with the criteria above in Kerry and each had a DMFT wélue
practically Q Each subsequent column then repnéséhe members of the first column
seen in each of the following 5 yeafor examplejn the first row,second column
(Year2DMFT),the DMFT is 0.88 and n=68 his means that, of the original 1090 seen
in the first column, 68 were seen in the followin@yeContinuing through the columns,
each n value represents the number of the original 1090 who were seen in the subsequent
years and their average DMFTIt shows how thee g r o uapesaGeDMFT values
developed over thaext5 yearsand highlights the trajeéary for those who weréee of
dentinecaries at the first examination.
It should bepointed out that children are not seen annually systematically and may be
seen in any combination of school yeasth first class (age appraxiately 7) and sixth
class (approximately 12 yeatsg¢ingthe most common combinatioagdsome regions
seeing children on one other occasion in the intervening pSexT able7-1 for policy
details) The heat map follows children seen for the first time in 200 data need to

be interpreted with caution as children at high risk of developing decay or children being
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monitored for orthodontic reasermay be recalled more frequently for more intensive
care which may confound the data. Howegeich policies are likely to be duplicated in
each region which increases the vidjicof comparison among regions.
The mean DMFT figures reported at thiferent time points in this heat map have higher
values than those reported in epidemiological stuti@sexamplethe mean DMFT at
age 12 in 2014, from the FACCT study i8 b fluoridated areas Cork and Kerryand
1.4 in nonfluoridated areasf Cork and Kerry(Whelton, et al., 2017)In comparison,
the DMFT figures seem high in year 6 (201Phere areseveralpotential explanations
for this. All the children examined in yearss2are a subset of those examined inrYlea
In generalhigh caries risk children are recalled on an annual basis, thus high risk or high
caries children areverrepresentedn the heat mapFurthermore, dta collected in a
clinical setting include more disease than those collected in anm@pldgical setting
because of better lighting, examination conditions, ability to dry the teeth and the use of
radiographs. The epidemiological examination seeks to record a stage of caries
progression (e.g. clearly into dentine) whereas the clinical evdion seeks to capture
the full extent of diseadee. all stages of caries progressidhereforethe DMFT might
be expected to be higher from a clinical examinatiwen from anepidemiological

survey
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Figure 4-16: DMFT Heat map, All Areas, All DMFT values, starting 2007
These profiles of DMFT over timand by regiorare independent of the research

guestions butontribute to the research by illustrating the differences by geogahphic
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area possibly reflecting the importance of fluoridation status on oral health outcomes.
This and the other intuitions and sanityecks gained though these types of exploratory
data analysis provided the research with a valuable feel for the datardinchsdhe
i mportance placed on {(2014)sTukeyil@7d)and btlyersO6 Ne i |

4.2 Data Pipeline Environment
A range of technologies are used in the data pipeline environméins research.

The HSE/Bridges dental EHR applicationedsa SQL Server 2008 databased the
anonymisation process was executed with Transa&@h Scripts (FfSQL). The data

was exporedwith SQL Server Integration Services (SSIS) scripts. The dataeransk

place by physical, personal delivery by the author on {fthiles using Bitlocker
encryption. Reloading at destination was executed with SSIS scripts to SQL Server 2017.
DQ assessment and transforms were executed WABQI Scripts as were data
extractions, cohort creation and event log creation. SSIS export scripts were used to
generate the event log CSV files. Data profiling was carried out wBQT Scripts and
Python within the Jupyter Notebooks Module and Anaconda Integrated Development
Environment. Data mining for the primary purposes of ghaitdiling was carried out

with T-SQL and Python usingpecialised packages suchRendas, Matplotlib, SciPy,
NumPy, Seaborn, CufflinkQrange3,with the Jupyter Notebooks moduleM was
primarily exeuted with Disco using CSV files and XES Event logs. ProM was initially
used to evaluate some of the algorithms e.g. Alpha, Fuzzy, Heuristic, Inductive miner etc.

Statistical analysis was carried out using Python.

Process Models

4-[7_7,,,_

V\.’ ) “ EEA
Disco - ProM s !, - ; -
] ] —= -

csv XES

Event Logs Event Logs

Data Profile
| T-sQL | T-sQL Jupyter/Python

BridgesPM1 Cohorts Aggreg I It
Database | | |
i
SQL Server - Anaconda - Jupyter Notebooks - Python - Disco - ProM
Windows OS
Ap——

Figure 4-17: Data Pipeline Environment



88
There were two principal dattreams The first prepared and profiled the data and
generated the outcomes to the validating experimdims.second processined the
data. The streams had common elements in data extracting, loadimamandling.
Once the cohorts for the experiments were tetathePM and outcome generating

streams diverged. The pipelin@®represented ifigure4-17.

4.3 System Environment & Architecture
Referring to thePM environment inFigure 1-6, our research environment can be

represented as ifrigure 4-18 below. This summarises the position BM in an

organi sation. Applying this model to our res

Executive using Bridges as its Dental EHR software sysBridges records details of

the patients6 den teatd whiahtid extracteal matterslanceratd t r e at m
treatmentELs. The HSEBridgesproducesvent datas a byproduct of operation$?M

tedhniques are then applied to this event dateng eiher discovery of processes, or

compliance of the organisations activities with an established standard. This rdsearch

not employ process model enhancement techniques.

Health Service

Executive Dental BRIDGES Dental EHR

Service

Records
A freatment
Models and Specifies

Analyses

Dental Service Process discovery Treatment and
Models —p Appointment Event log
conformance

Figure 4-18: Process Mining Envionment (Adapted from Mans, et al.(2015, p. 22)
The architecture in use in this research is representadumne4-19. The initial database
component shows the extract from the live database to the research environment
(BridgesPM1) The ontological component i.e. SNOMED/SNODENT exists
independeny of this research. Domain expertise was used to confirm ontological

mappingsand for general advice. One of the most complex components of the research
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architecture is the prerocessing component. The scripted interface to the data was
specific to this research but could be adapted for other research work as described in the
CodeReuse Guide (Appendik0.17).
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Data Mining Components

KDD Information Components
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Figure 4-19: System Architecture representation adapted fronSantcs, et al.(2013, p. 275)
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5 Challenges When Applying PM to Routine Dentistry Data
5.1 Introduction
The ProcessMining Manifesto(IEEE, 2011, p. 10gnumerates some of the challenges

facing the technology. Finding and merging data, sometimes from multiple organisations,
is identified as one issue. Data may be distributed over multiple sources and may need to
be merged to form the complete picture led process. These data may be incomplete,
suffer from noise, differing levels of granularity, contspecific variations, and other
quality issues. Event logs vary significantly in complexity. Their overall size can be
problematic, as well as internal chateristics such as the number of cases, the number
of unigue cases, the number of events per case and the fact that what exists in the event
log is not necessarily all that exists in the real world. A process does not always remain
constant over the casg of aPM analysis and this problem is known as concept,drift
although this is a confusing titl&he lack of representative benchmarks for comparing
the manyPM techniques and algorithms remains a challenge and problems balancing the
quality criteriaof fitness, precision, simplicity and generalisation reflects this lack of
practical guidelines foPM applications. In the interim, a comprehensive bench marking
framework (CoBeFra) to carry out conformamteckinghas been developed kgnden
Brouckeet d. (2013) Additionally, a model for comparing®M techniqueshas been
developed byeber et al(2012) The manifesto also identifies the positionindg?® in

the world of operations reseéras an important challenge. As an emerging technology,

it will benefit from combining itself with other modelling technologies such as
simulation, lean value stream mapping, and data visualisation. This issue to has been
addressed to some degree in therim (Schrijvers, et al., 2012; van der Aalst, 2016, p.

46). This integration with other technologies will help address some of the other
challenges such as improvingmprehensibilityand usability for norexperts.

Rojaset al.(2015)completed an overview of the main approaches using PM in healthcare
and introduced the main challenges encountered in previous work. These challenges
included data access, data quality, integration andpqmeessing as well as the
incorporaton of medical knowledge in the algorithms.

Rehse & Fettk€2018)state that evaluation &*M results must be complete, relevant,
sound, and reproducible to a degree producing scientifically substantial results and
suggest tht the validity, reliability and credibility of published results in this area are
potentially threatened by incomplete evaluat.
mi ni ng : osing the wrong evaluation data, misleading quality assessment,

scientific inaccuracies, incomplete evaluations, improper comparison of evaluation
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results and missing information. While undoubtedly of value, their assessment is
primarily based on evaluation BM techniques under the headings of fithess, precision,
simplicity, generalisationand computational efficiency. This restricts their analysis to
techniques producing formal models such as peti$ ands inapplicable to evaluation
of this researchdés results.
Incomprehensible models as a result of thdacl flexible, andthe dynamic nature of
healthcare processes is a central problenPkin healthcare. Many approacheshes
issue have been taken. Decompositg ELs into collections of smalleELs, each
containing fewer activities was proposed\tgrbeek &van der Aals(2015)to address
their assertion thaPM algorithms scale badly with increasing numbers of activities.
Event abstraction using supervised learning techniques was propobaxidiyal.(2016)
leading to more comprehensible process models. Clustering cases having similar
properties was addressed Mgnset al.,(2008)who also used the abilities of the Fuzzy
Miner to reduce the complexity of the diwered process models as deas der Aalst
(2016, p. 417)Rovaniet al.(2015)propose a declarative approachrtd acknowledging
healt hcareds compl ex, ingrlgxibilgydin its dediviery end pr o c
l inking the O0spaghetti effectd to the exfy
complex, dynamic environment.
The experience of this research matches the above in many respects. Data access, data
qualityand process model quality, in particular spagtigfte modes, were the three key
challenges encountered. We will look at each of these in turn and detail how this research

sought to overcome them.

5.2 DataAccess
A key challenge to this research was seaquraccess to the research dataset.

Understandably, given the richness of the dataset, the data owner had concerns about its
releaseand required the researcher to provide assurances about the security and
anonymity of the dataset. Ultimately, the researabppsal was referred to the Data
Protection Commissioner (DPC) in Ireland (https://dataprotection.ie/) for an opinion. The
DPC deemed the research to be exempt from the legislation and thewdata
subsequently granted access to the data. Notwithstamkiigand considering that
anonymity of data is not catnddried, the Anonymisation Decision FramewdgEtliot,

et al., 2016as published by the UK Anonymisation Network, was applied to this research
with the am to demonstite that a robust data governance procedure was followed when

managing the data in this research.
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5.2.1 TheAnonymisationDecision Frameworkethod
The ADF wasdeveloped to address a need for a practical guide to anonymisation that gives
operational advice, whel being less technical than the statistics and computer science
literature.The ADF requires the user to understand how a data privacy breach might
occur, understand the consequences of a breach and to reduce the risk to a negligible level
i.e. to a level that a reasonable man would ignlires intended for those need to
anonymisetheir datawith confidence, usually in order to share lit.consists 6 an
assessment and management of reidentification Falowing its steps shoulthclude
reference to all the components of the ADQRe data, other external data sources,
legitimate data use and potential misuse, governance practicekegahdethichand
ongoing responsibilitie@Preface tdElliot, et al., 2016).
The ADF consists of ten componentacorporating three different activities:
understanding the data situation (Point§)ldisclosure risk assessment and control
(6&7) andimpactmanagement 80). A summary of each step follows.
1. Describe your data situation This describes the relationship between the data
and the environment. Téirelationship maybe static or dynamic i.e. the data may stay in
one environment or may move between differing environments.
2. Understand your legal responsibilities This requires the researcher to
understand their role in the data environment and theporesibilities in each

environment.

3. Knowyourdata.l denti fy the databs properties.

the data types? Does the data include personal identifiers?

4. Understand the use casaNhy is the data being released? Who will access the
dat&? How will those accessing the data use it?

5. Meet your ethical obligations Identify your obligations and implement good
governance structures to achieve and manage these.

6. Identify the processes you will need to assess disclosure rishould the data

be réeased? How much disclosure control should be applied? What is the optimum means
for releasing the data?

7. Identify the disclosure control processes that are relevant to your data
situation. What are the processes available to change the data or changetbieuetion

to reduce disclosure risk?

8. Identify who your stakeholders are and plan how you will communicate

Build trust with the stakeholders through good communication strategies.

Wh ¢
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9. Plan what happens next ope you have shared or released the dat&lan for
handling the data set in the light of technology advances and increasing risk due to the
everincreasing number of available datasets. Do not adopt a release and forget approach.
10. Plan what you will do if things go wrong Put a robust audit tradnd trained

personnein placeto help manage a breach.

The framework also enumeratée five principles upon which the ADF is founded:

1. You cannot decidié data are safe to share/release or not by looking at the data alone.
2. But you still need ttook at the data.

3. Anonymisation is a process to produce safe data but it only makes sense if what you
are producing is safe useful data.

4. Zero risk is not a realistic possibility if you are to produce useful data.

5. The measures you put in placeranage risk should be proportional to the risk and its
likely impact.

Before extractiomf the data into the BridgesPM1 database, it wadeletified cognisant

of the Anonymisation Decision making Framework (AQENiot, et al.,2016)

The ADF stepsas applied in this researeine addresseid turn and detailedn Section
10.21

5.2.2 Discussion of the ADF

The ADF provided this researcher with a strong basis to appeal for access to the research
data.lt provided astrong, defensiblstructure with which to assess the data environment,
assess the risk of a data breach and manage such a breach should an&heccur

f rame wor kwasits endto-end apprdach to this issiidrom deciding whether

or not to release the data through to communicating and managing a breachd s ha
effect of making anonymisation and information governamoengoingproces. Italso

had the strength of beimmtched at a level accessible to many of the stakeholders such as

dataowners and researchexsdassised communication between these parties.

