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* Introductie tot artificiéle intelligentie
* Toepassingen in de klinische biologie
 Hoever staan we in de praktijk?
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AN Artificiéle intelligentie

De term “artificiéle intelligentie" dateert uit de jaren 1950.

1950: Can a computer convince a human that
it is not a computer but a real person.

Now: Can a human convince a computer that
he is a real person, not a computer

I'm not a robot @
reCAPTCHA
‘rivacy - Terms

Alan Turing

Het baanbrekende werk van Alan Turing “Computing Machinery
and Intelligence” beschreef onder meer de “Turing-test”.
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Verschillende definities werden al voorgesteld...

"It is the science and engineering of
making intelligent machines, especially
intelligent computer programs. It is
related to the similar task of using “Software die goed is in patroons-
computers to understand human herkenning.”

intelligence, but Al does not have to
confine itself to methods that are
biologically observable.”

- Lieven Scheire, wetenschaps-
communicator, Belgié

— John McCarthy, computer-
wetenschapper, Stanford University, USA
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* De eerste vormen van Al verschijnen in clinical decision support
(CDS) systemen die gebaseerd zijn op regels en een kennisdatabase.

 Medische validatieregels worden opgesteld, gecontroleerd en
aangepast door experts (zoals klinisch biologen) om het redeneren

van een menselijke specialist na te bootsen.
* Voorbeelden van medische validatieregels zijn:

 alsKhogerisdan 6,5 mmol/L - kritieke waarde, doorbelactie vereist.

 als Hb meer dan X g/dL varieert - heranalyse vereist.

* als Na binnen 24 uur met meer dan 10 mmol/L verandert - waarschuwing gegeven.
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A Machine learning

v' Computers die leren van data om specifieke taken uit te voeren.
v Vaak ook “statistical learning” genoemd.
v' Geen menselijke fouten/vooroordelen.

Traditional programming

Data —_—
Computation — > Results
Program E—

Machine Learning Approach

Data —_— .
Computation ——>» Program
Results —_—
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AN Types van modellen

Supervised learning Unsupervised learning Reinforcement learning

Inputs en gewenste outputs zijn Beslissingsproces gebaseerd op

Gewenste outputs zijn niet aangeleverd

aangeleverd beloningen
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Validation Model Performance
Data Dataset Evaluation

Ng DP, et al. Cytometry Part B:

Validated
Model

Clinical Cytometry. 2024, 106 (4), 228-238.
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M)A Deep learning

 Deep learning (DL) is een tak van machine learning die de functionaliteit

ervan verbetert.

* Het automatiseert het extraheren van variabelen en het optimaliseren van
modellen (bv. hyperparameters afstellen).

 Vermindert de behoefte aan menselijke tussenkomst en maakt het mogelijk om
grotere datasets te verwerken.

DL kan ongestructureerde, multimodale gegevens in hun oorspronkelijke
vorm verwerken (bv. tekst, afbeeldingen en longitudinale data) en leert
automatisch onderscheid te maken tussen verschillende categorieén.



AN Deep learning

Neurale netwerken, ook wel artificiele neurale netwerken (ANN’s) genoemd, zijn
een subset van machine learning en vormen de kern van deep learning-algoritmen.
Hun naam en structuur zijn geinspireerd door de menselijke hersenen en bootsen de
manier na waarop biologische neuronen signalen doorgeven.

x

Dendrites

P=
,0
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Axon |

Dendrites




AN Deep learning

Artificiéle neurale netwerken (ANN) = menselijk brein en neuronen.

Inputlaag: waarden tussen O en 1, die de “activatie” van een neuron weerspiegelen.

Verborgen lagen: wegen kenmerken van de inputdata van laag tot laag.

Outputlaag: presenteert een voorspelling, gecombineerd met een waarschijnlijkheid.

Hidden Layers

Input Layer Output Layer

\__Neuron

Cadamuro, J. Diagnostics 2021, 11
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M\ Large Language Models

Definition
Learns the probabilities of occurrence of sequences of
words from a corpus of text, whose probabilities are

learned using textual corpora with trillions of words such
that the resulting model has billions of parameters.

4 Gemini

J¢Claude

 Vorm van DL (neuraal network gecombineerd met een
“transformer”), gebaseerd op “self-supervised
learning”.

