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. AI 

transforms
HEALTHCARE

Drug development: target discovery, substance discovery, de novo
synthesis

Preclinical research: evaluation physicochemical properties, 
evaluation of ADMET specifications

Clinical research: assist in design and rationale clinical trial 
protocols, assist in monitoring, assist in patient selection and inclusion.

Data research: assist in data mining, processing and analysis

Virtual Reality: simulation, training skills, protocols

Serious gaming: training, simulation

Adaptive learning platforms: supports personalized learning

Learning analytics: assist in student outcomes and learning pathways 

Robotics: surgery, prosthesis, social robotics

Clinical decision support: predictive algorithms, supporting 
personalized medicine, personalized treatment pathways, screening rare 
diseases, complication risks, contraindications signalling.

Image recognition applications: supporting radiologists, 
pathologists, endoscopists in detection and identification of anomalies, ECG 
automation

Sensors: monitoring and prediction, eg monitoring disease progress, 
disease detection

Virtual Reality: patient training, rehabilitation programs, patient 
information and education

IoT: inventory management, capacity management, remote patient 
monitoring, smart beds

Data analysis: patient flow prediction, no show models, planning 
capacity, human resource management.

LLM: speech to text to report applications, automated  discharge reports, 
standardization data recording

Triage and prioritization applications: ambulance services, 
triage at GP practices

Robotic Process Automation: substituting repetitive 
administrative load.

AI TRANSFORMS HEALTHCARE 

not exhaustive list 
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Fig. 5 Example of in-phase MRI after cropping along with segmentations (OARs) obtained with DeepMedic (contours) versus clinical segmentations
(filled contours) in the transverse (left), coronal (centre) and sagittal (right) view for a patient in the test. For this patient, average performance was
obtained in terms of DSC: 0.96, 0.86, 0.97 and 0.97 for bladder, rectum, and femurs, respectively. Note that DeepMedic also outputs CTV, but it was
not considered for clinical evaluation

for the first 97 patients that were included up to August
2019. The hyperparameters were identical to the pre-
liminary study. The network was implemented for clin-
ical use complying with the medical device regulation
(MDR 2017/745)5. Quantitative evaluation was perfomed
in terms of DSC, HD95 and MSD for the 53 consecutive
patients undergoing MR-only radiotherapy from August
2019 to January 2020. The delineations adopted for clin-
ical use, i.e. delineated by RTTs and approved or re-
adjusted by a radiation oncologist, were considered as
reference. Also, surface dice similarity coefficient (SDSC)
[48] was calculated6 to enable comparison with previous
work [49]. Besides, the performance of the network clini-
cally implemented was compared with the performance of
the same network obtained during the preliminary study.

Results
Timing performance
The inference time of the network was about 60 s for
DeepMedic and approximately 4 s for dV-net using the
full resolution images of 328x328x120 voxels on GPU.
ADMIRE generated contours in approximately 14 min on
GPU.

Preliminary study
Figure 3 represents the violin plots for DSC, HD95 and the
MSD. One can observe that performances were higher for
5European regulation 2017/745 of the European Parliament and of the
Council of 5 April 2017 on medical devices, https://eur-lex.europa.eu/eli/reg/
2017/745/oj.
6as available in https://github.com/deepmind/surface-distance.

both the networks compared to ADMIRE. For the bladder,
no significant differences were observed between the net-
works, but significant differences were observed between
the networks and ADMIRE. For the rectum, no signifi-
cant differences were observed among the three automatic
methods. When considering the femurs, DeepMedic out-
performed both dV-net and ADMIRE. For example, for
the right femur, the mean (±σ ) HD95 was 2.2±1.4,
2.5±1.8 and 3.2±1.4 mm for DeepMedic, dV-net and
ADMIRE, respectively.
The qualitative scoring by an RTT expert (Fig. 4)

demonstrated that delineations fromDeepMedic required
fewer adaptations, followed by dV-net and then ADMIRE.
Specifically, the expert RTT stated that, for all the struc-
tures, the number of delineations that were acceptable
or needed small adjustment was 81%, 59% and 3% for
DeepMedic, dV-net and ADMIRE, respectively. For both
the networks, the rectum followed by bladder were
indicated as the most challenging structures, while for
ADMIRE, the bladder followed by rectum and femurs
(same scoring) were the structures considered as the most
challenging (score ≥ 2).

Clinical implementation
On the basis of the preliminary analysis, we decided to
implement DeepMedic for our clinic. Clinical implemen-
tation was performed in August 2019.
The performance of DeepMedic in the prelimi-

nary study and after clinical implementation are pre-
sented in Table 2. After retraining DeepMedic and
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3000 100 10 2 1!

Ideas Explorations Launcheswell defined 
projects Succes!

Adapted from Stevens, G.A. and Burley J. 3000 Raw Ideas = 1 
Commercial succes!. Research Technology Management. Vol. 40, #3, 
pp16-27.

From research AI model to implemented AI application,
innovation is …. 



Adapted from  The invincible company strategyzer.com/invincible. A. Osterwalder, 2020  

Exploit

Explore 

Dit is geen lineair proces ... 