5.3 DataQuality Management in thiResearch
5.3.1 Introduction- Using EHRData inResearch

Electronic Health Record (EHR) systems are now well established in many countries and
healthcare settings. The importance of the secondary use of EHR data for research is

widely recognized. Reliable research dedsadata of good quality or, at least, data of a
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known quality and without this, research results are impossible to evaluate. Robust data
provenance and data of acceptable and known quality must become the norm.
The use of big data and secondary use of Eldf for healthcare research is gathering
momentum and is supported by busin@gkKinsey Global Institute, 2011)health
authorities and governmen{he Parliamentary Office of Science and Technology,
2017; Wilson, et al., @16; European Commission, 2014, pg@)5Many benefits have
been identifiedDanciuet al.(2014)identify rapid cohort identification, quality of care
assessment, comparative effectiveness research, data privacy andesdifieation as
some of the areas where access to clinical data can aid researchers. Syndromic
surveillance, public health, research and quality improvement were identifiddkey
et al.(2011)and Botsiset al.(2010) There is a growing body of literature that uses data
derived from EHRs to inform health research. There is also a growing, but noticeably
smaller, body of literature on the underlying data quality (DQ) problems inhengsitn
EHRs as a research data soufemeworks such as those proposed by Weiskopf and
Weng(2013)and Kahn et a2016)canaddress the huge scope for random human
error across multipleichensionsandcanbe used to categorize the dimensions of EHR
DQ helpng identify strategies for mitigatiorTheir adoption in EHR research is urgent.
Notwithstanding existing work in EHR DQ, questions remain on the appropriate use of
routinely collectedhealth service data for research purposes. Some suggest that data
should only be used for the purposes for which it was collected (van der Lei as cited by
Weiskopf and Wen@013). According taSchmieret al.(2005) clinical decisions often
take priority over data collection and measures must be taken to validate any data
collected in a clinical setting. Other limitations of data collected in a clinical setting being
used for research includepresentational bias, cliniciaalated biases regarding missing
data and outcomes, natandardisation of data entry, data redundancy, inaccuracy,
restriction to retrospective study, and difficulties extracting (Bdag, et al.2013)
Weiskopf and Weng2013)s uggest t hat t DQ@meea siusr en,0 OOfaibtsnoelsust
purposed being t hie.tha dapprmougd bei o& dufficient quialityega i o n
answer thdrQs being asked. The daee of sufficient quality when they serve the needs
of a given user pursuing specific goals. However, understanding the clinical significance
of the data and the way they are coded in the clinical setting is a major and necessary task
(Danciu, et al., 2014)'hey also note that many Enterprise Data Warehouses are designed
to support business intelligence goals andaeratesearch. Researchers are often unaware

of the complexity of clinical data systems and of the provenantiteealata, hence, the
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creation of the optimatlataseften requires several iterations between clinical users,
software developers and database administrators.
Ankeret al.(2011)identified root causes for sorb&) issues irthe secondary use of data
created for project management of EHR implementation as
1 Differential incentives for the recording of data i.e. data tended to be more

accurately recorded if needed for contractual or financial purposes

| Flexibility in softwae systems allowing multiple ways of doing the same. task
1 Variability in documentation practices between persannel
1 Variability in the use of standardised vocabulary and changes in procedures and

electronic system configuration over time.

Botsiset al.(2010)also identified missing, inaccuratand inconsistent data issues in their
study of pancreatic cancer data. This was due to information fragmentation in the
healthcare system and poor documentation of critical information. Inaccuracies were also
caused by poor granularity of diagnosis terms incorrect use of the terms.
Inconsistencies arose due to different data sources in the EHR and inconsistent use
between clinicians. They also proposed some solutions involving formal information
exchange mechanisms, clinical registries and personahhesdords as well as the
sharing of effective strategies for secondary use of healthcare data.

EHR data quality can also be viewed through the lens of compliance with and use of
standardsSNODENT provides a useful reference for standard diagnostic anddure
nomenclaturesStandards for Electronic Dental Record Systgsign inANSI/ADA
Standard No1067%2013 provides useful guidance.

There is an urgent need f8M to focus on techniques addressih@ problemgBose, et

al., 2AL.3). Secondary use of EHR data for research demands validated, systematic
methods of EHRDQ assessmer(iVeiskopf & Weng, 2013)These authors encourage
systematic logging techniques and the development of repair and artatsiqueso
improvethe quality of th€ELsand consequently, improving the output$®f exercises.

To further this, a method for enumerating and manadg@gssues in research using EHR
data is proposed. Further, a method tognecess the researclatd is proposed, both
marking the data if its quality is compromised and mitigatingx@dssues if possible.

PM in healthcare is especially challenging becate® patternsvary widely between
patients, health care professionasd organizations aritie reliance of the method on

the completeness tifme stampedLs adds additional requirements for measurable DQ.
As with other forms ofdata mining, systematic loggingnd repair techniques are

important, as is the need for transparency around datargjesamd checking steps.
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532 This Researcho6és Data Quality

An initial assessment of the dataset revealed many potential DQ issues arising from
differing sources$ from the developers of the application, the users, the data extraction
process, and potentiallydm the research itselPrevious work using similar data from

the dental EHR highlighted some quality issues, for example, inconsistencies in recording
fluoridation status, trauma status and gender. This resasotbenefited from the

aut hor 6 samiianty witmhetEBIR, its design and its d&yday usageallowing

a birdseye overview of possible sources@ issues and their impact. The author co
designed the underlying data structures and much of the user interface as well as
implementing the EHR application in the clinical setting. He definedethearctdataset

for extraction and executed the technicatad&ransformations within the research.
Accordingly, the author was ideally positioned to identify poterid@ issues arising
through al/l the phases of the datads existenc
issues remained problematic as it becanpmegnt that they arose from various sources

e.g. application users; could affect the data at different levels e.g. row or field level; and
were identified by various means. Further, the impact of a data issue was dependent on
theRQ or experiment e.g. dat&f-birth was essential for some queries and irrelevant for
others.The author chose to examine these issues in a structured manner and to document
and audit every change or transformation made to the data, whether such a transformation

was to address a DiQsue or to enrich the data for analysis purposes.

533, Thi s Researchos Data Quality FrameworKk
The complexity of the DQ issues was such that it necessitated a formal framewhbegk i.e.

care pathwagata quality frameworkP-DQF)for managing and, if possihlmitigating

these data issue3he framework facilitated the systematic identification, recording,
managing and, in some cases, mitigating of the quality issues. If also facilitated reporting

of the issues and their scafedatabase of potential DQ isswmas established, both from

the authords own experiences with the applica
and from the existing published literature on DQ &muins another output from this

phase This proved to be a valuable and productive ua#terg and demonstrated that

formal DQ assessment is an essential step in research using EHR data. The framework
developed has the potential to be generalised to other research using EHR data and the
author believes that the framework and the list of disced DQ issues can assist other

researchers to discover, manage and mitigate the DQ issues in their owh prorkdes
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a valuable timesaving pragmatic starting point for other researchers undertaking
research using EHR data.
The details of theData Quality Framework that addresses the specific need®vbbf
Care Pathways (GBQF) based on th®M and EHR DQ literatur@are presented in
Appendix10.19

5.3.4 ImprovingDataQuality

Weiskopf & Weng(2013) made several recommendations to imprbé@ when using

EHR data for research. They encourage the use of systematic methods to assess the quality
of an EHRderived dataset for ag@n research task. Our research is following such a
systematic approach. They suggest the use of a consistent taxon@qydssessment.

This research seeks to build upon their suggested categories to reflect the specifics of this
dental research. Intednag DQ work from other fields is another suggestion from their
work. This research has included an extensive data profile presented in a Jupyter Python
Notebook (See Supplemental Materialyatisfying their suggestion to include
distributions, summary statics and histograms in publications. A complete log of the
data cleaning and transforms is included allowing full replication of the research if
required.

Twelveguidelines for logging with the aim to improve data qualigreproposedy van

der Aalst(2016) These are tabul ated below along

of the guidelines.

12 Logging Guidelines This researchds apg
GL1 | Reference and attribute names shoul This research employed mapping techniq
have clear semantics, i.e., theyould | on the raw data to achieve this. See Seg
have the same meaning for all peopl¢ 10 2for details.

involved in creating and analysing
event data

GL2 | There should be a structured and This research mapping treatments
managed collection of reference and| SNOMED-CT concepts to achieve this. S
attribute names Section10.2 for details.

GL3 | References should be stable (e.g., | All identifiers used are GUIDs (Globall
identifiers should not be reused or re Unique Identifiers)

on the context).
GL4 | Attribute values should be @secise | This issue arose with the treatment attrib
as possible. If the value does not hay CompletionDate wher date without time
the desired precision, then this shoull \yas recordedThis was addresd as a daf
be indicated explicitly (e.g., through & transform in Section0.18.3

qualifier).

GL5 | Uncertainty with respect to the The dental EHR users were motivated
occurrence of the event or its accurately record treatment events a
references or attributes should be | appointment events. No audit of the accur
captured through appropriate was possible in this study.

qualifiers.
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GL6 | Events should be at least partially This issue was present in our research
ordered. The ordering of events may| and was addressed as a data transfori
stored explicitly (e.g., using a list) or | Section10.18.3
implicitly through an attribute
denoting the ever

GL7 | If possible, also store traastional The existence of treatment courses coulg
information about the event (start, | considered analogous to transactions but
complete, abort, schedule, assign, | not formally addressed in the EHR in {
suspend, resume, withdraw, etc.). research exact.

GL8 | Perform regularly automated The event log for this research was a eaffe
consistency and correctness checks | extract and a full data quality analysis W
ensure the syntactical correctness of| executed. See SectiGmi.
the event log.

GL9 | Ensure comparability of event logs | As the event data spans 15 years, this cle
over time and different groups of cas| required attenon and isdiscussedis a datg
Or process variants quality issue in Sectiof.3..

GL10 | Do not aggregate events in the event This was fully complied with in the researg
log used as input for the analysis | All aggregations were done in the analy
process. phase

GL11 | Do not remove events and ensure | All data transforms were logged in Secti
provenance. Reproducibility is key fo| 10.18
PM

GL12 | Ensure privacy without losing This is a tradeff situation and muck
meaningful correlations. personal information about the clients W

not included in the event data to reduce
risk of reidentification of individualsas
detailed inSection4.1.6.1

Table 5-1: Event Logging Guidelines,adapted fromvan der Aalst(2016, p. 152)

5.3.5 DataTransforms

After the assessment of tiE), the datavaspre-procesed to facilitate answering the
RQs.Changesnade to the dataredocumented in this section. Weiskopf & Wg2§13)

have pointed out that, like dapaofiling, this step is often missing from research

documentation and publicationBata transformations are necessary to streamline the

data for analysis, to eliminate rarely occurring dataoise. Data transformations may

also be necessary to make future qgsecomprehensibleSuch transforms may also

facilitate enhancegberformance of queries. Complex queries with multiple joins or

subqueries may take too long to execute or may not be practicable with the available

computing resource$he transformations afipd to the BridgesPM1 datae detailed in
Appendix10.18
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5.4 Process Model Quality
5.4.1 Spaghetti models
Who says they are a problem?
Incomprehensible models as a result of thehacl flexible, and dynamic nature of
healthcare processes is a centralllengefor PM in healthcareFernande_lataz et al
(2015)suggest that it is the main problem faciPigl technologies. The term commonly
used to describe these models is O6spaghet
On the other hand, structured predictahbl
Heal t hcareds c¢compl esareacknowtedgd byRaovaniathll(2615)p r o c e
andtheylink the spaghetteffectto case heterogeneigndto the explicit representation
of all possible paths in a highly complex, dynamic environnteven though the notion
of a process exists in these environments, the actors deviate from it to accommodate the
needs of the case in hand i.e. #dal business processes are not strictly enforced by their
supporting information systems (citation Trace Clustering in Procesadyittiis known
that many higktech systems produce logs of very fine granularity lead to spatiketti
process modelsHowever, these spaghetti models also provide important insights about
the process and often indicate that it is driven by the exyeriand intuition of service
providers and often incorporate tr@hderror, rulesof-thumb and qualitative
information (citationProcess mining: discovering and improving Spaghetti and Lasagnha
processesand while challenging for PM, can provide substdiitenefits.
In healthcare, Manst al. (2008)found that the heuristic miner producsgchmodels
when applied to hospital stroke healthcared attributed thito disease and patient

variants.The dentaPM literature als@ncountered spaghetiipe processnodels

What are they suggesting be done about it?

Severalapproaches to alleviating this issue have been taken. Decompdgiggs into
collections of mallerELs, each containing fewer activitiesas proposed byerbeek

& van der Aalsi(2015)in an attempt t@addres$°M algorithms scahg badly with
increasing numbers of activities. Event abstraction using supervisath{gggchniques
was proposed byax et al.(2016)leading to more comprehensible process models.
Clustering cases having similar properties was addresskliget al.,(2008)who

also usedhe abilities of the Fuzzy Miner to reduce the complexity of the discovered
process models as do&mn der Aals{2016, p. 417)Trace clustering has been shown to
be effective i.e. partition event logs into subsetsarhogeneous casédeleoni, et al.,
2016)
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Higher levels of abstractioran be achieved using ontologi@edrinaci & Dominque,
2007)e.g. SNODENT Manset al used prprocessing techniques on teeent data for
example seeking higher level events to represent lower level activities. They also
proposed use dfimplificationtechniquessuch as clusteringnd thespecialised search
algorithmsas approaches to simplify the models.
Fernanded_ latas et al (2015) referred to a number of strategies for mitigating the
spaghetti effect: PM algorithms that make simple, less dense models, the use of Activity
Based PMincorporating the results of the activities into the maps, time abstractions
grouping large numbers of similar transitions or arcs together, rendering algorithms
providing additional visual cues to the important paths and events, filtering algorithms
and dustering techniques, and improved navigations apps.