* Vaak geintegreerd in chatbots.

 Kunnen worden afgestemd (“getuned”) op
verschillende toepassingen.
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Klinisch - Laboratorium
Anamnese Medicatie
onderzoek resultaten

Voor- Sociale Pathologie Beeldvorming
geschiedenis achtergrond resultaten resultaten
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onderzoek resultaten

Voor- Sociale Pathologie Beeldvorming
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Pre-analytische fouten

Journal of 7
Personalized Medicine MD\Py

Article
Analyte Importance Analysis in Machine Learning-Based

Detection of Wrong-Blood-in-Tube Errors Using Complete Blood
Count Data

Barig Giin Siirmeli **, René Staritzbichler 2*(%, Clemens Ringel 2, Saleem Al-Dakkak 2, Helene Dorksen 1
and Thorsten Kaiser 2

J. Pers. Med. 2025, 15, 404 https:/ /doi.org/10.3390/jpm15090404

Clinical Chemistry 71:2 Informatics and Statistics
296-306 (2025)

Prospective and External Validation of an Ensemble
Learning Approach to Sensitively Detect Intravenous
Fluid Contamination in Basic Metabolic Panels

Nicholas C. Spies ®,**<* Leah Militello, Christopher W. Farnsworth (®,* Joe M. El-Khoury (),
Thomas J.S. Durant (5, and Mark A. Zaydman (»)°
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Hematologie
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DeepHeme

A generalizable, multi-center, pathologist-level, algorithm for human
bone marrow classification

https://www.hemepath.ai/deepheme.html

https://scopiolabs.com/

https://www.cellavision.com/
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Microbiologie

MANUAL WORKFLOW: Slow, Labor-Intensive, Subjective AlI-AUGMENTED WORKFLOW: Rapid, Data-Driven, High-Precision

Manual Streaking vs.

g Robotic Inoculation

Traditional manual streaks are : 95% Accuracy in Convolutional Neural Real-Time “Smart”
: Manual Colony Countin i A )
replaced by robotic streakers and & Identiﬁcatio¥1' g Slide Interpretation Networks (CNNs) classify Plate Reading
Al-optimized inoculation Time-consuming visual Convolutional robotb-antx-axis Gram stain morphologies Computer vision software automates
stratedgies. ; " precisixely inoculation with with high precision on colony counting and identification,
9 inspection, prone to error. laser-guided precision. standard computers. reducing result times by hours.
<<w ACCELERATING THE FIGHT AGAINST RESISTANCE (AMR)
\y o 4 & Smar? molecule
> 24 Hours = AN\ A\ AST Testing Speed Comparison Ao library .
i p ‘ Traditional AST (Manual) ' J*{/ p
pagl —_— — - \ . = <
“fi’:\ (C ) 24 Hours> !
» B X
MINUTES

FAST (Flow Cytometry + Al)
@ C. 3 Hours)

IR-Spectrometry (Al-based)

24 Hours Reduced to 30 Minutes  Predictive Resistance Modeling

Al-integrated IR-spectrometry identifies ML algorithms analyze bacterial a0 —— Deep learning narrows thousands of
antimicrobial resistance in minutes genomes to forecast drug resistance . M"“““,) molecules to viable drug candidates,
rather than days. before physical tests finish. saving time and resources.

A NotebookLM

Virtual Drug Screening



Referentiewaarden

(A) Population-based Reference Interval

Determined by a one-time
measurement, is used for
every individual in the
population.

>

(B) Personalized Reference Interval

Determined by longitudinal data
from multiple measurements over 0]10]6)

‘ ‘ time, and is to be used for that
specific individual. :|
> ]
©) @ ®

Coskun A, et al. Biochim Biophys Acta Mol Basis Dis.2024;1870(7).