Push valuable AI/datascience to foster innovation & change 
@UMC Utrecht 

Built with directions and divisions  
a UMC Utrecht AI implementation 

project portfolio

Share knowledge

Built a network for learning by doing

Develop & organize 
training & education 

Develop supportive 
policies & structures

Provide suportive 
capacity

• Dedicated clinical data science team

• Co-creation and multidisciplinary projects

• Standardized innovation approach with 
standardized risk assessments 

• Quality Management System for AI LCM

• Portfolio shifts from high research profile 
towards business supportive models 
influenced by LLM development
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Idea > Explore > DevOp > Pilot A > Pilot B > PREP > Implement > Production >

Telefonische triage
POS POLI

Covered

Pijnscore 

Nursing scores
(decubitus)

Argus

Care2Report
Mitosis PA

ECT bijwerkingen

HPO textmining 1
Sleep Well Baby

Reuma Patio

NICU Early Warning

Stop/ on hold 
Urin Check _ PacMed _ PREDICT _ 
UrSmartStatus _Psychosis  

No Show

IMAGR
U-prevent

PICU med

Project portfolio applied data science 
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NICU Early Warning Signals

NICU EWS 

• early detection risk of sepsis 
• Intended use: clinical management by physician 

team
• extreme-preterm (<32 gestational age)

• logistic regression, risk prediction variables 
heartrate and oxygen saturation

• RUO runs in background for validation

• NICU dashboard concept, credits: Ruben Peters
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NICU EWS architecture
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RESEARCH ARTICLE

Using real-world data to dynamically 
predict flares during tapering of biological 
DMARDs in rheumatoid arthritis: 
development, validation, and potential impact 
of prediction-aided decisions
Matthijs S. van der Leeuw1†, Marianne A. Messelink1*† , Janneke Tekstra1, Ojay Medina2, 
Jaap M. van Laar1, Saskia Haitjema3, Floris Lafeber1, Josien J. Veris-van Dieren4, Marlies C. van der Goes5, 
Alfons A. den Broeder6 and Paco M. J. Welsing1 

Abstract 
Background: Biological disease-modifying antirheumatic drugs (bDMARDs) are effective in the treatment of rheu-
matoid arthritis. However, as bDMARDs may also lead to adverse events and are expensive, tapering them is of great 
clinical interest. Tapering according to disease activity-guided dose optimization (DGDO) does not seem to affect long 
term remission rates, but flares are frequent during this process. Our objective was to develop a model for the predic-
tion of flares during bDMARD tapering using data from routine care and to evaluate its potential clinical impact.

Methods: We used a joint latent class model to repeatedly predict the probability of a flare occurring within the next 
3 months. The model was developed using longitudinal data on disease activity (DAS28) and other routine care data 
from two clinics. Predictive accuracy was assessed in cross-validation and external validation was performed with 
data from the DRESS (Dose REduction Strategy of Subcutaneous tumor necrosis factor inhibitors) trial. Additionally, 
we simulated the reduction in number of flares and bDMARD dose when implementing the model as a decision aid 
during bDMARD tapering in the DRESS trial.

Results: Data from 279 bDMARD courses were used for model development. The final model included two latent 
DAS28-trajectories, bDMARD type and dose, disease duration, and seropositivity. The area under the curve of the final 
model was 0.76 (0.69–0.83) in cross-validation and 0.68 (0.62–0.73) in external validation. In simulation of prediction-
aided decisions, the mean number of flares over 18 months decreased from 1.21 (0.99–1.43) to 0.75 (0.54–0.96). The 
reduction in he bDMARD dose was mostly maintained, increasing from 54 to 64% of full dose.

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/. The Creative Commons Public Domain Dedication waiver (http:// creat iveco 
mmons. org/ publi cdoma in/ zero/1. 0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Open Access

*Correspondence:  m.a.messelink@umcutrecht.nl
†Matthijs S. van der Leeuw and Marianne A. Messelink contributed 
equally to this work.
1 Department of Rheumatology & Clinical Immunology, University 
Medical Center Utrecht, Utrecht University, Heidelberglaan 100, 3584 
CX Utrecht, The Netherlands
Full list of author information is available at the end of the article

Development Reuma PATIO
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ADAM call 2017

okt ‘19 
Resultaten simulatie model
Pilot A 

dec ‘19
ZonMW subsidie voor 
klinische validatie trial 

sept ‘20 1e IMDD ingediend

aug ‘21 IMDD goedgekeurd

Okt ‘21 METC goedgekeurd 

nov ’21 fase 5 Pilot B
Eerste patiënten klinische 
validatie zijn geïncludeerd. 

Multicenter trial met 7 centra 
Verwachte duur 3 jaar.

Start met Siemens
Doorstart met Ortec

ML model predicting risk of flare in RD patients
Built on historical data analysis  and guidelines 
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Development Reuma PATIO

CASTOR Web app
ORTEC

Dashboard
ORTEC

Risk assessments performed:

• Data Privacy Impact Assessment

• Software Security Assessment 

• ISO 14971 assessment medical device

• SAFER assessment work process

Investigational Medical Device Dossier
METC assessment / approval 

Developed for RUO for use in the trial. 
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This is what we do best… 
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Lessons learned

• Push to implementation 
• Built competencies within the organisation
• Set goals and KPIs at project portfolio level
• Decision taking authority is scattered and often 

unknown
• Create culture of quality and safety thinking
• Governance in operation remains topic of debate
• Be stubborn 



Thank you. 

Annemarie van ‘t Veen 
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