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Process Mining in Healthcare —

Opportunities and Challenges UNIVERSITY OF LEEDS

An introduction to process mining in health and how it can help drive
Innovation in care, lower costs and improve patient outcomes

« The NHS is under pressure to improve its clinical and operational
processes through better digital health and emerging Al.

* Process mining combines data science and process science methods
for data-driven process improvement.

« The NHS is rich in data but using it effectively requires state-of-the-art
tools, methods and skills.

« This talk will demonstrate how process mining can be used to improve
NHS care pathways

« It will present the ClearPath method for process mining in healthcare
developed at the University of Leeds

... and discuss the opportunities and challenges in practice.



The Agenda

“Huge public rollout of Al”

UNIVERSITY OF LEEDS

Tuesday 13" January 2025
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Al Opportunities Action Plan

The Government will:

* Invest in the foundations of Al: We need world-class computing
and data infrastructure, access to talent and regulation (Section 1).

» Push hard on cross-economy Al adoption: The public sector should
rapidly pilot and scale Al products and services and encourage
the private sector to do the same. This will drive better experiences
and outcomes for citizens and boost productivity (Section 2).

» Position the UK to be an Al maker, not an Al taker: As the
technology becomes more powerful, we should be the best state
partner to those building frontier Al. The UK should aim to have true
national champions at critical layers of the Al stack so that the UK
benefits economically from Al advancement and has influence on
future Al’'s values, safety and governance (Section 3).
https://www.gov.uk/government/publications/ai-opportunities-action-
plan/ai-opportunities-action-plan

4

Diversity [l Policy and Governance Public Opinion [l Infrastructure

EIE Total Score: 27.21
R&D:2.58
Responsible Al: 11
Economy: 5.92

ucation:

ic Opinion: 0.65
Infrastructure: 2.35

So... What do we do?

Stanford Global Al Vibrancy Report Source:
https://aiindex.stanford.edu/vibrancy/
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e-Health Records Research

School of Computer Science UNIVERSITY OF LEEDS

Medical Domain Challenges Care Pathway Insights

applications

Cancer, MSK, CVD,
Diagnostics,
Emergency,
Dentistry,
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Mission:

Design better care processes (with Al)

“Huge public rollout of Al”

Current Future

¢ IMPLEMENTATION CHALLENGE

Where (in the process) will it be
Implemented?

DEVELOPMENT CHALLENGE

What Al? ° What are the real-world implications?

How will the users be integrated?
What risks and bias?

What data will it use?
How was it trained?
What risks and bias?

Images: ChatGPT 4.0



Research question:
How to design better care processes?

Analysis of the Design of the
“As is” pathway  “Will be” pathway
j*@?ﬁo{ o @ﬁwwﬁi@{@]: R S S AR

............................)

Images: ChatGPT 4.0 Pathway Improvement



Process Mining

Since 2005

Wil van der Aalst

Process mining is to discover, monitor and improve real processes by extracting [Lol \ \ ‘ PTOCESS
knowledge from event logs readily available in today's (information) systems. At ) Mlnmg

Second Edition

@ Springer

SPRINGER BRIEFS IN
BUSINESS PROCESS MANAGEMENT

* (automated) process discovery =

. . . . . e . e Ronny S. Mans
* conformance checking (i.e., monitoring deviations by comparing model and log) MR

. - . ] 00 J.b. Vanwersd
* Social network/ organizational mining / ' Process Mining
* automated construction of simulation models : - " in rllealthcan?j l
. § Evaluating and Exploiting

* model exter_1$|0n -. Operational Healthcare
* model repair : ' Processes

* case prediction
* history-based recommendations

@__ Springer

Unlike traditional approaches the goal is not to construct a single static model. Professor Wil van der Aalst
Process mining techniques can be used to dynamically generate process maps (God father of process mining)

based on the most recent data. Department of Mathematics & Computer Science
Eindhoven University of Technology

hiltpeef fwearee weinn L nl St Tl S et phipProesdiasshaned-process_mining_manilestossmall pdl



Process Mining

Is a Body of Knowledge UNIVERSITY OF LEEDS

Process mining is a research discipline that bridges the gap between classical process
model analysis and data science analysis. Process mining focuses on understanding
real business processes using real data. In classical data mining people usually ignore

the process.
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Van Eck, M.L., Lu, X., Leemans, S.J. and Van Der Aalst, W.M., 2015, June. PM”"2: a process mining project methodology. In
International Conference on Advanced Information Systems Engineering (pp. 297-313). Springer, Cham.