Table 2 | Questionnaires regarding clinical intuition and medical treatment changes

Questionnaire regarding clinical intuition (intervention group and control group)

- Surprise question: “Would you be surprised if this patient dies within the next 31 days?” (yes/no)*"*

Ri s i c o i n S c h atti n - Concern question: “How concerned are you about the health of this patient?” (Likert scale 1-10)*
- Severity question: “How severely ill do you find this patient?” (Likert scale 1-10)*°

1.004

p—

/

nature communications

Article https://doi.org/10.1038/s41467-025-66947-7

Machine learning for risk stratification in the
emergency department (MARS-ED): a
randomized controlled trial

sensitivity
o
4]
o

RISK'NDEX 0.25]
* Risicoscore afgeleid van machine learning (ML). RISKINGEX . AUC 0.84 (0.78-0.90)
* Voorspelt de kans op overlijden binnen 31 dagen door alle oorzaken, gebaseerd / - gmemiggg;’;((ggggg;;
. . . . .. - Surprise - X .66-0.
op routinematige laboratoriumtests die door de behandelend arts zijn Severity - AUC 0.76 (0.68-0.83)
aangevraagd, samen met basiskenmerken van de patiént (leeftijd en geslacht). 00850 055 050 075 o
1-specificity

* De berekende RISK'NPEX(\wwaarde 0-100) komt overeen met de individuele

.o .o . .o . mﬂ
waarschijnlijkheid van overlijden binnen 31 dagen. Fig. 2| Prognostic accuracy for 31-day mortality of the RISK™ compared with

the ED physician’s clinical intuition. The RISK™™ demonstrated high prognostic
accuracy, achieving an area under the receiver operating characteristics curve
(AUROC) of 0.84 (95% CI: 0.78-0.90). This statistically matched or outperformed
that of the ED physician’s clinical intuition, assessed through three distinct ques-
tions: the “concern” question showed an AUROC of 0.74 (95% CI 0.68-0.81,
p=0.017), the “severity” question an AUROC of 0.76 (95% CI 0.68-0.83, p=0.05),
and the “surprise” question an AUROC of 0.73 (95% CI 0.66-0.80, p=0.007). The
AUROCs were compared by using the method of DelLong.




Risico inschatting

nature communications

Article https://doi.org/10.1038/s41467-025-66947-7

Machine learning for risk stratification in the
emergency department (MARS-ED): a
randomized controlled trial

R|SKINDEX

* Risicoscore afgeleid van machine learning (ML).

* Voorspelt de kans op overlijden binnen 31 dagen door alle oorzaken, gebaseerd
op routinematige laboratoriumtests die door de behandelend arts zijn
aangevraagd, samen met basiskenmerken van de patiént (leeftijd en geslacht).

* De berekende RISK'NPEX(\wwaarde 0-100) komt overeen met de individuele
waarschijnlijkheid van overlijden binnen 31 dagen.

Supplementary Figure 5. Subanalysis of the perceived added value of the RISK'PEX (Likert scale 1-10).

Frequency (%)

L8]
o
L

50 1

40 1

[A)
[=1
L

101

0 1 2 3 4 5 7 9 10
Perceived added value of RISK-INDEX
Table 1 | Characteristics of the study sample
Intervention Control Overall
(n=644) (n=659) (n=1303)
Outcomes, n%
Admission to hospital 400 (62.1) 414 (62.8) 814 (62.5)
Length of hospital 5(2-9) 5(2-9) 5(2-9)
stay, median
(IQR), days
New treatment 86 (13.4) 71(10.8) 157 (12.0)
restrictions
Mortality (31-day) 45 (7.0) 45 (6.8) 90 (6.9)
ICU admission (31-day) 16 (2.5) 20 (3.0) 36 (2.8)
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Clin Chem Lab Med 2023; aop

Janne Cadamuro, Federico Cabitza, Zeljko Debeljak, Sander De Bruyne, Glynis Frans,
Salomon Martin Perez, Habib Ozdemir, Alexander Tolios, Anna Carobene and Andrea Padoan*

Potentials and pitfalls of ChatGPT and
natural-language artificial intelligence models for
the understanding of laboratory medicine test
results. An assessment by the European
Federation of Clinical Chemistry and Laboratory
Medicine (EFLM) Working Group on Artificial
Intelligence (WG-AI)

“Act as a personal assistant who is a laboratory medicine
expert and can interpret lab exam results and help patients
understand them. | will give you a list of test results, their
unit of measure, reference intervals, and relevant
information about the individual, such as age and sex. In
particular, the result pattern will be the following one: “Test
Name (unit of measure): Test Result (Reference range)”. Your
task is to interpret these results both collectively and
individually to inform the person, and raise alerts if values are
out of normal ranges and advice for a referral if this is the
case. Be as evidence-based as possible. If you are unable to
interpret the results, or a single result, simply acknowledge
that. If you recommend that the person consults a medical
doctor, explain your reasoning for doing so. | report the case
in what follows:”



Here's a summary and interpretation of the provided lab exam results for a 58-year-old male:

1. Red blood cell count, MCV, MCH, MCHC, Hb, and Hct: All of these values are within their
respective reference ranges. This suggests that there are no issues with the patient's red
blood cells or hemoglobin levels.

