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Abstract. Process mining of routine electronic healthcare records can help in-
form the management of care pathways. Combining process mining with simu-
lation creates a rich set of tools for care pathway improvement. Healthcare pro-
cess mining creates insight into the reality of patients’ journeys through care 
pathways while healthcare process simulation can help communicate those in-
sights and explore “what if” options for improvement. In this paper, we outline 
the ClearPath method, which extends the PM2 process mining method with a 
process simulation approach that address issues of poor quality and missing da-
ta and supports rich stakeholder engagement. We review the literature that in-
formed the development of ClearPath and illustrate the method with case stud-
ies of pathways for alcohol-related illness, giant-cell arteritis and functional 
neurological symptoms. We designed an evidence template that we use to un-
derpin the fidelity of our simulation models by tracing each model element back 
to literature sources, data and process mining outputs and insights from qualita-
tive research. Our approach may be of benefit to others using process-oriented 
data science to improve healthcare.   

Keywords: Healthcare, Care Pathways, Process Mining, Process Simulation. 

1 Introduction 

The provision of high quality healthcare involves such complex systems that even 
those involved in their organization and delivery can feel it is impossible to compre-
hend. The care pathway is one well established and useful concept for bringing much 
needed clarity [1]. A care pathway describes the sequence of care that is recommend-
ed for patients with similar conditions requiring similar treatment [2] and is analogous 
to a de jure business process.  Process mining of routine electronic healthcare records 
(EHR) can provide insight into the de facto compliance with care pathways including 
measuring performance and outcomes [3]. Although EHRs are a rich data source they 
present significant challenges of data quality, veracity and complexity [4]. In reality, 
care providers support multiple, simultaneous, diverse pathways for patients with 
highly variable personal needs and many of the interactions, events and decisions 
occur “off the radar” of the electronic systems. 
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To have utility, the outputs of process mining efforts need to be iteratively refined 
with the assistance of domain experts and then presented in a form that makes them 
accessible to wider stakeholders. In previous work [5] we have found agent based 
models with discrete event simulation presented through an interactive graphical rep-
resentation to have been effective in stakeholder engagement. We developed the 
NETIMIS software tool (www.netimis.com) to support healthcare process simulation 
and this is now a commercial product and available for academic research. Healthcare 
process mining presents opportunities for understanding some of the reality of real 
patients’ journeys through care pathways while healthcare process simulation can 
help communicate these discoveries and explore “what if” options for improvement 
[6]. In our approach, we extend simulation models to fill in the gaps by adding pro-
cess steps missing from the health record data, adding information such as costs and 
incorporate insights from domain experts and stakeholder feedback. 
 
In this paper, we present the ClearPath method as an extension of the established PM2 
process mining method [11] to incorporate healthcare process simulation modeling. 
We illustrate the ClearPath method through three case studies within UK hospitals, 
which show the discovered pathways for alcohol-related illness, giant-cell arteritis 
and functional neurological symptoms. In each case, the disease pathway needs to fit 
within busy hospitals where pathways of care for many diseases are taking place sim-
ultaneously.  

2 Background 

2.1 Process Mining in Healthcare  

There is growing interest in process mining in healthcare [7]. Process mining can help 
answer frequently posed questions from clinicians and medical specialists [8] from 
control-flow, performance, conformance, and organizational perspectives [9]. Frame-
works for process mining include the L* life-cycle model [10] which describes the 
life-cycle of a typical process mining project and more recently the Process Mining 
Project Methodology (PM2) which incorporates iterations and gives detailed descrip-
tions for six project stages [11]. Bozkaya et al. [12] propose a methodology called 
Process Diagnostics Method (PDM) which has been adapted to Business Process 
Analysis in Healthcare environments (BPA-H) [13]. Mans et al [3] provides a com-
prehensive guide to process mining in healthcare including health reference models 
and pathways. Finally, a question driven methodology to answer frequently asked 
questions was developed for healthcare [14]. The methodologies share similar steps 
including extracting event data, applying tools and techniques, analyzing the resulting 
models and improving based on stakeholder feedback. Process mining has been com-
bined with process simulation [15] including to discover models for simulation [16] 
and at least once in healthcare [6]. In our approach, we have also combined process 
mining with traditional business process analysis methods to build a richer model than 
could be achieved by process mining alone.  
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2.2 Process Simulation in Healthcare  