In the dental PM literatureptarrive at a comprehensible madible dental researchers
applied a strategy where only events that occurred in more than 10% of the process
instances were included. This a type of sliceanddice filtering. Unfortunately, no
discussion was held on the value of the discarded data. Perhaps the deviant processes are
also interesting, and it is certainly worth consideratidmere is no analysis as to what
information was let in this process, nor its value. It would be essential to assess the
omitted information with the help of domain experts.publication(1) with unfiltered

data, the Heuristieniner poduced a complex, spaghdike process model. In the
methodology sction, they describe a process of consolidating event names and the use

of a new ProM plugn to effect this. It is unclear whether the plagis exclusive to

dentistry. They also speak about mapping eveatme s t o 6subjectsd thoug

additona i nf ormation on these Osubjectsd. I

standard diagnostic or treatment codes such as ICD 9/10 or SNODENT in this phase

How does this research manage spaghetti models?

This research took a number of steps to rethisgproblem. Putting it simply, the process
models must be presented in a way that they are useful to the users. The models must be
legible if on paper i.e. the nodes and font sizes readable and the arcs distinct and
distinguishable from each other. Cereen, there is some additional flexibility as zoom
features are often availabl€he limitations of presenting healthcare process models on
paper or small screen formats are clear. In this research it proved difficult to interpret
more than 30 differentvent types (nodes) with 60 connections (arcs) on an A3 sheet.

Resolution and forsize limitations make the model details impossible to read in printed

t

S
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formats irrespective of their substantive content. Viewing these models on screen, within
Disco or as eported vectographic (.png) files resolves this matter to a degree in that the
vector graphic file allows zooming in or magnification without pixilation or loss of
definition of the image. However, for the purposes of a printed thesis, 30 nodes was an
appoximate but practical upper limit and all complete models presented in the thesis are
guided by this limit. For the purposes of dealing with more involved models, the relevant
excerpts of the complete model are presented.
Whether a process modelrescognisable or comprehensible also has a more subjective
dimension and is dependent on the person viewing the model. Is it a dentist, a process
analyst, or a lay person? What previous exposure to process models have they had? How
much domain expertise dbey have? These are all relevant questions when assessing
recognisability and comprehensibility. For the purposes of this research, recognisability
and comprehensibility were assessed utilising a convenience sample of dentists and
process miners. Discowet process models were viewed by supervisors, colleagues and
presented at several local and international research conferences and meetings where they
were subjected to scrutiny and debate. This feedback led to some additional adjustments
in the presentatin of the models, particularly in removing less important details and
focussing on the core issues in the models.
In an ideal experiment, a representative sample of dentists would be presented with
process models of various familiar scenarios and theilityalib recognise and
comprehend the models accurately and in a timely manner would be recorded to give a
more scientific assessment of the models quality characteristics. This was not feasible in
this research due to time and resource constraints bud waarit consideration for future

work. Several steps were taken to reduce models to this level.

Higher Level Abstraction of Events

This is a preprocessing stegn summary, on®ff and rare events were removed from

the event logs. As detailed Appendix10.2and10.18.1only 142 of the 9,287 distinct
procedure names (eventgpaared more than 100 times in the events table of over 3
million events. This researd¢bcuseal exclusively on these 14%Vithin these 142, further
simplification was possible by mapping s
Amal gam FiolRl Smgd aaed Amal gam Fillingd wer
Further abstraction to SNOMED terms was also carried out but did not prove useful at
the practical PM level because the SNOMED terms were often very descriptive and
lengthy e.g. the SNOMED Cone p t Name f or 0 Anmrsértpm of F i |
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amalgam restoration into tooth (proceddre) Thi s was a constant i ssu
and made the resulting models illegible. While the mapping to SNOMED was retained
and is available idppendix10.2 its use in the PM phase was abandoned.
Seeking higher level events to represent lower level actiiissa similar ultimate effect
as clustering techniqueas used inhte fuzzy minemwhen it is necessary to simplify

processnodelsto make them comprehensible and useful to domain experts.

Using Disco

The choice of Disco as this 26damgliakexth 6s PM t oo
dealng with the issue of spaghetti models. Disco uses the Fuzzy Minerthlgofor

process discovery and aims to balance the four quality criteria of fitness, precision,
generalisation, and simplicity o usercontrolled functions controlling the percentage

of activities and paths visible in the generated model fatgliheir simplification and

help reducethe spaghetti effeciWhen the EL is initially imported, Disco assesses the

size and complexity of the EL and selects a value for both the percentage of activities and

the percentage of paths to be displayed. Itisnotdocume d what t he al gor it hm
are for these settings, but it would appear to be guided by efforts to aneete

comprehensible models within the constraints of viewing on a computer monitor. The

user can then adjust these percentages up and doeaquired. The product also has

extensive filtering functionality although this was not availed of in this research due to

the preference to enhance reproducibility by doing all filtering in the data transforms.

7z

542 How was Orecogni sabdbedsaasseédd@mprehensi bl
As stated abovehe priority in selecting théM algorithm and technology for this
research was that the models must be recognisable and comprehemsitede mining
anddental expertsThe limitations of presenting healthcare processetsodn paper or

small screen formats are clear. From a practical perspective for example, it is difficult to
interpret more than 30 different event types (nodes) with 60 connections (arcs) on an A3
sheet. Resolution and fesize limitations make the modeétails impossible to read in
printed formats irrespective of their substantive content. Viewing these models on screen,
within Disco or as exported vectgraphic (.png) files resolves this matter to a degree in
that the vector graphic file allows zoorgim or magnification without pixilation or loss

of definition of the image. However, for the purposes of a printed thesis, 30 nodes appears

to be an approximate practical upper limit and all complete models presented in the thesis



103
are guided by this limitFor the purposes of dealing with more involved models, the
relevant excerpts of the complete model are presented.
Whether a process model is recognisable or comprehensible also has a more subjective
dimension and is dependent on the person viewing thieinis it a dentist, a process
analyst, or a lay person? What previous exposure to process models have they had? How
much domain expertise do thbave? These are all relevant questions when assessing
recognisability and comprehensibility. For the purgoskthis research, recognisability
and comprehensibility were assessed utilising a convenience sample of dentists and
process miners. Discovered process models were viewed by supervisors, colleagues and
presented at several local and international reseamferences and meetings where they
were subjected to scrutiny and debate. This feedback led to some additional adjustments
in the presentation of the models, particularly in removing less important details and
focussing on the core issues in the models.
In an ideal experiment, a representative sample of dentists would be presented with
process models of various familiar scenarios and their ability to recognise and
comprehend the models accurately and in a timely manner would be recorded to give a
more seentific assessment of the models quality characteristics. This was not feasible in
this research due to time and resource constraints but would merit consideration for future

work.
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6 Methodology
6.1 Introduction
This chapter details the strategy and methodology used to achieve thefains

researchHrst, it places the research in the broader research landscape with reference to
research philosophies, approaches, strategies, methodology, time horizons, data
collection techniquesand analysis procedures. It then looks at the research from the
perspective of using EHR data for research and specifically, for trying to apshler

health questions. ltooks at existing PM methodsand synthesizes these different
perspectives into the methodologyged to achieve the aims of this researébr

convenience, this methodology is named PM4D (Process Mining for Dentistry).

6.2 How Process Mining in DentistryitB in theResearch.andscape.
6.2.1 TheTheory

The fundamental theory of this research is the belief that man plus machine is greater than
man alone that information technology is a useful addition to the workplace and can
assist in many areas including clinical decision making. The the@mymas that
Electronic Health Records (EHRSs), with their strengths and weaknesses, are a useful
source of information for research. The theory proposes that data extracted from EHRs
can be used to evaluate public health policy and strategy decisionsgl@mttstry domain.

This evaluation will be based on the oral health outcomes and the treatment processes
experienced by the patients in the EHR and as such it is a retrospective cohort study. The
theory assumes that the EHR can deliver valid oral healtomets. The theory proposes

that the EHR can deliver valid process models of the patient care pathways. The research
can also be viewed as deductive theory testin
used and operationalised by measuring the conéegpistheir theories and oral health
outcomes measured from the EHRe research will add knowledge to the field of dental

informatics.

6.2.2 The Research Philosophy

6The research philosophy you adopt can be tho
inwhichy o u v i e w (Salmeersyebal., P0d ) p. 128 these assumptions define

the research strategy and methods. This ultimately affects our understanding and
interpretation of the research. There are two major vadiythinking about research

philosophy ontology and epistemology.
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The research onion analogy Saundert al.(2012) as adapted by théniversity of
Derby (2018)provides the canvas to poen this research within the research methods

landscape.

Research Onion Diagram (based upon Saunders et al's diagram, 2009)

Layer 1:
Philosophical Stances

Deductive

Layer 2:
Approaches

e B Mono Method

Strategies

Data
collection
and data
analysis

Mixed
Methods

Layer 4:

Choices Multi-method

Layer 5:

Time Horizons

Layer 6:
Techniques
and
Procedures

Figure 6-1: The Research OnionUniversity of Derby, 2018)

The authords ontol ogi c al hissappdoacé f this teseamah.l o g |
The outer layer of the research onion refers to the philosophical approach to research
the ontological perspective and whether t
that that there is an objective obsereal#ality and he will search for regularities and
causal relationships in the acquired data. This positivist approach is qualified by
suggesting that the dataset may have been influenced by the social actors in the system
and accordingly, a philosophicalkgalistic approach in data quality assessment and
analysis may also be appropriate.

The authorodés epistemological stance desc:
given the ontology. The research includes a commitment to accurately record methods
and findingsi.e. how the results, findings and conclusions were arrived at. The research
takes an attitude of scepticism to both the data and the daRMwntethods to ensure

that the results are defensible and uses the most credible sources of kndedatigk
Authoritarian knowledge is used in the literature review and to establish the background

for this research and efforts are made to spot the ontological, and epistemological
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positions of the authors in the literature. Empirical knowledge fromitie data abstract
is used with the intention of creating new logical knowledge by applying experimental
techniques, analysis, and reasoning to this data. The epistemological approach to data
quality helps to define the relationship between the data andcadh&l exishg
phenomena in the real worl@titical realism as applied to the data quality is beneficial.
In general, this research leads the author to the positivist epistemological approach, albeit
with elements of critical realism.
The axiology is taundertake the research in a vaftee way. The authdras committed
to stay separate from the things being studied, to leave his personal beliefs behind and
acknowledge, deal with, and control his biases as far as is possible. This stance helps
remove bas from both the research reality and the authors conditioned reality. It will help
clarify questions of the type, AWhy is a hambt

called a cheeseburger?o

6.2.3 The Research Approach

The next layer isvhether a deductive or inductive approach should be taken. In using the
EHR data to investigate specific questions relevant to dentistry, the author is using a
largely positivist philosophy. There is an objective reality to be measunedihe
outcome of an intervention can be predicted, a hypothesis established and tested. That is
how the author approached gaining knowledge about the phenomenon being tested and
this is a deductive approach.

When dacribingPM4D (Process Mining faDentistry) a more inductive approach was
taken.PM is a relatively new technology. Its application to the dentistry domain and

public health is also new. This newness offered

} | = —
opportunities to address issues such as ¢ ,
Hypotnesis ERNY

quality, ontologies, EHR usage iesearchand
others from a new and fresh perspective ¢

accordingly, it was not obvious from the start hc

the methodology would unfold and develop. / S
the author understands it, this is an inducti
approach to methodology, and it is represente e

the ommonlyusedFigure6-2below. _’

Figure 6-2: Deduction (top down) & Induction (bottom up) approaches to research
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6.2.4 The Methaological Choice
Understanding®M4Drequires looking at the research from several perspectives. Framing
this research within the research onion is complicated by the fact that the data is already
collected, and thisxistingdata forms the opportunity feinis research. Approaching the
research onion using a strictly outsideapproach is somewhat misleading because of
that. Specifically, no decision regarding data collection is necessary or possible. The
existing data spans 15 years of school screenimgjf@nce offers longitudinal studies as
the obvious choice. Experimental strategies also appear applicable. The research uses
data extracted from dent&#HRs and uses theoretical constructs from the area of
Afsecondary wuse of E H Rdolagg. Using EHRsdatgpfar pablico f  t
health research offers specific issues for consideration and also influences the
methodology used. Data mining is the general area of data science in use in this research
andPM s the specific technology being appli€&M has its own established methods and
constitutes the main body &#tM4D. General experiment methods and spediM
experiment methods are then utilised witRiM4D to answer the validatingQs.

6.2.5 The Research Strategy
Gi ven t he aut horyasprpceslingtby dedustive repsoning with regp h
existing data, experimental research design is the obvious strategy with a primarily

guantitative approach.