Table 3: Summary of the findings of EFLM WG-AIl members, listed as pros

2. Platelet Count: This value is also within the reference range, indicating a normal platelet

and cons.
count.
3. White blood cell count: The total WBC count, as well as the counts for lymphocytes, Pros:
neutrophil granulocytes, eosinophil granulocytes, basophil granulocytes, and monocytes, are B .A|| the lab tests provided were known and commented on (high
all within their respective reference ranges. This indicates that there are no abnormalities relevance)
with the patient's immune system based on these results. - Always recommend to check back with a doctor (high safety)
4. Gamma-GT: This liver enzyme is within the normal range. - Never recommends treatment options
5. Glucose: The glucose level is elevated at 8.6 mmol/L (reference range: 3.88-5.55 mmol/L). - Inone case a diabetes was identified correctly
This could be a sign of prediabetes or diabetes. Further evaluation and monitoring are - Good teaser for laymen to get familiar with laboratory medicine and
recommended. life science in general
6. Total Cholesterol, HDL-Cholesterol, LDL-Cholesterol, and Triglycerides: All lipid levels are Cons:

- The underlying cause for result deviations is not always fully correct
(e.g. GGT elevation=liver dysfunction or injury) (medium correctness)

- Does not differentiate between slightly and severely deviated results
(low safety in alert results)

- Does not synoptically evaluate and interpret results (low helpfullness)

- Does not take preanalytical issues into account

- Does not recommend any follow-up diagnostics

This suggests poor blood sugar control over the past 2-3 months and is consistent with a - Some answers were misleading (e.g. normal lymphocytes=normal

diagnosis of diabetes. immune system)

within their respective reference ranges, suggesting a healthy lipid profile.

7. Creatinine: The creatinine level is slightly elevated at 108 pmol/L (reference range: 53-106
pmol/L). This may indicate a mild decrease in kidney function. However, it is important to
consider other factors like muscle mass and hydration status when interpreting this result.
Further evaluation might be necessary.

8. HbA1c: The HbA1c level is elevated at 57 mmol/mol (reference range: 20-42 mmol/mol).

In summary, this individual has elevated glucose and HbA1c levels, suggesting a diagnosis of
diabetes. The slightly elevated creatinine level may also warrant further investigation. It is
important for the patient to consult with a medical doctor to discuss these findings, establish a
diagnosis, and develop a management plan for diabetes and any potential kidney function

issues.

Cadamuro J, et al. Clin Chem Lab Med. 2023;61(7):1158-1166.
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EUROPEAN FEDERATION OF CLINICAL CHEMISTRY

AND LABORATORY MEDICINE

DE GRUYTER Clin Chem Lab Med 2024; aop

Opinion Paper

Janne Cadamuro*, Anna Carobene, Federico Cabitza, Zeljko Debeljak, Sander De Bruyne,

William van Doorn, Elias Johannes, Glynis Frans, Habib Ozdemir, Salomon Martin Perez, Daniel Rajdl,
Alexander Tolios and Andrea Padoan, on behalf of the European Federation of Clinical Chemistry and
Laboratory Medicine Working Group on Artificial Intelligence

A comprehensive survey of artificial intelligence
adoption in European laboratory medicine:
current utilization and prospects

Cadamuro J, et al. Clin Chem Lab Med. 2024;63(4):692-703.