Brailsford et al (2017) reports on 50 years of healthcare simulation [17] and there are 
recognized frameworks for good practice in developing simulation models for 
healthcare [18]. In [6], we described the use of NETIMIS, a discrete event simulation 
tool for care pathway models which includes aspects of agent based approaches (pa-
tient characteristics affecting probabilities), and notions of time, cost and simplicity. 
We linked this to process mining and found challenges of EHR data quality (veracity, 
missing events, and missing data) and process complexity which suggested a mixed 
methods approach was required. There are many sophisticated tools for simulation but 
in this paper, we report on the use of NETIMIS.  
 
NETIMIS is a cloud-based online service accessed using a standard browser and used 
to draw, share, evaluate and refine models of care pathways as runnable simulations. 
A NETIMIS model (see Figure 1) consists of a network of directed edges and nodes. 
The edges represent activities that take place over a period of time. The nodes repre-
sent events such as a decision point or the start or end of an activity. Pathways are 
animated with multiple moving tokens representing patients (shown as colored dots 
that move along the edges at a speed consistent with the time of the activity).  
 

 
Figure 1: NETIMIS example showing a run of the Giant Cell Arteritis (GCA) care 

pathway derived from national guidelines. The simulation model can be run online at 
www.netimis.com/shared/5ad5fe6f7775761d4c5fd5ec  

http://www.netimis.com/shared/5ad5fe6f7775761d4c5fd5ec
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No patient-level data is needed for NETIMIS as the model is a simulation based on 
data from population-level analysis. Following agent-based approaches, patient to-
kens are randomized with attributes that reflect those of the base population and 
pathway junctions are given probabilities that are dependent on those attributes. Each 
patient token can be colored with a mini pie chart representing its attributes. The tool 
supports constraints that can lead to bottlenecks and probabilities that are affected by 
repetitions. Health outcomes are represented by pathway end nodes and each simula-
tion run calculates total health economic costs and times based on the sum of individ-
ual costs and times assigned to each activity completed for all of the patients’ care. 
Unlike Petri Nets, each token represents a single patient that cannot be “split” so there 
is no support for parallelism. Following the analogy of cars on roads, multiple patient 
tokens flow through care pathways to create a highly visual and engaging model. 
Users interact with the visualization through features including accelerate, pause, 
zoom, inspect, change, share and compare. “As is” and “to be” models can be run side 
by side so that differences can be explored visually.  
 
2.3 Challenges using EHR data for process mining care pathways 

EHR data is normally created for the purposes of patient treatment and administration 
and its secondary use for process mining of care pathways brings many challenges. 
Access to patient level data necessarily involves careful ethical, data protection and 
governance processes which can prove a significant administrative overhead. From 
the technical perspective, applying process mining to healthcare data is challenging 
due to its high volume and the diversity of the data types. Healthcare data ranges from 
administrative data such as admission times to machine generated vital signs, pathol-
ogy results, diagnoses, and treatment procedures. Process mining all the available 
events in the EHR inevitably creates incomprehensible spaghetti-like models. Many 
EHRs are poorly designed to support easy, fast real-time use and with data being in-
put by busy human beings doing demanding jobs it should come as no surprise that 
the data does not have the same provenance as clinical trials or registry data.  
  