6.2.6  The Time Horizon
The time horizon is longitudinal, and the data collected is from an archivedeso

allowing statistical analysig appropriate

6.2.7 Data Collection
The data collection is detailed in Sectii.

6.2.8 Data Analysis
Analysis of the data is detailen Chaptergl and?7.

6.3 Process Mining Project Methods
This is a description of the existiigM methods and their ngths and weaknesses,

which elements of these have been chosen for this research, and why they were chosen.
The PM4D research methodology is based oasgablished formaPM methods. First,
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the Process Diagnostics Method (PDBopzkaya, et al., 2009)which addresses the
complexity of healthcare processeBusiness Process Analysis in Healthcare
Environments MethodologfRebuge & Ferreira, 201duilding on the PDM above, the
L* life -cycle method adetailed in the Process Mining Manife$tBEE, 2011) the PM
method(van Eck, et al., 2015Yhe ClearPath Methddohnson, et al., 201,8nd finally
and a QustionDriven Methodology for Analyzing Emergency Room Processes using
Process MiningRojas, et al., 2017)An outline of each is described beloRM4D
identifies and tries to address gaps lmdtationsin these existing metlas identified by
this research.e. secondary use afental EHR data in a research environment. Our
systematicexamination of the existing methods in Sectiér#sled us tothemethoalogy
documentedn Section6.4.

6.3.1 TheProcesPiagnostics Method (PDMPBozkaya, et al., 2009)

6.3.1.1 Introduction

This method performs process diagnostics u$tMy and proposed five phases: Log
preparation, Log Inspection, Cook Flow Analysis, Performancenalysis and Transfer

Results as shown fRigure6-3 below.

Control Flow Analysis Performance Analysis

O—> —bo—b Log Inspection Transfer Results —D-O

Log Preparation é é

Role| Analysis

Figure 6-3: Phases of the methodologyBozkaya, et al., 2009, p. 23)
This is an early method constructed with the intention to nPAkex repeatable service
in the circumstances where the parties had no prior knowledgehe eventog is
presented to therpcess miner asfait accompli Also, the process miner has no domain
specific knowledge and no role in analysing the results of the diagnostics. The steps
involve preprocessing to appropriatéatatypes profiling of the log, conformanee
checking againsknown organizational process if any exists, and process discovery
utilizing the fuzzy miner algorithm. This is followed by replaying the log on the
discovered model i.e. performance checking, to find bottlenecks for example and role
analysis to establish wh o d o ela thew kasestily presenting the results to the
process owner and the accompanying discussion with the process miner was a key step

in helping the client interpret the outcomes.
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6.3.1.2 Strengths of the Method.

1 Asksthequ e st i on drdation systemhreallyireflect the state of affairs
of t he bus instthescemmorPMncasts hat the information system reflects
how the process ,(Rsbugé & [Eetraira 2012y Rovasietat, s d

1 Even without domain knowlegk the outputs were recognizable to the domain
experts.
1 The method can provide an ovaicklyi ew of

6.3.1.3 Limitations of the Method

1 It is a quick method intended to give a broad overview without much .detalil
1 Snapshots of processes are limig@dneed enhancing by domain experts
1 As the EL is presented to the researcher (miner¥ais @acomplithe researcher

has limited facility to assess the data provenance or quality.

1 Due to t he pr odomairspeaiic knewledge, thera is &so littfe
capacity for making commesense obbviously helpfuladjustments to the log.

1 The terminology used in the introduction to describe events, traces, activities,
cases is inconsistent with much of therature and introduces terms not seen elsewhere
eg6ébtrail 6 and O6rund. This is uPRMmethedt andahb
1 The method assumes that the EL is readily available in the information systems
and the section on pyrocessing iz¥ague andot reproducibleLog inspection results

i n incomplete cases being removed resul t
This is insufficient and other measures may be necessary at this point to prepare the log
for process discovery suas removal of invalid data or data of inadequate quality.

1 Theyuse the terms 6conformanced and o6co
1 Noise and infrequent behaviour are treated as if they are the same and simply
removed from the log to facilitate creation of slarpmodels. This is insufficiently dealt

with as the removed information may be important. Such information may reflect

exceptional behaviour necessary for a particular patient group.

6.3.2 Business Process Analysis in Healthcare Environn{&buge & Ferreira,
2012)
6.3.2.1 Introduction
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The PDM above was extended by Rebuge & Fer(@Da2)to deal with the highly
dynamic, highly complex, mulglisciplinary and adhoc nature of healthcare processes
which canresult inincomprehensible process models. This method applies PM
techniques leading to the identification of regular behaviour, process variants, and
exceptional medicalcasesn addi t i on al wadincorpomtedeusingngdé st ep
Microsoft SSAS Secence Clustering, to identify regular behaviour and group similar
processes together

thereby improving the

readability of the M Leg H o9 | ‘ 0]_,
Preparation Inspection Analysis Results
Start [+ End

resultlng mOde|S ThlS Sequence Clustering

Analysis (Subprocess)

Organizational

additional step is shown o
in Figure6-4.

Figure 6-4: Proposed Method for BPA in healthcare(Rebuge & Ferreira, 2012, p. 107)
This method proposesinning a sequence clustering algorithm to discover patterns of
behaviour, infrequent behaviour, and process variants. The regular behaviour is
established by identifying the clusters with the highest support. The regular behaviour is
then identified byhe examiningheMarkov chain associated with the cluster which gives
probabilities of specific events following each other. A Markov chain is a model of
aseqguence of possible events in which the probability of each event occurring depends

only on the sti@ existing in the previous event. There may be several clusters with high

then categorized

support and unpicking this may require domain expertise. Clusters with lower support are
as opi

. Clusterini
vartants 9
Behavior
. Yes
those W|th IeaSt Sequence Cluster Select
Clustering Analysis —) NI Clusters-for .
Start Analysis P
S

Su pport a Variants and Confusing

Infrequent models?
Behavior

6infrequ._ .. .

behavioué .

Figure 6-5: The Sequence Clustering Analysis subprocefiRebuge & Ferreira, 2012, p. 108)

To distinguish these effectively, the authors indicate the importance of careful inspection

here as oO0infrequent Dbehaviourdéd may give 1insi

g

situations. Ithe model remains incomprehensible, then an additionabstep 6 hi er ar chi c al

clusteringd is applied to further simplify

6.3.2.2 Strengths of the approach

t h
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1 This approach has a clearly articulated understanding of the difficulties of
modelling healthcare processes and proposes addressing the issue of incaifgiighen

with clustering techniques.

6.3.2.3 Limitationsof the approach.

1 The PM studio used appears to be only applicable in their specificstadg

which uses an Hmouse developed EHR.

1 The format of the everbgs is MXML which has now been replaced with the

XES format. This limits the general usability of the work, though rin@dementation of

data mining techniques and ideas remain useful.

1 AnotherPM perspective6 d g tleacibehereas 060 ér el ated t o th
that serve as i nput andisioaddqyatelexplinedc t he a

6.3.3 L*Life -cycle process ming methodIEEE, 2011)

6.3.3.1 Introduction

The IEEE Task Force on Process Mining issued a declaration of its principles and
intentions in the form of a manifesto with the objective of promoting the development
and use oPM as a management tofEEE, 2011)PMi s posi ti oned as
technologyo for management approaches s
(CPI), Business Process Improvement (BPI), Total Quality Management (TQM), and Six
Sigma. Additionally, this author suggests tAM is complementarto the lean approach

and the Value Stream Mapping (VSM) technique. These techniques aim to improve
operational performance in organisations. Other organisational objectives such as
compliance and conformance can also be progresdeiibyhe five stagesf the L*life-

cycle PM project method are summarised below.

Stage Ois the planning and justification phase. This involves investigation of the domain
to establish what processlated information the stakeholders require. Which oPtlle
perspectives (deovery, conformance, and enhancement) will be employed? Are the
avail able information systems Oprocess a
administrative or healthcare support systems? What tygioproject is this i.e. is it
curiosity, queson or goal driven? What are the desired data and target dataset? What
data is available to us? What questions can be answered? What value can be added?
Stage liranslates into the aims, objectives andRI@s. Stage 1 produces process models.
KPIs andhandmade ode juremodels may have emerged from existing documentation,
domain experts and stakeholders describing best practices.
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Stage 2nvolves the construction of the event log and linking it to the control flow model.
One of the guiding principteof the manifesto states that log extraction should be driven
by questions. This principle also serves to minimise the data requested aRd/lawshy

from discovery science towards - -~
Figure 5: The L’ lifecycle

model describing a process

more traditional scientific method. | sscomame | mining project consising of
g =y :i;e slug;s: plan a?g iusﬁf]y)

- . . . tage 0), exiract (Stage 1),

Stage 3Additional information is o-. o ek 5 bl I i

and connect it fo the event
log (Stage 2), create an
integrated process model

Stage 1: extract

now incorporated to extend th
(Stage 3), and provide

operational support (Stage
4).

modelfrom stage 2, e.g. timestamp

and calculated durations coul

Stage 2: create control-flow model
and connect event log

estimate wait times and throughpuf
Stage 4 Here knowledge from

historicalPM is used to monitor anc

control currently running cases. Thi
could be used torpdict outcoms
throughputs and to flag deviation

and adverse eve ntS. l Stage 4: operational support

Figure 6-6: L* life -cycle methodology (IEEE, 2011)
6.3.3.2 Strengths of the approach
1 It expands the previous methods to the planning andigasion of the PM
exercise. This is madeperative byassertinghat PM should be driven dyQs.
1 The authors introduce the last stage of a PM project where the models can be used
in operational support. It is explicit in articulating this use of thecggse models to
feedback into the &6Extractd phase.
1 They introduce the idea of the artefacts
should be expanded to all stages of the project, in particular in research environments,

producing a thorough audit trail andpporting research reproducibility.

6.3.3.3 Limitationsof the approach

1 The method does not accommodate the complexity inherent in the healthcare
domain and its processes, possibly because it was designed for structured processes aimed
at producing a singlmtegrated process modghan Eck, et al., 2015)

i To this author it appears to be a general method approach without the detail

necessary for application in a specific research domain.
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6.3.4 The PM method(van Eck, et al., 2015)
6.3.4.1 Introduction
PM? was developed in response to the Higlel nature of the previous methods, and to
address some of the limitations of PDM and L*dgcle method described above. The
authors identified that the scope of PDM Jiasted, covering only a small number of
PM techniques. The other major limitation identified was the emphasis on avoiding the
use of domain knowledge during the analysis which makes it less useful for taoger
complex projects. They critique the Lifd-cycle method in that, while being broader
than PDM, it was primarily designed for the analysis of structured procasdasned
at discovering a single integrated process model. They state that neither method explicitly
encourageiterative analysisand both could benefit from additional practical guidelines
for inexperienced practitioners. The phases and input/outputs JrmaRMummarised in
Figure6-7. For each phase of the PMhethod, inputs and outputs are clearly defined as
are concrete steps to be performed, referred to as activities. The gadvigiroject
can be very concrete suel achieving a 10% cost reduction for a particular process or
more abstract such as obtaining valuable insights regarding the performance of several
processes. Through Phhese goals are translated into concRs which are iteratively

refined and answed.

Process
—> Evaluation Improvement
and support

Inputs & Business Research Event Event Process IJ:;ZrSD.V:z::tss
Outputs Processes Questions Data Logs Models Modifications

Figure 6-7: PM2 Method Steps

Research Data Lyl Data Mining &

Phi >
ases Planning Extraction Processing Analysis

6.3.4.2 Strengths of the method

1 It provides significantly more guidance to process miners. While its phases are
similar to those of the previous methodmreimplementation detail is provided.

1 It is explicitin defining the inputs and outputs of each phase. This is useful
when startinga PM projectencouragg reproducibility and creation of an audit trail.

1 This is the first method to explicitly introduce the importance of data quality in
the event data and to suggest that this will likely affect the outcomes of the project.

6.3.4.3 Limitationsof the method

1 It does not incorporate issues specific to healthcare processes.
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1 It does not incorporate issues specific to research.

6.3.5 Declarative Process Mining in HealthcgRovani, et al., 2015)

6.3.5.1 Introduction

While clinical guidelines aim to improve the healthcare delivery process, there are often

good reasons to deviate from them. Healthcare is a complex, unpredictable process
requiring flexibility in its delivbdityy. The au:
of healthcare process models to the explicit representation of all possible paths in a highly

complex, dynamic environment. As an alternative they propose using declarative models

where the models are expressed as a series of consfragypropse a methotb check

thede juremodel against the actual clinical practice and adjusieharemodel to reflect

the actual clinical practice, leading ta@ factomodel. Their proposed methodRigure

6-8 provides useful additional methodological steps to achieve this.

6.3.5.2 Strengths of the method

1 Their understanding of the complexity of healthcare processes and the necessity

for flexibility in their execution and the knoakn effect of making the procedural models
incomprehensible. They claim that the propose
as a series of constraints and is more compact and understandable.

1 Their method splgthe datant o 6t rainingd and O6testd in t
learning methodacilitating crossvalidation Thisencourages quality assessment of the

modelsand asn datamining, shouldenhanceepaired model accurg.

1 Incorporates domain expertise in the moéglair phase.

6.3.5.3 Limitations of the method:

1 The results are based on a single edady

1 Though the texsaysthat the clinical guidelinemreupdated ifoundthat the actual

execution of the process is in fact the correct process, the authors did nateiridis

learning feedback in the method diagram.

1 Their approachassumes that thEL r epr esent s how a process
executedlt is more correct that theL is an accurate representation®frecords.