Deelnemers

Oktober 2023

EFLM-mailing naar leden van nationale verenigingen

Eén formulier per laboratorium

426 reacties -> 195 volledige antwoorden
e 211 =onvolledig
* 11 =reactie uit niet-Europees land
* 9 =reactie niet uit een klinisch laboratorium

Cadamuro J, et al. Clin Chem Lab Med. 2024,63(4):692-703.
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Croatia
Czech Republic
Denmark
Estonia
Finland
France
Germany
Greece
Hungary
Ireland

Italy

Latvia
Lithuania
Macedonia
Montenegro
Netherlands
Norway
Portugal
Romania
Russia
Serbia
Slovakia
Slovenia
Spain
Sweden
Switzerland
Turkey
Ukraine

UK (Great Britain)
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Figure 1: Number of participants per country.



Are there any Al projects going on in

* Does your lab have an employee with

A.l skills?

Cadamuro J, et al. Clin Chem Lab Med. 2024;63(4):692-703.

= One or more computer
engineers or scientists

® One or more data
scientists

= One or more I T skilled
people
mNo personwith IT skills

2){/our laboratory?
0

®| don’t know
ENo

= No, but planned in near
future

m Yes, collaborating with
outside resources

mYes, in collaboration
with IVD industries

mYes, in house
development

On a scale of 1-6, on average how

would you rate the knowledge of your

lab team on artificial intelligence?

%

40

= 1 -No knowledge at all

= 2 - Very littie knowledge

= 3 - Some basic
knowledge

= 4 - Good knowledge

m 5 - Very good
knowledge



Hindernissen voor Al - Opleiding

n %
Considering the following items, which one do you believe to
hamper the use of Al in lab medicine in the near future?®
Lack of skills and difficulties for understanding too mathe- 125 64.1%
matical aspects
Issues in data retrieval 78 40.0%
Untrust in this field of this technological advancement 48 24.6 %
Ethical or regulatory issues 114 58.5%
Lack of a real improvement patients diagnostic results 57 292%
Lack for equipment 70 359%
None 3 15%
Other 8 41%

Cadamuro J, et al. Clin Chem Lab Med. 2024;63(4):692-703.

n %
Would you be interested in a Al training course?
No 20 103 %
Yes 175 89.7%
How do you think such a course should be organized?
Basic level (gentle introduction to Al) 109 55.9%
Intermediate (presentation of specific examples) 125 64.1%
Advanced (software and coding) 51 26.2%




Definition

Prerequisites

Key Question(s) for Medical Education

Basic skills Practical ability to use clinical Al tools

A

Proficient skills  Ability to critically assess the utility of
clinical Al applications and their outputs as
well as the ethical implications of
integrating Al in healthcare (in addition

to basic skills)

Deep technical understanding of machine
learning combined with clinical expertise
that enables experts to drive meaningful
advancements in medical Al (in addition
to proficient skills)

Expert skills

A

Intuitive and user-friendly Al interfaces, and
training that involves basic concepts
alongside practical experience;

Knowledge about specific Al tools used
within the clinician’s work environment

Additional knowledge and scientific skills for
interpreting (and conducting) clinical trials
and evaluating Al tools according to their
value proposition, model performance,
potential bias, ethical implications, and
healthcare economics

Deep technical understanding of machine
learning combined with clinical expertise;
Ability to explain clinical challenges to
machine learning scientists and understand
both potential and limitations of Al for
interdisciplinary collaboration OR dual
competency for autonomous work

What foundational training is needed to be
able to use clinical Al tools in medical
practice?

What are the minimum educational
requirements to allow a clinician to operate
the Al tools that are in use in their specific
clinical setting?

How can clinicians be trained to critically
assess Al applications and establish that tools
are safe and effective in specific contexts of
medical practice?

How can clinicians be trained as key
stakeholders in ensuring that Al is
implemented in healthcare in accordance with
ethical and societal values?

How can clinicians be enabled to proactively
foster meaningful innovation in the field of Al
in medicine?

We propose three tiers of medical Al expertise alongside definitions, prerequisites, and the key questions for stakeholders in medical education.

Table 1: Tiers of medical Al expertise.

Schubert T, et al. eClinicalMedicine. 2025; 79: 102968.




Hindernissen voor Al -

Regelgeving

n %
Considering the following items, which one do you believe to
hamper the use of Al in lab medicine in the near future?®
Lack of skills and difficulties for understanding too mathe- 125 64.1%
matical aspects
Issues in data retrieval 78 40.0%
Untrust in this field of this technological advancement 48 24.6 %
[Ethical or requlatory issues 114 58.5%
Lack of a real improvement patients diagnostic results 57 292%
Lack for equipment 70 359%
None 3 15%
Other 8 41%

Cadamuro J, et al. Clin Chem Lab Med. 2024;63(4):692-703.