Data quality issues can be found at different levels. A missing field may only affect a 
single row whereas a large group of users who share a negative and hostile attitude 
towards their computer system might bias a complete data set. People, processes, 
organizational boundaries and cultures (and the EHR user interface) change over time 
and these changes will impact on the data. There is recognition that, the secondary use 
of EHR data for research demands validated, systematic methods of data quality as-
sessment [19] and there is a correspondingly urgent need for process mining to incor-
porate techniques addressing these issues. Systematic logging techniques and the 
development of repair and analysis techniques should be in place and transparency 
around data cleaning and checking steps should be routine. 
 
Four broad data quality dimensions for process mining of event logs were identified 
by [3]: missing, incorrect, imprecise and irrelevant.  This adds ‘irrelevant’ to widely 
cited dimensions of EHR data quality that form the basis for the data quality assess-
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ment method proposed by Weiskopf & Weng [19] and the valuable harmonized ter-
minology produced by Kahn [20]. These dimensions were further detailed as 27 types 
of quality issues relating to the case, event and attribute levels of the data in an event 
log. The Process Mining Manifesto proposes a useful rating system for data quality 
ranging from 1-star to 5-star [10] and also emphasizes challenges of incompleteness, 
noise, granularity, event log complexity and concept drift. In [21] we describe the 
development of our data quality management framework  to support the discovery, 
root-cause investigation, mitigation and careful documentation of these issues using 
software version control tools that are directly linked to the lines of software code in 
the Extract and Transform programs used to build the event log. The framework sup-
ports a close link between the design of individual process mining experiments and 
assessment of fit -enough-for-use quality.  

3 The ClearPath Method 

3.1 Rationale for an agile approach   

Healthcare is a complex business and process mining and simulation in healthcare has 
some unique requirements. Clinicians work together across organizational and func-
tional boundaries to meet the often highly individual needs of patients with complex 
conditions. We have found that domain experts such as clinical specialists can have 
quite limited views on the patient pathways beyond their specialism. Even a simple 
structured discussion with a number of specialists gathered around a whiteboard or 
process model has proved beneficial in improving pathways. We have used NETIMIS 
on multiple projects to structure these pathway discussions, elicit tacit knowledge and 
generate actionable insights including “what if” scenarios (www.netimis.co.uk/case-
studies). Including patients in these discussions has proved incredibly powerful.  
 
There is however a tension in healthcare improvement projects between the desire to 
drive radical change quickly and the demands of evidence-based medicine for detailed 
and careful reviews, particularly where adverse outcomes can be harmful and even 
fatal. Our approach has therefore been to adopt agile methods with time-boxed itera-
tions which produce process simulation models of increasing fidelity that are backed 
by strong tooling (ProM, NETIMIS, data mining), traditional academic research 
methods (literature reviews, qualitative methods) and traditional business process 
analysis (observation, interviews, sample documents). We use the simulation model 
as the key output, and an evidence template to underpin the fidelity of model and 
present both to a Clinical Review Board at the end of each iteration.  

