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Voorbeelden van AI Technologiëen in de Langdurige Zorg
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16:10 Discussie en vervolg 20
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Over… Jullie! Topaz
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Souwerbren   Jansen Ellenbroek



Marco & LUMC & LACE
Translational Data Science & AI Lab
Artificial Intelligence

Context
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1993
• Information Retrieval 

programmer, ZyLAB 
Europe

1995
• Big Data system 

developer, Royal 
Netherlands Navy

1997
• Product software 

developer/entrepreneur, 
Insertable Objects & 
Wizzer BV Re
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ar

ch
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2003
• Ph.D researcher in 

Computational Linguistics, 
University of Amsterdam

2007
• Assistant  Associate 

professor Information Science, 
Utrecht University

• Applied Data Science Lab

2020
• Professor Advanced Data 

Science in Population Health, 
LUMC & Leiden University

• TDS Lab: https://tdslab.nl
• UNA Europa SSCs OH+DSAI
• AI4Prevention Hub

Introduction: Marco Spruit

https://tdslab.nl/


LUMC Strategic Plan 2024-2028
Leiden University Medical Center



AI4 Preventie, 
Populatiegezondheid & 
Levensloop

• Eén van de 4 thema’s in het voorstel LACE (Leiden 
AI Center of Expertise for Health)

• In opdracht van CvB+RvB: Plan voor gemeenschap-
pelijk UL/LUMC-expertise centrum op het gebied 
van AI



TDS Lab: Thema & Methodologie



TDS Lab: Top-5 Projecten

 Data Techniek  Data Analyse  e-Health Implementatie
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ELAN

Phaeton
Flexibel platform-als-een-service voor 
crowdsourced en privacy  respecterende 
gegevensanalyse en modellering

ZonMW Pandemische Paraatheid
600K/200K EUR (LUMC/LIACS)

INSAFEDARE
Innovatieve toepassingen van beoordeling en 
borging van gegevens en synthetische data 
voor ondersteuning van beslui tvorming op 
regelgevingsgebied

Horizon Europe
4.8M/570K EUR (LUMC)

http://tdslab.nl

UNCAN-Connect
Gedecentraliseerd samenwerkingsnetwerk 
voor bevordering van kankeronderzoek en 
innovat ie

Horizon Europe
30M/475K EUR (LIACS)

Welzijn.AI
Sociale robotica voor het  continu 
monitoren van mentaal welzijn bij 
kwetsbare ouderen

LIACS InSPIRe
300K EUR (LUMC/LIACS)

ECOTIP
Het identificeren van omslagpunten van de 
effecten van leefomgevingen op 
ecosyndemieën van levensst ijlgerelateerde 
ziekten

NWA-ORC
4.4M/300K EUR (LUMC)



TDS Lab: Huidig Team

 Data Engineering  Data Analytics  e-Health Implementation

Domain 
Understanding

Data
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Data 
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Model 
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Cross-
Domain 
Health 
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Fr iso van Dijk
PhD candidate (UU)
Privacy Governance

Els R oorda 
PhD candidate (LUMC)
Population Health 
Information Systems

Dr. Armel Lefebvre 
Postdoc (LUMC/LIACS)
Research Data 
Management

Ian Shen
PhD candidate (LIACS)
Healthcare and Open 
Science Engineering

Samar Samir
PhD candidate (LIACS)
Federated N LP in 
Mental heal th

Emil Ri jcken
PhD candidate (TUE)
Topic Modell ing in NLP

Prof.dr. Marco Spruit
Full Professor
Translational Data 
Science & AI   (LUMC/LIACS)

Hielke Muizelaar
PhD candidate (LUMC)
NLP/ML for Patient  
Segmentation Modelling

Dr. Marcel Haas
Assistant prof. (LUMC)
Health Data Science

https://tdslab.nl

Yee Man Ng
PhD candidate (LIACS)
Multimodal Language 
Markers for QoL

Kiana Shahrasbi
PhD candidate (LIACS)
NLP and MLOps for 
Cancer Data Research

Dr. Marieke Vinkenoog
Postdoc (LUMC)
Machine learning for 
Pandemic preparedness

Bram van Dijk
Postdoc (LUMC)
LLMs for Health and 
ML for Synthetic data

Jim Achterberg
PhD candidate (LUMC)
Synthetic HTA data 
Generation & Validation

Sukainah Alfaraj
PhD candidate (LUMC)
Prediction of Diabetes 
Risk progression



What is de relatie tussen Data 
Science & Artificial Intelligence?