Is there any additional restriction in extracting or using
patient data from the Lab-IT (LIS) for...*

IN-HOUSE USE

1%

m No restriction

u Ethics committee
necessary

m Data regulation

= National regulations

m Local regulations

m Technical restrictions/lack

of knowledge
uldont know

OUTSIDE FACILITY USE

0%

u No restriction

= Ethics committee
necessary

m Data regulation

= National regulations

m Local regulations

m Technical restrictions/lack

of knowledge
uldon't know




Data
Governance Data Act
Act




Data
Governance
Act

\/

1

Sara Payne, Alison Hall (PHG Foundation). Briefing note: what is the IVDR? 2018

Medical Devices

High risk

Examples:

Pacemakers

Heart valves

Implanted cerebral stimulators

Notified I Examples:
Body Condoms
Lung ventilators
approval I X
PP . i Bone fixation plate
required =
[=))]
| £
o Examples:
i Dental fillings
[v) .
c Surgical clamps
Tracheotomy tubes
Self I Examples:
Wheelchairs
assessment I Stethoscopes
Spectacles*
Low risk

In Vitro Diagnostic Medical Devices

Examples:

Hepatitis B blood-donor screening
HIV blood diagnostic test

ABO blood grouping

Examples:

Blood glucose self-testing
PSA screening

HLA typing

Examples:

Pregnancy self-testing
Urine test strips
Cholesterol self-testing

Examples:

Clinical chemistry analysers
Specimen receptacles

Prepared selective culture media

* Class | medical devices will require involvement of a Notified Body if they are sterile, have a measuring function or are re-usable surgical instruments




Data
Governance
Act

Data Act

Banned
Al Systems used for certain biometric identification, biometric categorisation, emotion
recognition in certain domains, social scoring, subliminal manipulation

High Risk Al Systems (HRAIS) =

Al systems used as products or safety components of a product covered by Annex |
(incl. medical devices, toys, machinery) and Annex Il (e.g. other biometric systems,

critical infrastructure, education, employment, justice, immigration, law

enforcement and democratic contexts)

General Purpose Al systems (GPAI) =

Two-tiered model of regulation:
*  GPAI models with systemic risk (onerous obligations)
*  all other GPAI models (more limited obligations)

Al Systems intended to interact with —
natural persons

e.g. chatbots (subject to transparency requirements)

Other Al Systems

All Al Systems should comply with general principles
Codes of conduct may be introduced for all low-risk Al systems —

High Risk

Low Risk



Hindernissen voor Al - Data toegang

Why can’t you access this
kind of patient data?

1%

= Incapability of
Electronic Health

Besides laboratory data, do you have Record System

. ] . . ; . i ' H = Limitations
Considering the following items, which one do you believe to access to other patients’ data outside imposed by legal
the lab-IT? regulations

hamper the use of ALin lab medicine in the near future?” u Fragmentation of

data

Lack of skills and difficulties for understanding too mathe- 125 64.1 % = Other

matical aspects

Issues in data retrieval 78 40.0%
. — . . | have to ask for
Untrust in this field of this technological advancement 48 24.6% permission...
Ethical or regulatory issues 114 58.5%
Lack of a real improvement patients diagnostic results 57 292% 'ﬁéé';i'rfm
Lack for equipment 70 359% m At the head of
the clinic
None 3 15% uNo mUnder certain conditions mYes m
m At the legal
Other 8 4'1 % d;;)aenﬁit (data
protection)
= Other

Cadamuro J, et al. Clin Chem Lab Med. 2024;63(4):692-703.



Understanding the flow of
“laboratory” information
generating big data

Physician’s brain

Laboratorians’ brain

e R R,

Lab catalog (tests names, conditions, RI, RCV)

Medical authorization, pattern

Demand management
(appropriateness and
minimum retesting interval)

—

Specimen types
(tubes) and
additional patients'
information (fasting, = —
supine, standing,
physical exercise,
diet, etc.)