Process

Simple view UNIVERSITY OF LEEDS

In health and social care, processes may be operational business processes
expenses, staff scheduling etc.) or care pathways... .
(exp g etc.) p y Typical
“Designed” pathway

(Child or young person who is
overweight or obese

General principles of care

INPUT PROCESS OUTPUT
Resources ::> Care Pathways ::> Goals

CONTROL FEEDBACK
(Management)

Assess lifestyle, comorbidities
and willingness to change

Example: Managing children and young
people who are overweight or obese
pathways.nice.org.uk

NB NICE withdrew their comprehensive set
of care pathway guidelines in 2022


http://www.pathways.nice.org.uk/

A Process
Complex View

Patients in better health

=

Quality Outcomes
*\Waiting times
*Targets

*Customer satisfaction

Patients in poor health

Money £

Resources
«Staff
*Assets

Health Organisations are complex systems
They have non-linear behaviour and emergent properties



Business Processes In Healthcare

Care pathways UNIVERSITY OF LEED
Typical Typical
“As is”’ pathway “Designed” pathway

Child or young person who is
overweight or obese

General principles of care

Assess lifestyle, comorbidities
and willingness to change

eeeeeeeee

' Example: Managing children and young
Care pathways are informed by clinical people who are overweight or obese

training and working practices within pathways.nice.org.uk
healthcare providers.

Care pathways are implemented, mediated NB NICE withdrew their comprehensive set
and recorded by health information systems. of care pathway guidelines in 2022



http://www.pathways.nice.org.uk/

The challenge

Healthcare is a "Complex System” UNIVERSITY OF LEEDS

Health Organisations are complex systems
They have non-linear behaviour and emergent properties

Patients in poor health Patients in better health

INPUT PROCESS OUTPUT
::> Resources ::> Care Pathways ::> Goals ::>

Money £ — i FEE::};(\cK

Quality Outcomes
*Waiting times

CONTROL

< *Targets
o (Management) _ _
.zteas#)urces *Customer satisfaction
*Assets

Process Modelling Process Mining

Process Improvement Process Simulation



Using EHR data traces UNIVERSITY OF LEEDS

Electronic Health Record

Select data fields of interest (case, activity name, timestamp)

:: > Select activities of interest

Process Mining Event Logs

EHR Data Case_ID Time Activity

1 20120101 16:53 Community Nursing Visit
20120108 16:10 Elective inpatient visit
20120109 11:30 Community Nursing Visit
20120109 11:50 Referral to ASC
20120119 15:43 Elective Inpatient Services
20120119 05:22 Emergency Inpatient Services