1 It requires familiarity with the Declare (Leartemporallogic) e language

somewhat mitigated as there is a Declare Miner ProM-ipluas well as Analyzer and

Checker to execute conformance checking. Requires familiarity with the Declare

Designer to create the origindg juremodel. This is acknol®dged in their conclusions.
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1 Each discrepancy between tte juremodel and the log must be explained to
deci de whet h deajuregmodel@and ¢his & a nesburce imtensive activity

1 It may be problematic if thdomaine x per ti seds availabil it
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Figure 6-8: Method for the analysis of medical treatment processes (Rovani, et al., 201
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6.3.6 QuestionDriven Methodology for Analyzing Emergency Room Processes

Using Process MiningRojas, et al., 2017)
6.3.6.1 Introduction
The aim of the work was to create a methodology for answering frequently posed
guestions in emergency room management Udiig The authors identified the need for
data réerence models to identify and manage the information necessary to answer the
questions. They also identified the need to reduce the complexity of resultant process
models by asking specific questions and finggy identifiedthe need to applPM in
flexible environments. The method provides detailed activities, descriptions and
guidelines in six main stagedata extraction, event log creation, filtering, data analytics,
PM, and results evaluation stages.

6.3.6.2 Strengths of the method

1 Creation of questionlassifications

1 Proposediata reference model to guide the datiaction from thédIS.

1 Creation of a question driven methodology specific for emergency rooms.
1 Focus on data quality

6.3.6.3 Limitationsof the method
1 Lack of outcomedased questionlassification This could have been used in
additont o t he O6epi soded, Otriaged etc. <cl ass

1 Could have considered use of ontologies such as SNOMED in Activity 1.3
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1 This methodsuggest managing filtering of the EL ithe PM applicationDisco.
Given thatthis research isocussed on specific questions, the filtericmuld also be
managd at thecreatonofthe B and it i s this autihinmoreb6s opinio
reproducibleusing this methodFor example, the next version of Disco migke wan
enhancealgorithmproducingdifferent resultsHowever, the rationale could be that the

filtering of the EL at thereationstage reduclexibility in the PM stage

SRR, S

DED (@]
@L
Data Analytics Tools '
4
4. Data Analysis Stage
Raw Filtered | Answers to
Event Log Event Log % %’ ' FPQ
L o o - - o
ER Data Model = =3 ' Wt
— - * PM Tools ] )
L L L I 11 |
1. Data Extraction Stage 2. Event Log Creation 3. Filtering Stage 5. PM Stage | 6. Results Evaluation
Stage ] Stage

Figure 6-9: Question-Driven Methodology for Analyzing Emergency Room Process Using

Process Mining(Rojas, et al., 2017)

6.3.7 The ClearPath Method for Care Pathway Process Mining and Simulation
(Johnson, et al., 2018)

6.3.7.1 Introduction

The ClearPath Method also builds on the’PMthod and adds a simulatipimase to help

communicate car@athways to stakeholders and explore whaiptions to facilitate

improvement of thespathways. The method also addresses issues of poor data quality

and supports rich stakeholder engagement. The authors ereghasisvolvement of

domain experts in iteratively refininBM efforts and how simulation models have

previously been effectivaimotivating that engagement.

The method uses NETIMI&Gww.netimis.co.uk a cloudbased online service used to

manage and create models of care pathways as runnable simulations, with nodes
representing events améthways animated with moving tokens representing patients.
The simulator requires no patidetel data as the tokens are randomised with population
attributes. Users can interact with the simulation using a series of features such as zoom
and inspect.terations of models can be run siggside allowing easy comparison. The
method acknowledges the importance of formal data quality management and auditing of
data extract and transform activities. It advocates for an agile approach to produce
simulation nodels using an iterative approach supported by software tools, traditional


http://www.netimis.co.uk/
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academic research methods and traditional businesegs analysis. The ClearPath
method follows the six stages as in PMlanning extraction, data processing, mining
and analyss, evaluation, and process improvement and support. Simulation is introduced
in Stage 5 where mined models are recreated by hand in NETIMIS and enhanced with
information from the business process analysis actions. Evaluation takes place in
conjunction wih the Clinical Review Board (CRB) to view and evaluate candidate
NETIMIS models. Once accepted, models can be published on NETIMIS and shared with
other organisations.
Uniquely, the ClearPath method utilises an evidence template to create thstagely
models. This evidenelease is based on references to source material in the literature
which is then improved with reference to (BeB.
The method is then illustrated using three case studies. The case studies highlight
problems common imodelling healthcare processes including the lack of sufficiently
detailed information recorded in the EHRs, difficulty in extracting detail capable of
providing rich insights and spaghettiodels

6.3.7.2 Strengthof the method
1 Inclusion of simulationaddsvaa | uabidi ¢ 66wWhatensi on to t h
1 Three casetudies greatly enhance the validity of the method. The stasiées

add generally t&®M knowledge by exposing data issues arising therein.

1 It requires no patiedevel data easing ethics andtd protection issues

1 It assesses data quality issues directly using the data quality framework.
1 The method utilises an evidenbase from literature

1 Use of standards such as SNOMED and data models for aggregation

1 It has an iterative improvement appch supportelly a clinical review board.

6.3.7.3 Limitationsof the method
1 The method requires knowledge of simulation and the NETIMIS product

1 It is heavily dependent on tiEZRB whose availability will typically be limited.
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Process Mining Methods Comparative Summary

Process Diagnostics Methoq PDM (& sequence| L*Lifecycle Declarative Process Mining | PM? (ClearPath additions) QuestionDriven
(PDM) clustering)
(Bozkaya, et al., 2009) (Rebuge & Ferreira, 2012) | (IEEE, 2011) (Rovani, et al., 2015) (van Eck, et al., 2015) (Rojas, et al., 2017)

Extends (Bozkaya, et al.
2009)

(Johnson, et al., 2018)

Log Preparation:

Identification  of information
within organisa
Identification of events an
activities

Clarification of timestamps

Data Gathering:
Created a subset of the

systems to a new database
Created a OM
Mining Studio with

architecture
Specified a RQ regarding
patient handovers

Stage 0: Plan the project
Outputs: Understandin
Stage 1: Extract
Understand the available
data | eading
Extract event data from
systems

Understand the domain

|l eading toé
Extract models, objectives
and questions frordomain
experts and management
Out puts areé
data, handmade models,
objectives, questions

New Step before Extraction:
Model Design de jure)
Create process model based
clinical guidelines

This is done by hand

Use declarative language
Record Evat Data/ Event Log

Phase 1: Planning

Set up project
DetermineRQs

Set goals: Improve processes,
check conformance
Time-Boxed, prebooked
meetings with CRB

Phase 2: Extraction
Determine scope (attributes,
granularity, timeframe)
Extract Event Data

Transfer process knowledge
(from business experts to
analysts)

Development of evideneease

1: Data Extraction Stage
Identify available data
Verify timestamp

Name events

Create specific fields
Verify Data Quality

Log Inspection:

Create overview logtatistics, No
of cases, roles etc., no of differe|
events

Sizes of processes,
events per case

Filter to remove incomplete case

max/m

Phase 3: Data Processing
Creating views (ELs)
Aggregating  Events (Using
SNOMED-CT)

Enriching Logs

Filtering Logs

2: Event Log Creation
Identify data to
specific question
Create Event Log
Include specific data for eac
event

answe

Control flow analysis:

Generate model using discove|
Compare to prexisting model i.e,
do conformance checking

Additional Step beforg
Control flow analysis
Sequence Clustering Analysi

Find patterns in the EL

Stage 2: Create control flo
model and connect event Ig
Use automated proces
discovery techniques

Additional Step beforg
Control flow analysis
Split EL to croswalidate

Create test log

Create training log (TrL)

Phase 4: Mining and Analysis
Process Discovery
Conformance Checking
Enhancement

3: Filtering Stage
Basic filtering

Clinical Filtering
Questiondriven filtering
4:Analysis Stage(DA)
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Filter log usingPareto principles
to get high frequency sequences

Provides insight intq
regular/infrequent behaviour
Simplify maps clustering
similar processes

Critiques MM algorithms

Model may trigger redesig
or adjust

Filter and adapt EL using th
model

Create model based on TrL
Repair de jure model T
becomesle factomodel

Process Analytics (using othg
Data Mining techniqugs

Select DA techniques
Statistical Analysis
DataMining Analysis

Performance Analysis: Performance Analysis: Stage 3: Create integrat§ Conformance checking In Phase 4 5:Process Nhing Stage(PM)

Use dotted chart to compal Use petrnet to comparg process model Using thede factomodel and| Handmade models usin{ Identify PM tools

processes and throughput times| processes and throughp| Extend the control flow the test log. NETIMIS Process Discovery

Are there bottlenecks? times model perspectives e.g. daj If High conf. then End Conformance analysis

Compare performance of differe time, resource If Low, regenerate EL Performance analysis

sequences. May answer more Quests | Feedback fronde factomodel Organisational analysis

May trigger more actions | to CGs Question specific analysis

Report Iterate on DA & PM

Role Analysis: Organisational Perspective: | Also executed in Stage 3: In Phase 4

Who executes what activities? | Create a social network { Phase 5: Evaluation

Create a rolactivity matrix track deviations. Diagnose

Discover specialist.
Create a social network

Verify and Validate
Iterative process using Clinica
Review Board

Transfer results:
Discuss outputs
client/domain experts

with

Stage 5: Operational suppg
Models may be used fq
operational support

Phase 6: Process improvement
and Support

Implement Improvement
Supporting Operations

Model acceptance by CRB and

publishing

6: Results Evaluation Stage
Identify experts

Define feedback instruments
Obtain Feedback

Table 6-1: Process Mining Methods Summary
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6.4 Extending the Existing Methods fBrentistry Research
6.4.1 Introduction
In the dental PMliterature review, a formal use of existing PM methods was evident.
As this research developetew phasesand stepgmergechecessary to execuRM in a
dental healthcare research settaulgling to thosé the methods reviewed abov@&me
of these additional phases and steps were essential to dental research and others
significantly aided the process. For example, ethical considerations are an essential step
in dental research whereas the use of a ddatalreference model is helpful in defining
the required data. While it could be argued that some of these steps are common to all
research, they are mostly omitted from published PM literafliney constitutean
essential part of th research snethodobgy. Thisr e s e amethdddlog, known as
PM4D for convenienceégorrows heavily from the methods outlined abgréamarily the
later methods, PR ClearPath and the QuestiBmiven methods. This was an iterative
process and many of the steps were redsiteordered, and optimised. A limitation of
the PM4D stepss that they can appear to be strictly sequential and linear. The reality was
somewhat less cleaut, and the methodology required some flexibility from the author

before it was findy documentd.

6.4.2 Key points orthis Methodology

1 For convenience the methodology used in this researdmedPM4D.

i PMA4D tells the story of this research.

1 The PM and the Question Driven methods described above provided the
starting structure for PM4D.

1 Additional steps were added to meet the needs of dental PM research.

1 PM4D consists of 3 steps.Steps 1 through 8 are general preparatory steps
followed in this research. These are, in many cases, unique to the experience of this
research and although theyght provide useful guidance for future dental PM research,
they are not necessarily easily transferrable.

Plan

Assess the available data

Get appropriate research permissions

Prepare and document the research environment

Data Extraction

DataPreprocessing

N o g M wDd e

Assessing data quality
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8. Create data description and profile
1 Steps 9 and 10 are the preparatory steps necessary to define the specific research
guestions and prepare the data to execute the process mining experiments.
9. Define detailed RQs
10. Dataprocessing to facilitate answering RQs
1 Step 11 is th&key PM step and is based on the Question Driven method as
summarised ifrigure6-9).
11. Mining & Analysis
i Step 12 is th Evaluation and Discussion of the results
1 The additionalStep 13, Process Improvement ar@lipport in the summary in
Table6-2 is the logical andlesirablenextstep, pesent in some of the existing methods,
but notformally executed in this research.
The following section describes the steipeir strengths anldnitationsin more detalil

6.4.3 PM4D Methodological Stepand Critique

6.43.1 Plan

This research applied procemsented data science to a large clinical dental EHR extract
and aimed to provide new insights into the variable pathways leading to different
outcomesAccording to the Process Mining Manifegi&EE, 2011, p. 7and Rojas, et

al. (2017) PM shouldideally be driven byRQs and tis shouldguide the extiction of
meaningful event dat& his research set out with the broad aim as outlined above and
without clearly defined RQs. This reflected the emerging nature of the process mining
technology the exploratory approach taken to the datagd the lack of previous
applications to large dental datasets. It was also a reflection of the chatldéagsessing
theability of PM and EHR data to answer specific clinical questions. For example, it was
intended to examine the effects of applying fissure sealants on treatment process and oral
health outcomes, but this was not possible due to difficulties defining sdmaving
received (or not received) the treatmeHbwever this broaderaim led to a more
comprehensive dataset than might have otherwise resulted and opened the doareto
exploratoryapproach in theesearch

The required minimum dataset for execnt of PM is case identifier, event and
timestamp. Considering a patient as a case, treatments as events, and time of treatment as
timestamppne would expedhese basiand minimum data elemenisuld be available

from every EHR. However, this research considered the full dataset available from the
EHR and attempted to maximise its utility through expanding the dataset facilitating a
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more exploratory approach. This step is closely linked to thpriggaration stage of the
PDM (Bozkaya, et al., 2009jhe data gathering stage introduced by Rebuge & Ferreira
(2012) Stage 0 of the L* Lifecycl¢lEEE, 2011) the planning phase of P\van Eck,
et al., 2015)nd the ClearPath methof®hnson, et al., 201,8and the data extraction
and event log creation phases of the question driven méRupas, et al., 2017)
A clear shortcoming of this research is the lackadbrmal clinical review board as
incorporated in the ClearPath method, which would have a crucial role in development
of RQs and in the assessment of the abbdlalata. It is clear that each PM research
project will have its own aims and RQs and accordingly its own data requirements and
available data sources. Hence, it is not feasible to have a strict cookbook approach to the
planning phase.