Artificial Intelligence & Data Science 
both encompass: Machine Learning
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“Machine Learning is an approach to Achieve Artificial Intelligence”



Onze voorbeelden van AI Vandaag
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vs. Statistics

https://www.linkedin.com/posts/ralph-aboujaoude-diaz-
40838313_technology-data-science-activity-7193653239681105920-N8kE/
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AI Slotnoot





What is volgens experts dé best practice 
methode om Data Science & AI projecten 
betrouwbaar uit te voeren?



CRISP-DM
CRoss-Industry Standard Process for Data Science & AI



CRISP-DM:

⑥

⑤

④

③

②①

Ch
ap

m
an

, P
. C

lin
to

n,
 J.

, K
er

be
r, 

R.
, K

ha
ba

za
, T

., 
Re

in
ar

tz
, T

., 
Sh

ea
re

r, 
C.

, a
nd

 W
irt

h,
 R

. (
20

00
). 

CR
IS

P-
DM

 1
.0

 S
te

p-
by

-s
te

p 
Da

ta
 M

in
in

g 
Gu

id
e.

  [
ftp

]

Cross-Industry Standard Process for Data Science

ftp://ftp.software.ibm.com/software/analytics/spss/support/Modeler/Documentation/14/UserManual/CRISP-DM.pdf


CRISP-DM: Tasks & Outputs



CRISP-DM: Method & Task Levels



Data Science
Machine Learning

CRISP-DM in Action



From information needs 
to data mining goals 
Spruit,M., Vroon,R., & Batenburg,R. (2014). Towards healthcare business 
intelligence in long-term care: an explorative case study in the 
Netherlands. Computers in Human Behavior, 30, 698–707. 
https://doi.org/10.1016/j.chb.2013.07.038 (80+ citations)

https://doi.org/10.1016/j.chb.2013.07.038


Introduction (1/2)

• Long-term care
• Care for people with a long-term or chronic disorder
• Relatively unexplored

• Main goals for long-term care
• Care of good quality
• Acceptable cost level

• One of the biggest expenses of Dutch government
• 38% of the total healthcare budget
• €14 billion in 2000  €27 billion (budgeted) in 2012 ht
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Introduction (2/2)

• Care Intensity Package (ZZP)
• Introduced in 2009
• Different levels of care intensity

• ZZP1: Extramural living with some guidance
• ZZP8: Intramural living under full surveillance and 24/7 care

• Operational cost depends on ZZP level
• 2015: Wet langdurige zorg (Wlz) : ZZP  Wlz/VV Zorgprofiel

• Electronic Client Record data
• Large valuable dataset, but
• Not fully exploited at this moment



2015: Wet langdurige zorg (WLZ)  Algemene Wet Bijzondere Ziektekosten (AWBZ)

https://wetten.overheid.nl/BWBR0036014/2020-09-03#BijlageA
https://wetten.overheid.nl/BWBR0036014/2020-09-03#BijlageA


Research Method: CRISP-DM

• CRoss Industry Standard Proces for Data Mining
• Phase 1: Business understanding

• 18 unstructured in-depth interviews
• 8 (board of) directors experts
• 7 management experts
• 7 experts from stakeholders perspective 

• (MinVWS, IGZ, Care insurer)

• Result
• 56 information needs derived from 
• 18 unstructured in-depth interviews with 
• 22 field experts



Calculation: Information Needs

• 56 information needs
• 33 related to quality of care
• 23 related to financial state

• Information needs scored based on a valuation equation
• Board members: 10
• Managers: 6
• Stakeholders: 3

• Score = ∑𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑜𝑜𝑜𝑜 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 × 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉

• Score = 8
8

× 10 + 4
5

× 6 + 3
5

× 3 = 16.6



What is the #1 Information Need?
Causes of occured 

incidents

ZZP-mix per business 
unit

Number and types of 
incidents occured

Staffing with respect 
to ZZP-mix

Customer experience

Production 
information (planned, 

realized, declared)



Calculation: Top 10 Needs
# Type Information need Board Mgmt Stakeh. Score

1 Q Customer experience 8 7 10 16.6

2 F Staffing with respect to ZZP-mix 7 4 2 14.8

3 F ZZP-mix per business unit 7 4 0 13.6

4 F ZZP-mix prognoses 7 4 0 13.6

5 F Staffing with respect to operations 6 4 2 13.5

6 Q Number of incidents occured 6 4 2 13.5

7 Q Types of incidents occured 6 4 2 13.5

8 Q Causes of occured incidents 6 4 2 13.5

9 F Operations per ZZP 7 3 1 13.0

10 F Production information (planned, realized,
declared) 7 3 1 13.0



Findings: Business understanding

Information needs Data mining goals

• Number of occured incidents
• Types of occured incidents
• Causes of the occured incidents
• Patterns in occured incidents

• Identify patterns in incidents

• Number of clients at an increased risk
• Types of risk the clients run

• Identify relationships in risk assessment

• Progress of care-related measures • Identify patterns in care-related measures

• Treatment goals (obtained & not-obtained)
• Care plan information

• Identify patterns in obtained and not-obtained treatment 
goals

• Number of clients per demand for care
• ZZP-mix
• ZZP-mix prognosis

• Identify & predict the ZZP mix

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Data understanding

Data mining goals Available data
• Identify patterns in incidents • 5,692 records with incidents

• 13 different incident types

• Identify patterns in risk assessment • Depression risk: 2,129 records
• Falling risk: 889 records
• Incontinence risk: 877 records
• Medication risk: 806 records
• Problem behaviour risk: 0 records
• Weight risk: 567 records

• Identify patterns in care-related measures • 27,174 records with care-related measures

• Identify patterns in obtained and not-obtained treatment 
goals

• 20,725 records with treatment goals
• 14.59% obtained goals
• 85.41% not obtained goals

• Identify & predict the ZZP mix • 1,831 records with historical delivered
ZZP’s

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Identify patterns in incidents

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Identify patterns in incidents

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment
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Findings: Identify patterns in incidents

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Predict the ZZP mix

ZZP6

ZZP1

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Predict the ZZP mix

ZZP1 ZZP6

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Identify relationships in risk assessment

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Evaluation

• Explorative research  no groundbreaking results
• Information needs of multiple care institutions & stakeholders

• Lack of standardization
• Heterogeneous data

• Predictions are too dependent on environmental factors
• Limited historical data
• Too many dependent factors for the forecasts to be practically useful

• Changes in laws and regulations have direct effect on analysis

• Qualitative data (e.g. free text input)
• Complex to analyse

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment



Findings: Deployment

1. Business / 
Environment 

understanding

2. Data 
understanding 3. Data preparation 4. Modelling 5. Evaluation 6. Deployment

Identify the 
patterns in 
incidents 

Identify & 
predict the 

ZZP-mix

Relationship 
between 

care-related 
measures 

and incidents

Identify care 
within & 

outside ZZP 
indication 
(planned, 
realized)



One-pager on…
An automated approach to 
gather information needs



Reusable 
automatic 

goal 
extraction 

method from 
texts

Trans-
lational 

data 
science

Taxonomic 
studies

How can we 
bootstrap 

the Domain 
Understan-
ding phase?
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Example: NLP-Automated Domain Understanding (NAMBU)

Spruit,M., Kais,M., & Menger,V. (2021). Automated Business Goal Extraction 
from E-mail Repositories to Bootstrap Business Understanding. Future 
Internet, 13(10), Trends of Data Science and Knowledge Discovery, 243. [online]

https://doi.org/10.3390/fi13100243


AI Deelgebieden: NLP & Spraak
        & Robotica

Welzijn.AI



Op een passend vervolg!
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