ICU Returnf Patient
wit A

‘l, within 3

ys

S = O S Y

Admission

Patient
Healthy
within 30
days




Process Mining

From Spreadsheet to Process Model UNIVERSITY OF LEEDS

Process events extracted from a Hospital System Log File
a b C d e f g h i

UnigPat ~ | AE_Si ~ | AE_A; ~ AE_Sex - | AE_ArrivalDate ~ | InitialA tTim ~ | AEClinicianS - | ToSpecialtyTime ~ | FromSpecialtyTi| - | SpecialtyRefd ~ |BedRequestTime | ~ | BedRequestOutcol ~ | AE_LeftDeptTime ~ | PASDischargeDate
1 LGI 77 Male 27/11/2015 14:26 27/11/2015 14:46 27/11/201516:43  27/11/201518:06 NULL General Medicine  27/11/201515:52  27/11/2015 18:57 27/11/201520:29  31/11/2015 18:23:C
2 LGI 22 Male 02/08/2015 16:31 02/08/2015 16:39 02/08/201517:26  NULL NULL NULL 02/08/2015 17:40  NULL 02/08/2015 19:40  02/08/2015 22:00
3 SIH 70 Male 20/01/2015 19:58 20/01,/2015 20:09 20/01/2015 22:15 NULL NULL NULL 20/01/2015 21:54 20/01/2015 21:57 21/01/2015 03:22 25/01/201512:28
4 SIH 89 Female 02/08/2015 16:41 02/08/2015 16:49 02/08/201518:27  02/08/201520:34  02/08/201520:37 Geriatric Medicine 02/08/201519:30  02/08/2015 20:38 02/08/2015 20:41  17/08/2015 16:38
5 SIH 88 Female 02/08/2015 17:24 02/08/2015 17:26 02/08/201519:47  NULL NULL NULL 02/08/2015 19:01  02/08/2015 21:49 02/08/2015 22:00  16/08/2015 13:03
6 SIH 75 Female 01/11/2015 14:50 01/11/2015 14:57 01/11/2015 15:21 NULL NULL NULL 01/11/2015 16:06 01/11/2015 16:46 01/11/201517:42  05/11/201517:27
7 LGI 70 Female 02/08/2015 19:08 02/08/2015 19:15 02/08/2015 20:08  02/08/201520:30 |nuLL lceneral Medicine  02/08/201521:27  NULL 02/08/2015 22:08  03/08/2015 20:00
8 LGI 74 Female 02/08/2015 19:43 02/08/2015 19:48 02/08/2015 20:27  NULL NULL NULL 02/08/2015 20:53  02/08/2015 22:10 02/08/2015 23:24  NULL

9 LGI 98 Female 02/08/2015 21:46 02/08/2015 21:47 02/08/2015 22:03 02/08/2015 22:40  NULL Geriatric Medicine  02/08/2015 22:57 02/08/2015 23:56 03/08/201500:34  07/08/2015 16:40
10 SIH 80 Female 21/11/2015 13:39 21/11/2015 13:44 21/11/201513:59  NULL NULL NULL NULL NULL 21/11/201517:06  29/11/2015 00:00

System log files record a sequence of events for different cases

a
Case03 a,b,c,f,g,h,i \ O

Case04 a,b,c,d,e,f,g,h,i ‘
Case05 a,b,c,f,g,h,i

Case06 a,b,c,f,g,h,i

Case07 a,b,c,d,f,h,i

Case08 a,b,c,f,g,h

Case09 a,b,c,d,f,g,h,i

Casel0 a,b,c,h,i

Trace the sequence of events to discover patterns in the process ...
... look for options (decision points), loops, potentially parallel

and

Order the cases by the most commonly occurring variants.




Process Mining

Simple example using the MIMIC-III Open-access dataset UNIVERSITY OF LEE[;S

1. The MIMIC-Ill database (PostgreSQL)

= 3. Preprocessing Selaction Categorization Merge Time-based Craste
subsequents merging abstractions
*+ Diagnoses- + Refer to * Merge a * Merge *+ Table-name
based d_items, certain activity activities that * Category-
* Table based d labitems, or in sequence happen at the ey
e (ProM plugin) exact same o Frearfrd
table time
4. Process discovery : ¥ 5. Process Model

o\l

Select all Deselect all ;