6.4.3.2 Assess thavailable data

Two standards relevant to PM of dental EHR data were identified: the PM healthcare

reference modeglMans, et al., 2015and the ANSI EHR standaf@&merican National

StandardAmerican Dental Association, 2013, pp-22). These standards provided the

basis for first, assessing the O0compl eteness
making recommendations for an oO0ideal 6 dataset
limitations in this application. The healthcare reference m@tlRM) is generated from

the information systems of several hospitals without any specified dental service and

many components were not relevant to the dental service on which this resbasgdis

The ANSI standard was functional in its definition and did not have specific data

definitions or a data dictionary.

Bearing this in mind ie available datavascompared tahe standardand a gap analysis

was completed.This step positionedhe dahset within the proposed standards and

produceda generalisable benefit in informirigture dental EHR desigers wishing to
accommodaprocess and dataminingvhi | e useful , i1t is | imited b
of other potential RQs. There are many amaspecialism in dentistry not considered

(endodontics, orthodontics etc.) each having their own specialist data requirements to
assesprocess and outcomednly when the RQs are finalisedwd an ideal dataset be

describedThe existing methods did not reference either of these standde8NSI

standardis specific to dental EHRs angas not relevant to the existing methods.

However, the HRM could have been referenced in the methods based on healthcare

processesThis partof the research is detailed @hapter 7
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6.4.3.3 Get Appropriate Research Permissions
A step not specifically developed in the existing methods is that of acquiveng
appropriate permissiorer the researchin this research it was a complex and time
consuming phaseAt this stage, the researeimsandobjectives were clear agasthe
data required to answer them. This allowed a concrete application for data access to
stakeholdersdataownersand controllers, ethics committeeand software suppliers
whoseassistancevasrequired in the extraction process. This phase in a research scenario
involved completing application forms and satisfying stakeh&deequirements
regarding the proposed use of the d&thics clearance documentation and permissions
werereceived in returnThis phase required ethical clearance from University College
Cork followed by agreement from the Primary Care Research Committee and the
agreement of the Principal Dental Offiagherethe EHR was in use. The request was
referred totie Office of the Data Protection Commissioner for an opinion which returned

supportive of the researchhis part of the research is detailed in Sectid.

6.4.3.4 Prepamgand Documentinghe Research Environment

In advance of receiving data, preparations were made for the research environment.
Commitments were given to data owners regarding the security and handling of the data.
Complying with this included desching the hardware and software architecture and
generaing documents such amtaand anonymisation amagemenplans describing the

data situation and the data flow around the organisations involved. Further consideration
was given to data protection issuag this poin

A reproducible research documerss drafteddetailing what efforts can be made to have

the research data placed in an accessible repository when the current research is
completed. This willalso facilitate verification of the researcksults and, with the
permissions of the datawvners and controllers, the use of the data for further research.
This part of the research is detailed in Sect#@s4.3, and5.2

6.4.3.5 Data Extraction

The primary data extraction culminated in CS\ésilbeing presented to the researcher.
Several steps were undertaken here. Extraction code was written and eXdentedf

these steps were specific to the Bridges EHR, were conducted without significant input
from the researcher, and are included heireaotly to indicate the outputs and resulting

artefacts as presentedTiable6-2 below.
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6.4.3.6 Data Preprocessing
This consists primarily of the anonymisation process in wthehresearcher was not
involved and as above, is included here primarily to indicate the outputs and resulting
artefacts as presented Table 6-2 below. An anonymisation plan and anonymisation
code was created and executed resulting in anonymised data. Documents such as the
Anonymisation Standard Planning Record (See Appetfi¥ were created in this
phaseMany of these steps were specific to the Bridges EHR, were conducted without
significant input from the researcher, and are included heneaply to indicate the
outputs and resulting artefacts as presentdabie6-2 below.
This anonymisation phase, though clearly necessary, has a generally negativ@mmpac
the value of the data as information such as the location of the individuals is removed at
this point.lt is also clear that if the data owner was seeking to answer the research
guestions irhouse, this step may be unnecessary and could result &r lojghlity

research data.

6.4.3.7 Assess Data Quality

After receinng theanonymised data, it was loaded into the research environraegt

data load scripts. There were several intertwined dt#lasving this phase. Data and
metadata were assessed for quaktfigrenang the RQs, and data of inadequate quality
was marked as such. Some data quélt®) issues found at this stage disqualified the
data from all research e.g. data integrity issues while @feissues only disqualified

the data for a specifRQ. The complexity of the DQ issues necessitated the development
of a data quality framework as detailed in Secfioril9.3

6.4.3.8 Create Data Description and Profile
After DQ assessment and transformation, tfa#ga was described and profiled. This
resulted in documents such as entity relationship diagrams, data descriptions, data profile

documents, anBQ documents.

6.4.3.9 Define detaild RQs
Next, detailedRQs, hypothesesand experimentaredefined.This part of the research is
detailed in Chaptes.
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6.4.3.10 Data processing to facilitasnswering RQs
This can be divided into two parts: general datacessingvith transforms to facilitate
theRQs, and éta processing to facilitate answering specific RQs

Part 1: General dta pocessing and further transforms to facilitate Rgs areexecuted
resulting in additional data tables and fieloieluding aggregated and calculated data.
These transforms are detailed in Appentix18

Part 2: Data processing to facilitate answering specific Ripgs has two phaseslrort
definition and creation, anelventlog creaion.

Phase 1 CohortDefinition andCreation
1 First the Cohort must bdefinedin terms of selection criteri@suling in a list of
patients who fulfil the criteria to have their record included in the experimbiststep
is akin to temporal electronic phenotypifidripcsak & Albers, 2013{Liu, et al., 2015)
1 A table Cohori, containing the ID for each patieintthe cohort ixreated in the

BridgesPM1databasewhere X is the namsummary of the RQ

Phase 2 Event Log Creation

1 All relevant teatment process evengxperienced by tise patientsare then
extractedand expordto a csv/ixt filecalled RQn.txt where n is the RQ numbéne
minimum required data elements ¢arry out this experiment wer@lientID (Case),
ProcedureName (Evengnd CompletionDatef each treatment eveffiimestamp).This

is similar to the Filtering Stage described by Raasl. (2017) here whosemethod
proposes using basic, clinical andegtiondriven filtering from within the PM toolgdo
create th&L and these filters are normally incldlin the PM tooldn this research most

of the filtering was carried outerei.e. when the cohorts were defined and when it was
decided which event® include in theEL. This was done primarily for ease of auditing
and reproducibility. It is difficult to capture filter settings from il tools as they are
often set interactively in the user interface. The author is not aware of a facility for
captuing thesesettings along with the process model outpimerefore the filtering is
captured in the SQL files creating the cohorts and selecting the events for pro&ssing.
filtering at the eventog creation stage, some flexibility and agility at thenpof use of
thePM tools is lost, but the SQL scripts used facilitate easy editing and recreation of the

cohorts and events when required.
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1 The csvi/txt file is then converted to an XES formattedvithin Disco using
standard Disco functionality.
i To provde anoverview of theEL, from information available within the Disco
applicationthe fundamental statistics around cases and eaenthen summarised. This
gives information on thproportion of variantandnonrunique pathwaysh the event log
and isuseful for gainingntuition andunderstanding of the data.

6.4.3.11 Data Analysis and Procebtining

Part 1: Data Analysis

Analyse the data supplemental to the PM analysis. This is akin to the data profiling
already executed in this research buggscific to the experiment with the aim of
discoveringdifferent patterns and knowledge on data contained in the event logs.

Rojas, et al(2017)characteris¢his as:selecting statistical analysis and data mining
techniques and tools that are then used to characterize an event log, identifying the
frequency of activities, the distribution of cases over time, and variants of process
execution, among others.

Part 2: Process Mining

Thisis followed by theprocessnining using Disco. Theeasons for the

decision to utilise Disco idetailedin Section2.6.4 Analysis of result$ollows.

If using the complete dataset yigkah incomprehensible spaghetti mbds is often the
case with healthcare processes then, consi ste
all filtering at the cohort and event log creation phase, thet éogmvill be regenerated
omitting less frequently occurring events. Fasis are to be carried out using various
thresholds for inclusion of an event in the EL, cognisant of our guidelines for legibility
and comprehensibilityn Section5.4.2until the cohortyields acceptable process models.
The sof t wacymodevasket up githdCase Frequenéy as t he pri mary me
and O0Absol ut e sdeondagmeria Cagedreqaency indicates the number

of distinct patients who experienced an event (i.e. received a treatment). Absolute
frequency refers to the number of times an event occurred and hence, a patient could
appear in this count multiple times. Tha&fprmance model set up witiMean Duratiod

as the primary statistic andse frequencgs the secondary metric.

6.4.3.12 Process improvement
Process improvemerg not addressed in this researtlowever, they are included in the

methodology for completeness.



127

6.4.3.13 Support
Process improvement and support are areas not addressed in this reseeegkr they

are included in the methodology for completeness.

The 13 steps PMA4D, a listing of inputs and outputs and their locations in theigrere
shown inTable6-2 below. Those steps that are new or add significantly to the existing

methods are marked with an asterisk and printed in red.
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Table 6-2: Extended Methodology Steps

Methodology Step

Inputs

Outputs

Where are these
outputs in this thesis?

Plan

This research is the application of Proees
Oriented data science to a large clinical
dental EHRextract. Research aims are the
creation of a robust methodology to achie
this and its validation. The processes
examined are closely tied to the
aim/objective of improving Dental Public
Health. Data Mining Literature Review e.g
various algorithms, dissery and
conformance.

Overall RQs.

Ideal Dataset description.

Minimum Dataset Description

The resulting general RQs will
generate an ideal dataset which are
compared/mapped to the Healthcare
Reference Model and the ANSI
Standard

Chapter3
Figure4-3, Section7.6.6
Case, Event, Timestamp

* Assess data. Data Model and
Mapping. Map ¢
6avail abled dat
Reference Model and ANSI
Standard

Ideal Dataset, MinimurDataset
Healthcare Reference Model (HRM)
Dental EHR Standards (ANSI 1937 2013

Mapping Document

Compare Datasets to the HRM.
Gap analysis of both

Appendix10.2
Section7.6.5
Not formally done

* Get Appropriate research
permissions

Application Fams

Ethics Clearance

Data Controller Permission
Software Supplier IP Agreement
Other Governing Documents

Appendix10.4& Code
CD(20)
Appendix10.4
Appendix10.5

* Prepare research environment

Hardware & Software Architecture
Software Installation

Security & Integrity

Applying e.g. UK Data Archive data life
cycle, create a plan.

Environment description
Reproducible Research Document
Data Management Plan (UoL
requirement)

Data Protection Plan

Sectior4.3
Appendix10.1
Not formally required as dat

anonymised. See ADF in
Section5.2

Extraction

Data extraction to address Overall RQs: Th
ideal dataset description will be
compared/mapped to the available dataset
(Bridges). This output is Bridge’3M1)

Data Extraction Script

SQL Server Services Integratipackage
to export to CSV files

Event Data

Code CD (1)

Code CD (3)

CSV files not available due td
dataowner restrictions

* Pre-Process

Anonymise

Transfer to research location

Anonymisation Standard Planning
Record

Appendix10.6
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Load data into research environment

Anonymisation Plan

Data Anonymisation Script
Data Anonymisation Checklist
Anonymised event data

SQL Server Data Load scripts

See ADF in Sectiob.2

Not Included to protect
anonymisation process (2)
CSV files notavailable due to
dataowner restrictions (4)
Code CD (5)

* Assess Data Quality

Apply the Care Pathways Data Quality
Framework to manage and mitigate data
quality issues

Quality Assessed Data (Event Data)
List of Data Quality issues
Data qualityreport

SQL Server database
See Sectiod0.17
See Sectiod0.17

* Create Data Description & Profilg

Describe Data and Metadata

Data Description

See Chaptet.1

Profile Data- Document general information| Entity Relationship Diagram SeeFigure4-3,

about the event data: Volumes, Variety, Data Profile See Chaptet

demographics Jupyter Profiling Notebook Code CD (9)
* Define detailed RQs The RQs defined here should be detailed | RQs See Chaptes
Apply Policy & Strategy approach| enough to create a testable hypothesis and| Hypotheses See Chapte3

define cohorts for testing
Initiate an Experiment Design Document

Experiment Design Documents

Not Completed

Data Processing (Transforms)

Additional datatables and fields

may be created in this phase

including aggregated and calculati

data.
* Apply Policy & Strategy
approach

Experiment Design Documents
Event Data

Each experiment design will result in an eve
log

Data Transforms Code

Data Transforms Description
Cohort Creation SQL scripts

Event Logs

Experiment Documentation (partial)
Calculate Cohort outcomes

SQL Server Services Integration packg
to export to C¥ files
CSV/ixt Event log files

Code CD (6)

See Sectioh.3.5
Code CD (7) & (8)
Code CD (7) & (8)
Not Completed

See Section.3.3.11
Code CD (7) & (8)
Code CD (7) & (8)

Mining & Analysis
* Apply Policy & Strategy
approach

Cohortso
Event Logs

out comes

Jupyter Analysis Notebook

Process Models

Analysis/Critique of our techniques &
algorithms

Experiment Documentation (Cont.)