 
3.2 Extending PM2   

The ClearPath method follows PM2 with the following extensions.  
Stage 1: Planning – research questions are often simply “what is the care pathway?” 
or “what does it look like?” and composing project team includes identifying a Clini-
cal Review Board and pre-booking meetings so that iterations become time-boxed.  
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Stage 2: Extraction – the ethics of extracting event data when it is sensitive health 
data often mean long lead times so we make a data request and produce early itera-
tions based on transferring process knowledge but with meticulous record keeping of 
artifacts (interview transcripts, whiteboard photos, journal references) from the inves-
tigation. In PM2 business experts may be part of the project team but in healthcare 
these are often busy clinicians (or busy managers) so we engage them as interviewees 
within an iteration and/or in the Clinical Review Board at the end of each iteration.  
Stage 3: Data Processing includes filtering logs to just include the patients of interest 
(those involved in the care pathway) and sometimes to slice and dice to examine sub-
groups of patients (e.g. frailty) and the pathway under different conditions (time of 
day, day of week) and in different locations. Healthcare reference models and coding 
systems such as SNOMED-CT and ICD-10 are used for aggregating events. We use 
our data quality framework to document data issues and software code solutions.  
Stage 4: Mining and Analysis produces process models which are recreated in 
NETIMIS (currently by hand) with performance and compliance data added (e.g. 
mean durations, decision point probabilities) and documented in the evidence tem-
plate. In Stage 4 we also add in details of the care pathway from our business process 
analysis, for example where activities are not recorded in the EPR and may also con-
struct multiple models to examine different scenarios (e.g. weekends vs weekdays).  
Stage 5: Evaluation includes verify and validate results against process insights from 
multiple reliable sources and root-cause investigations to diagnose anomalies. Stage 5 
marks the end of each analysis iteration and takes the form of a Clinical Review 
Board (CRB) meeting where the evidence base, data quality management framework 
(assumptions, root cause analysis and mitigation decisions) are reviewed together 
with the latest “as is” and candidate “to be” NETIMIS model as runnable simulations. 
The CRB meetings are interactive and generally highly productive. The outcome of 
the meeting is to plan objectives for the next iteration.  
Stage 6: Process Improvement and Support is marked by acceptance of the models 
and evidence by the CRB for implementing improvements. Models are published on 
NETIMIS and can be shared by other organizations and calibrated to local situations.  
 
3.3 The Evidence Template  

The ClearPath method focuses attention on the construction of simulation process 
models and the evidence template plays a key role in supporting early, low-fidelity 
models and an agile evidence building process. In the evidence template, each model 
element (patient agent, activity, decision point) and each model attribute (e.g. disease 
incidence, cost and duration, probability of next activity) are listed with references to 
the source material so that audit trail can be traced back to the literature sources, pro-
cess mining outputs or investigation artifacts that were used. The modeler sets a Con-
fidence Indicator (CI) to document their confidence in the evidence base for each 
element and attribute on a score of 1-5 with 5 being highest.  

0 = No confidence/ not applicable/ system defaults 
1 = Guess by Modeler 
2 = Estimate from observation or domain expert interview 
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3 = Empirical evidence from process mining or published literature 
4 = Confirmed from multiple reliable sources 
5 = Confirmed through Clinical Review Board. 

It is evident that a modeler can very quickly create a low fidelity model of the care 
pathway but will have to record CIs of mostly 0s and 1s. Conversely, a Clinical Re-
view Board could review the evidence for every element in detail recording scores of 
5 where they agree and leaving other elements as 3s or 4s where there is still uncer-
tainty. The overall average CI therefore gives a rough indicator of overall confidence 
in the model and crucially, the modeling can stop when the Clinical Review Board 
believe they have enough evidence to make a process improvement decisions.  

4 Case Studies  

4.1 Use of the ClearPath Method 

The ClearPath project aims to generate a method for combining process mining and 
simulation that is suitable for widespread use understanding and improving care 
pathways in the UK National Health Service. The case studies illustrate aspects of the 
method in use, some of the achievements and some of the unsolved challenges.   

 
4.2 Case Study 1 Alcohol-related emergency admission pathway at Liverpool 

In some parts of the UK hospital admissions for alcohol related illnesses are rising by 
11% per year leading to chronic diseases such as ARLD (Alcohol Related Liver Dis-
ease) which has lower survival rates than most common cancers. In busy emergency 
departments, alcohol-related disruptive behavior may obscure a patient’s serious ad-
vanced illness and also hamper treatment attempts [22]. There is growing recognition 
that clinicians need guidance on appropriate care pathways that can help them identi-
fying and deal with alcohol related illness. For this case study, our project team 
worked with a data and pathway profiling team at the University of Liverpool who 
had created a data linkage framework based on EHR event data from emergency ad-
missions from hospitals in the North West of England. Our approach consisted of 
embedding a member of our ClearPath team within the Liverpool team for up to two 
days per week over a three-month period. We resolved data governance issues by 
providing tool and analysis advice to the local team. In return, our analyst received 
sequence, aggregate and conformance data to populate a NETIMIS simulation model 
(see extract in Figure 2) and an evidence template (see extract in Figure 3).  
 