330 traces
58 843 of the log
234 traces
27.40% of the log
oo EE - E
. 10.77% of the log
2. Event log creation

subject_id hadm_id | activity charttime _ B2 traces
1 2| 163353 admit 2138-07-17 9.60% of the log
2 2| 163353 discharge 2138-07-21
3 3| 145834|edreg 2101-10-20 18 traces
4 3| 145834 admitc 2101-10-20 2.11% of the log
5 3| 145834 edout 2101-10-20
6 3| 145834 discharge 2101-10-31
7 4| 185777 edreg 2191-03-15 Mraces 854 Stk s
B 4| 185777 admit 2191-03-16 Events 4395 o
9 4| 185777 edout 2191-03-16 2 t Classes 7
10 4| 185777 discharge 2191-03-23 Ve!'l
11 5| 178980 admit 2103-02-02 Aﬂ[IDI.IIETYDEE 5
12 5| 178980|discharge 2103-02-04 L ) .
13 6| 10706 |admit 2175-05-30 admission process variants (using ProM)
14 & 107064 discharge 2175-06-15
15 7| 118037 admit 2121-05-23
16 7| 118037 discharge 2121-05-27
17 8| 159514 admit 2117-11-20
18 8| 159514 discharge 2117-11-24 ,.
19 9| 150750 edreg 2149-11-09 =
20 2| 150750 admit 2148-11-08 Process model (using Disco)

Kurniati, A.P., Johnson, O., Hogg, D. and Hall, G., 2016, October. Process mining in oncology: A literature review. ICICM 2017 (pp. 291-297). IEEE
Johnson, A.E., Pollard, T.J., et al., 2016. MIMIC-IIl, a freely accessible critical care database. Scientific data, 3. doi:10.13026/C2XW26



PM Demonstrator Project with NHS England

East Midlands Ambulance Service UNIVERSITY OF LEEDS

R S Wl + O R -»m-» ﬁﬂﬁ

 Traveltoscene ) Onscene  JIIe 8l ) Hospital handover

Call connectto resource allocated

Job Cyle from Public Services Committee (2023), ‘Emergency healthcare: a national emergency.’, https://committees.
parliament.uk/publications/33569/documents/187215/default/[Accessed 25 September 2023

Every Trace Variant for Category 2 Emergency calls (n=152,525)
Alex Coles (Leeds Al Medical CDT) with Owen Johnson. Project for NHS England 2024.




Applying Machine Learning

to Predict Care Pathway Outcome UNIVERSITY OF LEEDS

Arrive on Scene to Depart Scene

0.014 1
0.012 4
0.010 4
zZ
G 0.008
0.006

0.004

Aim to predict outcome of a
patient at a meaningful point in
time ahead of when the outcome
might already be expected.

0.002

0.000

0 50 100 150 200 250 300
Time (Minutes)

IV (1150) g

N

660)
I
2 Onginated (20418
B0384

Decision Tree
Feature Importances

16 Feature Importance

Predict from Arrive On Scene
First NEWS etc

Initial Clinical Category of Call 0.29
. First Recorded National Early 0.23
Only use features available up to Warning Score (NEWS)

. . Age of Patient 0.17
thIS flnal Eve nt Hour of Arrival on Scene 0.10
Index of Multiple Deprivation (IMD) 0.075

Decile at Incident Location .
Day of the Week 0.065
Highest Qualification on Scene 0.038

T T 3 15} <350 a7 2511 51 10T e =
Akt Transport (Own Car T, Urg Care) (1402) r [ Deceased Not Transported (33) Mo Treatment Required (5256) Fatient Refused Assessment (312) [ [ Patient Refused Transport (5400) } [ Pt Care Transferred to Other User (537) | Referred to Primary Care (2511) | | Treated & Transparted To Alemative Pathway (371 ‘ Treated and Discharged (11104) Treated and Transported (64279) Unknowen (27)
1402 33 5256 312 5400 97 11 3 04 BAZ79

= ._@ p—

Alex Coles (Leeds Al Medical CDT) with Owen Johnson. Project for NHS England 2024.