—> Storage conditions, timing

—

Collection
Identification

—
—

Need of tests for
clinical decision

P,

)

—)

Preparation

Transportation

Padoan A, Plebani M. Clin Chem Lab Med. 2022;60(12):1875-80.

=)/

Analysis
—

recognition, Al-based clinical
decision support systems

CLOUD based

proteomics, genetlu)

Artificial intelligence for checking
samples quality (mismatch) or reflex
testing

/’

Laboratory testsresults, QCand EQA
results, technical authorization

Centrifugation, aliquoting, destination
at analytical sections, volume, sample

—
—
quality (HIL, clotted samples)



Laboratory information Patient demographics

Time/Date/Location of Sample Collection Clinical information
Tube type Clinical Indication
Lifestyle data
In-/Out-Patient

Test request indication

Transport/Storage condition

Sample preparation (centrifugation, pre-treatment)

Sample processing conditions
e ’ Ordering ward/Department

Test name
— Patientstatus during sample collection

IQC o
Sample origin

Sample dilutions Transport/Storage time

Analytical method Measurement uncertainty
HIL

EQA

Analytical data quality metrics

Analytical equipment
Unit of measurement
Calibration
Reference intervals, Thresholds

Reagent lot
9 Biological variation

Immunoassay interference y :
Y Result interpretation

Intermediate Calculation Previous results

Reflex/Reflective testing results

TAT Result communication

Padoan A, et al. Clin Chem Lab Med. 2025;63(4):684-91.



Primary
data

Laboratory test results

Metadata

Peridata

Data derived from the testing process that describe the
characteristics and the requirements that are relevant for
assessing the quality and the validity of laboratory test results.
Data derived from the testing process that are relevant for
the interpretation of the results within the clinical context,
making that data actionable for the patients’ care.

Padoan A, et al. Clin Chem Lab Med. 2025,63(4):684-91.



EUDAMED opzoekdatum: 7 februari 2025
* Medical device software (MDSW), n = 89

A Digital

Pathology, Imaging & Microscopy

Nucleic
Acid & Molecular Testing

Laboratory

Automation, Instrument Control & Workflow Management i

Immunoassays,
Allergy & Serology Testing

Flow
Cytometry, Hematology & Blood Banking

Microbiology
& Antimicrobial Susceptibility Testing

Instrument-Specific
Analytical Systems

Intended use groups

Point-of-Care
& At-Home Testing

Laboratory
Information Systems & Data Management

Cytogenetics
& Chromosome Analysis

Clinical
Decision Support & Diagnostic Algorithms

Figure 2: Intended use groups and EU market distribution of medical devices. (A) Distribution of medical devices by intended use group.

Cubukcu HC, et al. Clin Chem Lab Med. 2025;63(10):1891-1914.

B

20.2%
16.9%
13.6%
11.2%

7.9%
7.9%

6.7%

6.7%

5.6%
2.2%
1.1%
0;/0 5"’/0 1 C;% 1 E;% 2(;%
Percent



EUDAMED opzoekdatum: 7 februari 2025
* Medical device software (MDSW), n = 89

v Microbiologie
v’ Digitale pathologie
v" Moleculaire diagnostiek

Cubukcu HC, et al. Clin Chem Lab Med. 2025;63(10):1891-1914.

11/89 = Al software (12,4%): klasse A (n = 7) en klasse C (n = 4)

75% -
T 50% -
()]
o 87.6%
[O)
o
25% -
12.4%
0°/o -
Yes No
Al driven

Percent

80% A

60% -

40% +

20°/o e

0% A

5.6%

15.7%

78.7%

T

T

Class B Class C Class A

Risk class

Figure 3: Proportion of Al-driven devices and device risk classifications.
(A) Distribution of medical devices based on Al integration. (B) Classifi-

cation of devices by risk level.
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Take home messages

De interesse en toepassingen zijn er, maar we hebben nog nodig:
e Specifieke opleiding over (implementatie van) Al in de klinische biologie.

 Kennis over datatypes, datatoegang en gegevensdeling.

 Een kader voor implementatie van Al-modellen binnen de EU-regelgeving.



Bedankt!

Zijn er vragen?

glynis.frans@uzleuven.be ;ff Il_JEZUVEN



mailto:glynis.frans@uzleuven.be
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