Figure 3 illustrates how the evidence template was used to document the link between 
the percentages derived from the process data for ICU Disposal to the probability 
settings in the simulation model. Five iterations of the pathway model were developed 
starting from simple models from an initial workshop and enriched through investiga-
tion and reviews. In the final model these included age-banded probabilities extracted 
from the routine data and cost data sourced from standard activity tariffs. Several 
qualitative researchers had investigated the pathway through patient and clinician 
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interviews and their deep insights helped fill in the gaps and add paths that were not 
evident from the data. The model was calibrated so that the outcomes reflected pub-
lished clinical outcomes for the region. The resulting model is being presented as a 
regional exemplar of data-driven care pathway improvement.     
 

              
Figure 2: Close-up view of pathways in and out of the Intensive Care Unit (ICU) 

and (right) the probability settings for paths exiting ICU Disposal   
 

      
Figure 3: Extract of the evidence template (left) and references (right) for the 

corresponding ICU elements 
 

4.3 Case Study 2 - Giant cell arteritis (GCA) care pathway at Leeds 

Giant cell arteritis (GCA) is a rare chronic inflammatory condition of blood vessels 
(vasculitis) that affects large and medium sized arteries. Symptoms include head-
aches, tenderness of the scalp, jaw aches and chewing problems and visual impair-
ment. The symptoms displayed can often be mistaken for normal age-related symp-
toms or other diseases however if GCA is not diagnosed and treated quickly it can 
lead to visual loss, blindness, or in worst cases a stroke [24]. For this reason, patients 
are treated with steroids as soon as the diagnosis is considered but this creates other 
challenges as the steroids impact on the sensitivity of diagnostic tests. Our project 
team worked with the clinical specialists at Leeds Teaching Hospitals Trust (LTHT) 
with access to the national MRC-TARGET (Treatment According to Response in 
Giant cEll arteritis) consortium (https://lida.leeds.ac.uk/target). Figure 1 illustrates the 
de jure pathway for GCA drawn from the National Institute for Health and Care Ex-
cellence (NICE) repository (https://pathways.nice.org.uk).  
 
Our objective here was to map the de facto pathways in a large and very busy teach-
ing hospital. Our initial approach was to request anonymized data extracts from the 
hospital EHR for patients with suspected GCA which included time stamped infor-
mation of the patient’s journey starting from their original route of entry into care, 
through to discharge, or firm diagnosis of GCA. Data quality issues proved insur-

https://pathways.nice.org.uk/
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mountable. It was not possible to accurately identify patients of interest or enough 
relevant events within the hospital EPR to complete the envisaged process mining 
exercise. However, we were able to complete a detailed process model through both 
traditional business analysis investigation and produced five iterations with a Clinical 
Review Board consisting on the local TARGET consortium leads. We gathered suffi-
cient data from clinical expert interviews and volume and time figures from the EPR 
and cost figures from hospital tariffs to build a robust working model (mean CI=4.1). 
Through documentary sources and interviews with other hospitals were able to pro-
duce models for other hospitals and develop a generic model that was a fit with the de 
jure guidelines and could be used to model de facto GCA pathways from small dis-
trict hospitals to the complexity of LTHT. The study concluded with a costed model 
of the planned future model which identified points at which clinical pathways could 
be improved by recommending alternate diagnostic approaches. The simulation (Fig-
ure 4) indicate both significant improvements in patient outcomes and simultaneously 
reduced costs. The models have been presented to the national group. A second phase 
using process mining of the Leeds EHR data is planned.   
 