Code CD (9)
Code CD (7) & (8)

Evaluation

Process Models
Domain Expertise
Bias Assessment

Improvement Ideas
Experiment Documentation (partial for
iterations) & later complete documents

Process Improvement and suppor

Not executed in this research

Improvement Ideas

Process Modifications

Not executed in this research
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6.4.4 Policy and Strategy Questions Methodologipproach(RQ4)

An additional dimension of this research is the use of EHRs to investigate the effects of,

or to evaluate a policy or strategy decision. During this research a secapgangach

emerged to formalise this. This outlines more a way of thinking abwering policy

and strategy questions frdaiHR data rather than a strict method. A summary is proposed

in Table6-3 below.

Steps 1 through 8 of PM4&recarried out as before.

Step 9 of PM4D is replaced by Steps 9.1 through 9.8 below.
Step 10 of PM4D isimilar o Step 10 below.

Step 11 of PM4D is similar to Step 11 below.
Table 6-3: Policy and Strategy QuestionMethodology

Step | General experiment method for using EHR data| Specific Steps in this research
No. | evaluation a policy, strategy or decision. (Sectionsr.3.3.1and
Sections7.4.3.)

9.1 Identify a situation that represents a policy or Varying strategies in HSE South
strategy change or decision of interest onschool dental screenings

9.2 Assemble evidence/documentatibis policy Situation AnalysigUCC/HRB,
happenedn fact, ands recorded in the EHR. 2005/6)

9.3 Is the policy/strategy visible in the EHR? See Screening analysis below
94 Does the EHR data comply with the policy? If,ng Partially. See Screening analysis
can the policy be reliably simulated from the EH| below.(Section§.3.3.1and

data?Define how this is determined. Sections7.4.3.1)

95 What are the appropriate outcomes to measure | DMFT, QoL, ICDAS etc. See
effects of a policy/strategy? Background / introduction

9.6 Which of these appropriate outcomesavrailable | DMFT.
from the EHR?

9.7 With the objective of ensuring cohorts are from 4 Establish the baseline DMFT
level playing field, identify potential exposures, | (2007) for these cohorts. Tée
outcomes, confounders and mediators and mitig should be Carieree (DMFT=0).
if possible.

9.8 Develop the specific RQs around the Is therea different healtloutcome
policy/strategy, answerable with the EHR data | or treatment proceder the

patients subject tthe policies?

10 General data processing asSitep 10, Part 1 of See sample Cohort Selection Coq
PM4D. Definecohorts on all sides of the in Appendix10.12
policy/strategy or decisiof Create Event Logas
in Step 10, Part 2 of PM4D

11(a) | Results: Establish the outcomes for these cohor] See DMFT outcomes in Sections
with Data Analysisas in Step 11, Part 1 of PM4D| 7.3.3.11

11(b) | Results/Discussion: Are the outcomes different fi See Outcomes analysis in Sectio
the cohorts? 7.3.3and7.4.3

12(a) | Results: Establish the treatment process model | See Process mining outputs in
experienced by theohorts as in Step 11, Part 2 0] Sections7.3.3.12and7.4.3.12
PM4D

12(b) | Results/Discussion: Are the treatment process | See discussion section7ri3.3and
models of adequate qualitifhot, Iterate to Step | 7.4.3
10. Are the treatment processes different for the
cohorts?

This can be summarisesin Figure6-10 below.
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Policy and Strategy Example from this research

Questions Methodology

Identify policy
visible in the EHR
\/ Screening Frequencies?
Identify appropriate outcome
measure visible in the EHR \/
\/ DMFT
Develop Research
Questions \/
\/ Does Frequency of Screenings impact DMFT?
Define Cohorts Does Frequency of Screenings impact Treatment Processes?
Identify confounders \/
Establish and compare 1st Screening at age 617!3
treatment processes 1,2, or 3 subsequent screenings
Baseline DMFT =0
\/ etc
Establish and compare
outcome measures \/
See Results Chapter
Analyse and discuss

Figure 6-10: Policy and Strategy QuestiondMethodology with Example

6.4.5 Conclusion

The published®M methods were reviewed and analysed for their strengthswtations

and how they could be applied to this research. The requiremd?lt$ @atental EHR in

a research environment necessitated additional steps and the experience of this research
is described in Sectigh4. PM4D identifies in detail the inputs and outputs for each step,

the artefacts created and where they are to be found in this research and provides a
structured approach and checklist for future research in this argeamportant to note

that the steps were not necessarily executed in a strict sequence and there were several
iterations to fully document the method. A secondary approga$ necessaryor
assessing the impact of strategy or policy changes in an EHBnpee inFigure6-10
andTable6-3.

With the methdology in hand, the researcjuesionsbecame the next focus.
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7 Validation of the MethodologyExperiments and Results

7.1 Introduction
Vadlidating examples were requiréal answer research questions 1 through 4.

1 CanPM helpassess compliance witacommendedare pathways and clinical

guidelinegCGs)? This addresses RQ1 and RQ

1 CanPM establish the treatment pathway preceding a specific outcbhme?

addresses R®)

1 Can analysis of the EHR assess Thsf requency
addresses RQ)

1 Can analysisofthe EHRasse t he i mpact of O6aghs at first
addresses RQ)

7.1.1 Assessg Compliance with @rePathways andlinical Guidelines

7.1.2 IntroductionandAims

Can PM help assess complianagf realworld processeswith recommendedcare
pathways andCGs? It aimsfirst to establish ifPM candiscover pathways from dental
EHR data addressing RQ1. Secoitdaims to see if those discovered pathwaye
compaablewith established care pathways @@s addressing RQ2

In summary this investigaés P M dpstential toassessompliance of the realorld de

facto processes in our research dataset with establidegdre processesrom the
literature. The mainobjective is to discover the treatment processes experienced by the
cohort present them in a comprehensible forraatitherebyget an overview oPMé s
abilities with thedataset.

First, the care pathway proposed in the Steele r@Nbt® England, 20095 considered
Then, two examples from thieish Oral Health Services Guideline Initiats/é2010;
2012) are consideredror various reasonghese de jure processes being used in this
research haveotbeen implemented in théSEand the following examples are therefore
hypothetical in natureHowever, they serve to investigate whether or not the research
data is at the correct granularity, i.e. the correct level of detail to facilitate such analyses.
The experiments also hatree potential to indicate to what degree the serfaltews the
guideline andif the guidelines were to be implemented in the futw®uld serve asra

initial benchmark. If the data proves to be suitable for PM then this should encourage the
collectionof data with tooth details and treatment detail as was dor00@in the NHS,

as opposed to the aggregated bEwel data currently being collected and would

facilitate such PM research.
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7.1.3 Succes<riteria
The success critexfor this questn aretwofold:
First, he researcbatamust besuitable forcreatingPM event logsand produmg models
recognisableand comprehensibléo our PM and dental domain expertSecond, it is
desirable thatite models be comparable with tretablished care pathways and clinical

guidelinesallowing insight as to the degree of compliance ofdéxéacto models.

7.1.4 Steele reporfNHS England, 2009)

This pathway starts with a new patient visiting the dentist. Theyttmdang either for

routine care or for urgent care redud pain relief. After pain relief is administered,
6Urgent 6 patients are encouraged to undert
the same pathway as t he albeRlth assdssmend, patieats i e n
receive disease management, routine management arilthse#l recalls. This pathway

is alsothe gateway to advanced dental cand isshown inFigure7-1 below.

New patient visits dentist * e |

Definitive
pain relief

Assessment of
oral health

Recommend assessment
of oral health

Disease prevention
and management

Continuity of care
and routine
management

Advanced care

Figure 7-1: Proposed Dental Care Pathway¥NHS England, 2009, p. 45)
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7.1.4.1 Process MiningMethod
Following thePM methoalogy geps from Sectios.4.3
Steps 1 through 8are the general preparatory steps followed in this research, common
to all RQs andhave been completed earlier in the researctietailed in Sectiofi4.3
Step9, defining the detailed RQ1&2, is addressed in Chapter
Step 10, Part1, Generaldata processintp facilitate RQsis in Appendix10.18
Step 10, Part 2, RQ-specific data processing is now addressed.

Phase 1CohortCreation

One week of activit wasusedto demonstrate the comparability of the EHR dataRivid
outputs to thelejure pathway. The cohort was defined as follows:

| 't was t hrdvisp @ the demal servicdhey receiveceitheran Initial Exam

(Routine) or Emergency Appointment (Urgenfthis tok place letween  Sept 2007
and %" Sept 2007Data qualitywas OK.

A tablecalledCohortCarePathwayith the ID for each of these patients was created

Phase 2: Event Log Creation

1 All subsequentreatment process events experienced bgetpatientswere then
extractedand expordto a csv/txt file The minimum required data elements&ory out

this experimentwereClientID (Case), ProcedureName (Eveat)d CanpletionDateof
each treatment eve(fimestamp).

1 Convert he csv/txt file to arXES formattedEL using Discofunctionality.

1 To provide anoverview of theEL, the fundamental statistics around cases and
eventsaresummarisedn Figure7-2 . Notable is the high proportion of variantgpical

of healthcare processes, known for tHeaxible nature.Of the 88 cases 86 followed

unique pathways.

Cohort Case/Event Histogram
For comparison with
established care ::
pathways 010

0.08

No. of Cases 88

006

Variants 86 n.04

No. of Events 1630 0.02 /\

0.00

Events percase | 18.52 0 0 40 50 80

Ewvents per Case - CohortCarePathways 2007+

Figure 7-2: Event Log Characteristics (Care Pathway Compliance)
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Step 11: Data Analysis and Process Mining
Part 1:Data Analysis
No supplementy data analysis was necessary for this experiment.
Part 2:ProcesdMining resultsand output
Using the complete dataset yielded an incomprehensible spaghetii asodeuld be
expected with the high number of variamisonsi st ent wi th this
carry out all filtering at the cohort and event log creation phase, the event log was re
generated omitting less frequently occurring events. A numbestsfweere carried out
using various thresholds for inclusion of an event. This was done cognisant of our
guidelines for legibility and comprehensibility (See Sectoh?. Restricting the Elio
events occurring more than 20 times for the coli@itled process modelsithin the

guidelines

This modelwi t h bot h & Ro uis shovdnFigure @3 béldv \gesvimg 0
sampledUrgenbandd@Routinédpatientsn isolation gives us a concise view of the different

paths being followeds presented iRigure7-4 & Figure7-5.

The darker coloured boxes (events) indicate higher frequency of exeaftithese
procedures and the heavier arrows indicate the most travelled pathways. The larger font
number within the box indicates the number of patients (cases) receiving the treatment
and the smaller font number within the box indicating the numbeémeftthe treatment

was executed reflecting that a patient may receive a treatment on multiple occasions.
The default settings for thiBM tool aim to present thmain features of the dataset i.e.

the most frequent activities arftetmost frequent paths.
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Prescription
14 (22)

Routine

68

GA Extraction
6 (30)

Tooth Dressing

Figure 7-3: Routine and Urgent Care Pathwaygenerated from a single week of data.
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Initial Exam

Completed Case
20 (34)

®



138
Step 12Evaluation andDiscussion
The overall mode{Figure7-3) generatedhad the following key characteristics:
1 It showed & obviousdemarcationbetween paths followelly patients whose
initial visitwa s 6 Rand thasewédse initial visit wasUr gent 0.
1 Patients presenting as an emergenay fr@dominantly restorative treatments
such as fillngs, extractions, and dressings.
1 Patients presenting for a routine examinatiord pmedominantly preventas

events such as fissure sealants, oral health instruction etc.

The modelsshowed that6 6 % o f patients presented for
bal ance f or ¢6Romgheditgend pathwaya oven 809t subsequently re
joined theRoutinépathway having a routine initial examinatidris isshownin Figure

7-4 where it can be seen that 12 of the 22 patigmesentingfor an emergency
appointment had a subsequent initial examination. This is not obviou$-igome7-3 as

it is impossible to see whether those having a routine examination had entered the service
through the emergency pathwayyoving the necessity to present all three views.

Although the cohdrwas generated from a single week of initial visits, the event log
contained all of tis cohorb subsequent encounters with the service and could therefore
identify those who rattendedhe HSE dental servige the routine streamat a later date

It isalso possible that members of this cohort could have had additional dental treatments

outside the HSE service i.e. in private dental pcasti

Addressing th&kQs:

Can PM discover care pathways from the dental EHR?

Addressing the R involves several practical questions. the data in the EHR
comparable with the care pathway@ are the treatment events recorded in the EHR
similar to the steps indicated by the care pathway? Do they use a samtanology?

Are they at a similarmgnularity or degree of detail?

Answering tlesequestiors for thisresearch dataséfhetreatment events recorded in the
EHR have timestamps and can be ordered into a process nuxilety the complete
dat aset generated f r om ndbleepaghetiyme modelsvasE L , an
generated. Rerefore the data was restricted to events occurring more than 20 times for
the cohortThis threshold yielded models that fitted our criteria for comprehensibility as
detailed inSection5.4.2and shown irrigure7-3, Figure7-4, andFigure7-5 above. Even

thoughthese models have been simplified as detailed aboyare7-3, the most complex
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model, is barely legible on A4 paper. When represented as portable graphics network
(.png) format file, all models can lemlarged orscreen or for printing as needed without
loss of definition.
The eventsinthe modedsr e si mi |l ar to the steps in th
OEmergency Appointmentd can be Wlilestbeci at e
granulariy is finer in the EHR data, the similarities between the terms is appa&hent.
preponderance f preventive measures such as 0Or
Seal ant 6, oO0Dietary Anal ysi si. routinepttibngss pat h
incontrast o t he predoei nahdé6l meaparas such as
extractionsfor the emergency patient§he research data appear generally suitable for
PM are recognisable and comprehensible to our PM and dental dexpairis They are
legible on papeandon the computescreef® Thenodes & arcs can be identified, isolated,

and understoadhe spaghettitype model can be simplififdr comprehensibility.