The case for data intimacy

Leeds Hospital A&E Department UNIVERSITY OF LEEDS

A&E Time 67% of episodes are under 4 hours in length
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different process
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De-identified data from A&E data for patients admitted to an acute medicine ward, 14,000 admissions - July 2014 — July 2015



Care Pathways in the NHS

Mining and Prediction of “Left Shifts™ uNiIversiTY oF LEEDS

Left Shifts

Patient

readmitted _O
within 30

days
Admission Discharge ~—
o )

Patient
Health
> v,ri;?n 3!{0 _0
. . days
Predictive PM Approaches R
v v
Historical Traces Ongoing Traces -
r - 10 - 1
Process Start Prediction Point Time
° 1= "
Evant 0000000000080 - OB | outcome
°g L . )L . J \Predictive
History Future Outcome “':'.':;:’:f:‘g
4 Predict
| Classifier
Memory Train
=

Learning

Chen, Qifan, et al. "Outcome-Oriented Predictive Process Monitoring to Predict Unplanned ICU Readmission in MIMIC-IV Database." (2022).



Process Improvement

Cost/ Benefit Evaluation of Options

2.2 NETIMIS
v\ MODELS

Prostate Care Pathway without Intervention

153/500, £119,340 View Model

Prostate Care Pathway with Intervention

UNIVERSITY OF LEEDS

Speed:

157/500, £96,320 View Model

KEY:
S Current
' Female

Prostate Cancer
None
Low

Medium u (N | [ .'_'

Oty | [

e e prosaE

(e ea e o0 o0 (=

Industry project for USA Genetics company - Process simulation of a prostate cancer
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.Female
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intervention. Cathy Tomlinson and Owen Johnson (Bekker, £166k, 2017-2019)



Process Mining and Process

Simulation UNIVERSITY OF LEEDS

Process simulations
and “what if”

> analysis

Syntheti
c event Process
T | model
Systems o8
<>

Detailed Process analytics
and metrics

] - - Bt = Bl




ClearPath

Process Mining in Healthcare Methodology  UNIVERSITY OF LEEDS

ClearPath adapts the industry-standard PM2 method E:-ea-rP?tRh ?ddsa
to the healthcare domain and care pathways nical Reterence

group
ClearPath starts with
H Analysis iterations
well-recognised SenrwTimimie &
Initializetion Analyss iterations
patterns S S Analysis iterations & &
\ Enhancement Budness Process
1. Planning N experts  analyats ClearPath can
s include modelling
ClearPath S | | 4. Mining | local ?/aflants,
i ‘ & Analysis ; ‘
Incorporates ¥ - ; popdu latlon. .
literature review mode S,jCFIVIty
data 3. Data _~®/_] 6. Process costs and times.
: a A & Improvement
& 7= & Support

ClearPath also
uses “plain old
business process
re-engineering”
(PO-BPR)
methods

ClearPath extends
to process
simulation for
“what if” scenarios

v owl » & ¥

i/new Process Analvtic Compliance Performance Improve

Models models findings findings ment ideas

Johnson, O.A., Ba Dhafari, T., Kurniati, A., Fox, F. and Rojas, E., 2019. The clearpath method for care pathway process mining and simulation. In Business Process
Management Workshops: BPM 2018 International Workshops, Sydney, NSW, Australia, September 9-14, 2018, Revised Papers 16 (pp. 239-250). Springer International
Publishing.



Care Pathways in the NHS

follow typical patterns UNIVERSITY OF LEEDS

Most care pathways will follow one or more standard template patterns
Linear, Cycle, Referral, Sub-process, Parallel process.
Waiting occurs when the process is constrained by resources.

Stake Good Health Investigate Diagnose Monitor

holder Health concerns and
Manage

Patient Unexplained Self Recovery
symptoms management
GP Make @pointment Consultation Order tests Review
Refer

Specialist A Dis glkrae

Consultation Prescribe Review

https://www.quality-assurance-solutions.com/Theory-of-Constraints
Specialist B Theory of Constraints
A&E
Diagnostics
Perform tests

Dr. Eli Goldratt started the theory of constraints (TOC). He based this management
theory that every system has at least one constraint limiting it from getting more of
what it strives for. If this were not true, then the system would produce infinite
output.