 
Figure 4: NETIMIS screenshot showing a side-by-side run of the current Leeds’ 

GCA Diagnosis pathway against the proposed future pathway 

4.4 Case Study 3 – Functional Neurological Symptoms (FNS) care at Leeds 

Functional Neurological Symptoms (FNS) are a group of neurological symptoms 
which include weakness, abnormal movements and blackouts, they cause distress and 
dysfunction [25]. The symptoms are shared with neurological diseases such as epilep-
sy, multiple sclerosis or stroke but, in FNS patients, are caused by a brain dis-
function. As with GCA, diagnosis is challenging but studies have shown that 31% of 
patients attending Neurology outpatient clinics had FNS [26]. Many healthcare pro-
viders lack specific pathways or services for FNS patients, there are no NICE guide-
lines and there is little data on acute FNS to inform service improvement. Therefore, 
there was a need to see the current pathways for FNS patients, and to know how they 



10 

pass through the different healthcare services over time. Our first step was to generate 
visual models of the process from first presentation to diagnosis and referral to either 
psychology or psychiatry therapy.  
 
Our aim with this project was to see whether process mining of the routine data was 
possible and we worked with a team of neurologists to understand the de facto care 
pathways at LTHT. Clinical inspection of the data quality of the EHR revealed data 
that was considered too unreliable to use for process mining. Issues included unre-
corded events and observations, recording on letters and paper records rather than the 
EHR, mis-diagnosis and inappropriate referrals. Our alternative approach was to con-
duct a full audit of all the EHR data, clinical letters and discharge notes for each pa-
tient using all available sources (including phone interviews with treating clinicians to 
complete missing data). These resulting activities include diagnoses, emergency at-
tendances, outpatient clinics, inpatient admissions and psychological / psychiatric 
referrals. The audit data was collated in the form of an event log which was used with 
a process mining tool (ProM). The initial results appeared disappointing - a spaghetti 
diagram with every single patient (n=205) having a unique and complex variant. It 
was however a shocking result for the clinical domain experts, the findings show a 
high healthcare burden, and slow or incomplete movement to appropriate care, with 
an urgent need for service improvements. The mean time from Presentation to Diag-
nosis was 22.1 months and a further 7.2 months to an appropriate Referral. These 
results were presented as a video at an Association of British Neurologist conference 
and are being used to make the case for clearer pathways for FNS. 
 
5. Discussion and Conclusions 
 
Our experience working with both process mining and process simulation has been 
that both approaches are complex, challenging and require considerable skill, domain 
knowledge and perseverance. Healthcare is a complex world and EHRs are not yet 
capturing sufficient detailed workflow for deep clinical insights. Given this state of 
affairs, combining as many valid techniques as possible would seem to be the most 
pragmatic approach for quickly generating insights. However healthcare also de-
mands strong evidence and rigorous methods and the ClearPath method has helped us 
structure data-driven care pathway investigations that have yielded good results and 
maintained an audit trail of evidence that ensures the models are defensible.  
 
All three of the case studies here are examples of special case pathways within more 
general processes such as emergency admissions. Many patients genuinely require 
variants that differ from the norm. Case Study 1 used a simulation model to combine 
process mining outputs and other sources to build a useful model backed by evidence 
that can be traced to its source. Both Case Study 2 and 3 illustrate how difficult it can 
be to obtain robust EHR data. In Case Study 2 we made do with other sources and in 
Case Study 3 a manually constructed event log revealed alarming variability in care.  
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Our methods are evolving through use but we expect to formalize the approach on 
PM2, Clinical Review Boards, evidence templates and audit trails. Currently we use 
NETIMIS for care pathway simulation and there are many alternatives. With 
NETIMIS we expect to improve tool integration so that it can generate and consume 
event logs and learn branching probabilities and probability density functions for 
activity duration from the log. Parallel to this we plan to develop rules to automate the 
visualization layout, to simplify the task of analyzing complex processes and com-
municating the results to diverse stakeholders. Our approach has been well received in 
the UK and may be of benefit to the wider academic and healthcare community seek-
ing to use process-oriented data science to improve healthcare. 
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