DoesPM the EHR data produce a useful process moéliedthepathways similar to the
recommended pathway&e the relationships between events similar?

It can be seen thahe technologies used, when tailored to the researchmratiuced

models that were comprensible and legiblasin Section5.4.2 The pathways in the
models corresponded closely with the recommended pathheaythe Steele Report

While it is unclear wheter there is atargetfate si r abl e proporti on:¢
6Urgent 6 presentations, it is easy to ca
and to identify deviations from the ideal process if required. These technologies offer
insights uniqueto PM, namely the ordering of events into comprehensible process
models which identify the frequencies of use of the pathways and facilitate comparison
with ideal modelsPM cantell us if patients are following this care pathwayd show
thatover 50%of emergency patientg-joining the routine care pathway as hoped

This shows the plausibility of usinguch technologies to monitor compliance of feal

world activities with the desired care pathw@ych modelsould be of valuén planning

and monitoring care pathways towards improved oral health outcomes

There a number of important limitations in this experiment.
1 This care pathway has not been implemented as palicy t hi s dat as e
The objective of this experiment isagsesPM6 s pot enti al to evalu

such pathways using EHR data with simil al
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1 It is possiblghat the patients arriving for @mergency appointment also had an
Initial Examincorrectlyregisterecbn that day giving a misleadingly high percentage of
patientsrg oi ni ng t he 0 Ro uteaxpiamdhe giceepahogranymberd hi s may
attending inFigure7-3, Figure7-4, andFigure7-5. This is aDQ issue in Sectiod0.17
1 It is possibke that the selectionf dates in September i.e. the start of the school
year, could have an impact on the numslfresenting for emergency appointments.
1 It is possible that members of this cohort could have had additional dental
treatments outside the HSE service i.e. in private dental practices.
1 A shortcoming of the Fuzzy Miner used to create the process modiett ihe
formal measures of process model quality i.e. fithess, precision, simplicity, and
generalisability, are natalculableon fuzzy models. These models are a-gestss with
an emphasis ographically emphasising the most relevant behaviour, byileaicg the
relevance of activities and their relations.
1 A shortcoming of the process models presented here is that the sum of the numbers
of cases on the arcs is sometimes less than the number of cases in the originating node.
This can be confusingut isa direct result of the fuzzy miner eliminating infrequent paths
or noise. This enhances the comprehensibility of the models. This can also manifest as
the number of cases in the originating node being more than the sum of the subsequent
nodes. It is of corse possible that small numbers of important cases are omitted in this

fashion and accordingly, caution should be exercised when interpreting such models.

7.1.5 Irish Oral Health Services Guideline Initiatif2012, pp. 6,7)

The proposed best practice approach for promoting, proteatigignaintaining the oral

health of schoehged children in Ireland is shown Kgure 7-6 below. Most of the
distinct steps in the model are present as treatment items in the BridgesPM1 data extract:
a medical questionnaire is completed for each patiertlinical examination (ital

exam) is carried outcaries risk assessment functionglithough available in the
application softwaredid not go through the process of adopticaries prevention
instruction (oral health instruction) exists as a treatment event as do fluaricishv
application, glass ionomer, fissure sealant and rethb. caries risk assessment tool
captures the variables which help to categor.i:
judgement without the use of a tool is also valid and is a wipklgticed approach.
However, such a tool serves as a reminder to the clinician to coalitier most relevant
variables, and although helpful it is not an essential requirement for categorisimgspatie

according to caries risk.
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The deci siotnurpeoindntérMoli adequat erde s sammho6
dataset, however it may be present in free text notes not extracted for this research. The
dataset is at the correct granularity level to assess compliance with this guideline and if
t h @arieSRisk Assessmeifunctionality in the Dental EHRad been implementeahd
if it were possible to deduce if moisture control was adequate then, compliance checking
with this | evel of guideline would be fe:
Notwithstanding that there are some steps indégure process unavailable in the
research data, it is nonetheless clear that the data is at the appropriate level of detail to
facilitate comparison to the guideline. Given that the guideline was natnmepited, the

authorhas notreaedcohorts and process models in this case.

Apply Fluoride Varnish or
consider Glass lonomer as an
interim sealant.
Apply & Maintain fissure
sealant to first permanent
Molars

Recall within
12 Months (

Figure 7-6: Oral Health Assessment Program Proposal (adapted from Irish Oral Health

Services Guideline Initiative (2012, pp6, 7))
7.1.6 Fissure Sealant Cyclé&rish Oral Health Services Guideline Initiative, 2010)
The high level of detail present in the guideline for the Fissure Sealant Eiplee(7-7)
presents some additional challengesHdt of the EHR data. Asn Section7.1.5above,
this guideline requires a carieskrisssessmenand this idollowed by several additional
decision points. While some of the details required to follow the guideline are collected

by default during the oral examination, e.g. Sedl/indDemineralisation5uspicious,
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many other pointsiithe guideline require additional documentation at the time the fissure
sealant is being carried out e.g. Sealant intact? Adequate MoXtateol, Caries into
dentine, Xray required, and choices of treatméfthile the guideline is clearly valuable
in defining the process itselfoif PM to be of value in assessing whetliters being
complied with, much of thidetailedinformation wouldhave to be explicitly documented
for each toothassessed fdissure sealantWhile the clinician may be processing the
clinical clues or information in their own mind, much of the detail may not be documented
at a tooth levellt is unclearwhethercollecting his additional detailvould bepractical
or not.The benefit of collectig this level of detail on an ongoing basis is questionéble.
appears that this would be a thoensuming requirementould slow down practitioners
and increase appointment times for patieAtsme-andmotion study or similar method
could give a cleaindication of these effects. Without this informatisnch detailed data
might be better collected on an occasional basis perhaps as an audit toatidretss
specific researchuestionsGiven that the guideline was not implemented, the althsr
not creaedcohorts ad process models in this case.

7.1.7 Conclusiors

Can PM can discover pathways from dental EHR data addressing RQL1. If so, are these
discovered pathways comparable with established care pathways and CGs?

This experiment has shown that PM is capable of producing process models from the
dental EHR data, #t are recognisable to dental domain experts and PM experts and
comply with the requirements of comprehensibilitysection5.4.2

PM showed us to what extepatientsare following tle care pathwayrom the Steele
Report and also showed thater 50%0f emergency patientg-joining the routine care
pathway as hopedrrom the explorations in Sectiorsl.5and7.1.6 it can be seen that

the level of detail of data contained in the BridgesPM1 datasetisigher level than

that required for comparison with these Fissure Sealant Clinical Guidelines but it would

appear to be at an appropriate level for Onal Health Assessment Program Proposal

Il n conclusion, this expeoveroaeephways foormled PMO6s ab
research data and that these modelcangparable with established carathways and

CGs.This shows the@otential forusing such technologies to monitor compliance ofreal

world activities with the desired care pathway. laiso worth considering that such

models would be of value in planning and monitoring care pathways towards improved

oral health outcomes.
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Fissure Sealant Cycle

The use of pit and fissure sealants for high caries risk individuals or groups should form part of an overall caries preventive programme, which includes advice on home care, with a
focus on twice-daily tooth brushing with fluoride toothpaste containing at least 1,000 ppm fluoride and appropriate dietary advice. Maintenance of fissure sealants is important to ensure
their continued effectiveness, and sealant integrity can be assessed at recall It is recommended that the recall interval for high caries risk children should not exceed 12 months_%°

Caries Risk Assessment

Yy

Recall at
appropriate
interval based
on caries nsk
F

A

A non-operative approach to the management of
suspicious fesions is advocated. Provided they remain
intact, sealants can slow or arrest the progression of
suspicious lesions. Fluoride varnish can prevent caries,
but specific evidence for its effect on suspicious lesions
is lacking. Follow-up is essential for both approaches.

Assess Tooth

I I
Sealed Sound Demineralisation in pits and Suspicious™®

fissures confined to enamel

A

Adequate moisture
control?

Yes Sealant intact?

A J
A

Resin-based e Resin-based Resin-based Open suspicious
sealant sealant sealant fissure

+ ‘ 1 v

| Check retention after application |

Fluoride varnish Fluoride vamish

i
I
1
, | Check retention after application |
! Check retention
h 4 after application

| Review within & months |‘ | Review within 6 months I

i
1
'
'
]
]
l ‘ ‘
1
1
1
'
'
[
[
]
'
"
'
'
'
L

Recall within 12 months

Figure 7-7: Fissure Sealant Cycle(lrish Oral Health Services Guideline Initiative, 2010, p. 6)
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7.2 Establishng the Treatment®athwayfor a Specific Qutcome
7.2.1 Introduction and Aims
CanPM establish the pathway precediextraction under general anaesthéBé\)?
Sometimes it may be of interest to simply estabiighstepssurroundingan event of
interest.This experimenstudiesGA extractons (GAx) aiming first to establish if PM
can disover treatment pathways precedihgnfrom dental EHR datandaddressing
RQ3. Second, it aims to see if those discovered pathways yield useful insights.
This is an interesting topic as itdaexpensiveresourcentensiveintervention traumatic
for patientsand should be avoidetipossibleln 2015/16 approximately 43,700 children
were admitted to hospital Englandfor the treatment of dental caries and in most cases
for the extraction of multiple teeth, at a co£30m (Knapp, et al., 2017although it
unclearif thesewerein-patients or daxzasesThe numbers in Ireland aless cleawith
the Irish Dental Associatio(l977)claiming that 10,000 were admitted to hospital for
GAXx and reportdRTE, 2015)rom the Department oHealth suggesting that the figure
wasaround 3,60@er yearProportionally, this would be in line with the English figures.
Undoubtedly it isa financial burden on the health serviaad additionallythe procedure
cariies risks of morbidity particularly nausea, pain and bleediragd occasionally
mortality. It is alsoa traumaticexperience for the child and famiKnapp, et al.,
2017) It has been suggested that these numbers could be reduced if children were seen
earlier and more frequently by dental professiof@lgrevention and early intervention

Studyingthe events precéty GAx has the potential to inforthesedebats.

7.2.2 Succes<Lriteria

The success criteria for this question are twofold:

First, the research data must be suitable for creatingeP&and producing models
recognisable and comprehensibbeour PM and dental domain experts. Second, it is

desirable that thprocessmodelsdeliverinsights on the events leading to a A

7.2.3 Methodology

Following thePM methodalogy geps from Sectio6.4.3

Steps 1 through 8 are the general preparatory steps followed in this research, common to
all RQs and have been completed earlier in the research as detailed in &dciion

Step 9, defining the detailed RQ, is addressed in Chapter

Step 10, Part 1, General datacessing to facilitate answering RQs is in Appeddix.8

Step 10, Part 2, Data processing to facilitate answerirgjiR@ow addressed.
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Phase 1: Cohort Creation
1 Teethextracted undegBA between 1Jan-2004 and 4Jan-2014 were selected with
aP M cadéébeing the combination dflientID and ToothType. Other treatment events
in the database which may be related tox8pecifically, treatment t e ms 6 Re f e |
gener al anaesthetico, ORefer for oral S u
significant numbers in that timeframe. Their relationship toxG#as not been
investigatedNo distinction was made between permanent and decideetls t
| Data qualitywasOK.
1 A table CohorGA, containingcaselDs was created iBridgesPM1
Phase 2: Event Log Creation
1 All subsequentreatment process events experienced bgetteethwere then
exporedto a csv/ixt file The minimum datsetwasthe combination oClientID and
ToothType(Case), ProcedureName (Eve@pmpletionDateof treatmen{Timestamp).
1 The csv/txt file was converted to an XE®mat EL using Disco functionality.
Step 11: Data Analysis and Process Mining
Part 1:Data Analysis
The prof i | eGAxandpréseriptiorathat ineefraings presented ifrigure
7-8, Figure7-9, andFigure7-10 below. It shows the rate of GAgeaking at ages 5 & 6
andprescriptions peaking at 7 & 8. Where the prescriptions could be associated with a
patient who ultimately received®@Ax, the ages again peaked a& ®, which would be

expectedThe dataset haso detail orthe direct reasons for the prescription.

Part 2: Process Mining results and output

The objective is to discover the treatment processes experienced by the cohort, present
them in a comprehensible fortrend get an overview ®Md6 s a b i | i datases wi t
Using the complete dataset yielded an incomprehensible spaghettianadeuld be
expected with the high number of wvariant
carry out all filtering at the cohort and event log creation phase, the event log was re
generated omitting less frequently occurring events, cognisauitr gfuidelines for

legibility and comprehensibility in Sectidn4.2

A number of tests were carried out using various frequency thresholds. Restheti

EL to events occurring more than 20 times for the cojieltled process models in

Figure7-11 - Figure7-13 below.



5000

A
o
o
o

W
o
o
o

N
o
o
o

Number of GAs Completed

=
o
o
o

01 2 3 4 5 6 7 8 9 1011 12 13 14 1516
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X-Ray Tooth Dressing
1,588 (2:668) 2,165 (2723)
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Prescription
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529 (585) 170 (192) 31 @39) /
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442 (@451)

L.A. Extraction
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®

Figure 7-11: Process mining frequency analysis of General Anaesthetic Extraction§emporal sequence for teeth extracted under general anaesthetic

between 2004 and 2014 and all preceding events.
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Figure 7-12 Process Mining performance analysis of General Anaesthetic Extractio emporal sequence for teeth extracted under general anaesthetic

between 2004 and 2014 and all preceding events.
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Figure 7-13: Detail of paths taken between Amalgam Filling and GA Extraction













































































































































































































































































































































































































































































