https://www.quality-assurance-solutions.com/Theory-of-Constraints

Patterns in Care Pathways

A framework for medical process activities and intervals

Total interval

-,

4 N\
Patient interval Doctor interval System interval
A A
3 Y Y N\
Primary care interval Secondary care interval
.
a Y A
Diagnostic interval Treatment interval
N
- Y \
, | | | | | ,
| I I | I
: First First
Fivet investigation referral t First
First presentation/ . ESRESE S g . . Treatment
o clinical primary care secondary specialist Diagnosis st
e s responsible for|| care/refer visit
e the patient responsibility

Weller, D., Vedsted, P., Rubin, G., Walter, F.M., Emery, J., Scott, S., Campbell, C., Andersen, R.S., Hamilton, W., Olesen, F. and
Rose, P., 2012. The Aarhus statement: improving design and reporting of studies on early cancer diagnosis. British journal of

cancer, 106(7), pp.1262-1267.

https://pubmed.ncbi.nim.nih.gov/22415239

UNIVERSITY OF LEED


https://pubmed.ncbi.nlm.nih.gov/22415239

The Process Mining for Healthcare

Manifesto UNIVERSITY OF LEEDS

Based on a two-day brainstorming event in Hasselt, Belgium (July 2019)

Identified ten Characteristics of healthcare that make Process Mining in health different
And ten Challenges for future research...

Process Mining for Healthcare: Characteristics and Challenges

/701 Extest Sctatartud Varustty A
g ¢ DY Foous on the Patkest
Process Mining D2 Value the Infrequent Betoniour s on the Purs
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(PM4H) D4, Brost he Glass D9 Gonsate Seraive and Low Quakyy ot
. D10 Mandie Ragid Dwvchsione ans New
D2, Coraddor Data ot Mustple Aliraction Levebs
Paradgre
C— \ D6 Irweho & Wakise pinay Team B Ay ¥
ooy —eed |
/-' Extensive consutason wih
-_{ 0 wide range of cperts \
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Journal of Biomedical Informatics 127 (2022) 103994 allenges
¥ 4 C3 M e Concept Drint Ch. Compharment HEs with Tw Process
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Journal of Biomedical Informatics

ELSEVIER journal homepage: www.elsevier.com/locatefyjbin

Original Research
Process mining for healthcare: Characteristics and challenges S
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Recommendations
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Figure 2: Overview of recommendations for process mining researchers and the research
community




Summary:

NO Al without Process Mining, Please.

“Huge public rollout of Al”

Current Future

¢ IMPLEMENTATION CHALLENGE

Where (in the process) will it be
Implemented?

DEVELOPMENT CHALLENGE

What Al? ° What are the real-world implications?

How will the users be integrated?
What risks and bias?

What data will it use?
How was it trained?
What risks and bias?

Images: ChatGPT 4.0



Tools for

Process Mining in Healthcare UNIVERSITY OF LEEDS

Tools for ETL (Extract, Transform, Load)
SQL - to extract data from relational databases
Programming languages e.g. Python, R, Java, C++ etc - to transform into event logs

Commercial Tools

Fluxicon Disco - https://fluxicon.com/disco

Celonis - www.celonis.com

Signavio - hitps://www.signavio.com/process-mining

More details at https://www.gartner.com/reviews/market/process-
mining/vendor/celonis/alternatives

Free Tools

ProM - https://www.promtools.org

BupR - https://www.bupar.net

PMA4Py - https://pm4py.fit.fraunhofer.de

More details at https://aimultiple.com/process-mining-software
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Process Mining in Healthcare —

Opportunities and Challenges UNIVERSITY OF LEEDS

An introduction to process mining in health and how it can help drive
Innovation in care, lower costs and improve patient outcomes

« The NHS is under pressure to improve its clinical and operational
processes through better digital health and emerging Al.

* Process mining combines data science and process science methods
for data-driven process improvement.

« The NHS is rich in data but using it effectively requires state-of-the-art
tools, methods and skills.

« This talk will demonstrate how process mining can be used to improve
NHS care pathways

« It will present the ClearPath method for process mining in healthcare
developed at the University of Leeds

... and discuss the opportunities and challenges in practice.
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