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Informatlon and Communlcatlon teChnOIOgleS About IMP v IMP Organization v R&D Projects v Products & Services v
(I CT) Contact
European R&D projects Home / Research and Development Projects / European R&D projects

o The biggest and oldest (1946) R&D Institute
In |CT area |n WhOIe Southeastern Europe The Mihajlo Pupin Institute is the most successful Serbian institution when it comes to

internationally funded research, being involved in 120 international research projects since
2004:
o World Bank SEE Knowledge Economy report
i X . * 14 Horizon Europe (SAIFA, FULL-MAP, STUNNED, EUSOME, LEGOFIT, InterPED,
(20 11 p 20 1 6) : I nte rn atl O n al |y CO m petltlve HYCOOL-IT, STREAM IT, ECHO, FEDECOM, R2D2, IntelliLung, OMEGA-X, POLICY

ANSWERS)

| n Stltute ” « 21 H2020 (NEON, A-PROFICIENT, HESTIA, SINERGY, TRAPEZE, BorderUAS,
PLATOON, TRINITY, IDEAS, REACT, LAMBDA, FeeelAgain, RESPOND, InBETWEEN,
SlideWlKl, FLIRT, EEN INNO, FS4SMIH, EENSerbia, EENClientinnoJourney,

(m| I I i — i I EENInnoSJourney)
E U CO m m ISS I O n al re P u pl n aS th e beSt e 22 FP7 projects (REFLECT, AgroSENSE, META-NET, WEBC-INCO-NET, HydroWEEE,
g g o s ICT-WEB-PROMS, HELENA, EMILI, ENERGY WARDEN, PROCEED, LOD2,
practice example for bridging academia and CASCADE,  HWEEE.DEMO, EPICHUB,  SPARTACUS,  GenderThE.
u [} ResearchersNight, GeoKNOW, Danube INCO . NET, NoSQL-NET, Trafoon)
Ind UStry « 7 CIPJIEIP (CESAR, EIRC, GREEN, WEEEN, ICIP, IMAGEEN, Share PSI 2.0)
e 2 |PAAdrion (GoToTwin, CAROUSEL)

» 1 IPAAdriatic (FACCING)

o 90% of turnover via Technology Transfer . 2 ERASMUS* (BEST, RE-FEN)

https://www.pupin.rs/en/research-and-development-
projects/european-rd-projects/
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The Institute has been involved in
development of intelligent systems since
1980

In May 2020, the Institute developed the
first Serbian respirator
(mechanical ventilation, MV)

On the way to market, the device has to go
through a comprehensive testing

For Al-assisted MV, automatic Al-based

_ https://www.pupin.rs/en/2020/05/
control of the Respirator, we need a the-first-serbian-respirator/

thorougly testing of the Al-based system
Including provision of explainability



OVERVIEW v P

Regulatory Framework (Trustworty Al Guidelines, 2019; Al Act, 2024)
Al Regulatory sandboxes as Frameworks for testing Al systems (August 2026)
Explainable Al (high-risk systems)

Motivation (Healthcare)
Al-DSS Introduced

Explainable Al component in AI-DSS
Al-DSS Testing Framework
Al-DSS Demo

Discussion
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EU Policy Framework

Ethical Guidelines for Trustworthy Al
(2019)

four ethical principles (Respect
for human autonomy, Prevention
of harm, Fairness, Explicability)

The Al Act (Regulation (EU)
2024/1689 laying down harmonised
rules on artificial intelligence) is the
first-ever comprehensive legal
framework on Al worldwide. The
rules aim to foster trustworthy Al in
Europe.

Medical Device Regulation 2017/745
https://eur-lex.europa.eu/eli/req/2017/745/



https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:32024R1689
https://eur-lex.europa.eu/eli/reg/2017/745/

Ethical Guidelines for Trustworthy Al

https://digital-
strateqy.ec.europa.eu/en/library/ethics

-quidelines-trustworthy-ai

Framework for Trustworthy Al

- |

. Trustworthy Al J
S
- | T TR T
=]
= (not dealt with in this document)
TN
- ( Respect for human autonomy
Foundations of T 4 Ethical Principles '

E [ restwectiy M - Prevention of harm
& Adhere to ethical principles based on Acknowledge and address tensions - Faimess
= _ fundamental rights between them - Explicability

s H and oversight

isati 7 Key Requirements B RRRC USRS
rT—r— o
Implement the key requirements Evaluate and address these continuously ‘F;rrv:-[\rand[htagwemm:e
= throughout the Al system’s life cycle N
= ; « Diversity, non-discrimination and
= ' ‘ faimess
< - Sodetal and environmental wellbeing
S Technical Non-Technical + Accountability
Methods Methods

.
R
bl
=
E Operationalise the key requirements Tailor this to the specific Alapplication
(=)


https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai

Ethical Guidelines for Trustworthy Al Y
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T;:’:";::: Explafnability. Explainability concerns the ability to explain both the technical processes of an Al system and the
related human decisions (e.g. application areas of a system). Technical explainability requires that the decisions
Accountability "d’"a:j's':}’:;ms made by an Al system can be understood and traced by human beings. Moreover, trade-offs might have to be made

between enhancing a system's explainability (which may reduce its accuracy) or increasing its accuracy (at the cost

of explainability). Whenever an Al system has a significant impact on people’s lives, it should be possible to demand

a suitable explanation of the Al system’s decision-making process. Such explanation should be timely and adapted

Societal and
. Pri dd : i c
=an|::;;'=| A to the expertise of the stakeholder concerned (e.g. layperson, regulator or researcher). In addition, explanations of

the degree to which an Al system influences and shapes the organisational decision-making process, design choices

of the system, and the rationale for deploying it, should be available (hence ensuring business model transparency).

a Transparent Al Design
“Ethics by design”

IntelllLUNG

Diversity,
non-discrimination Transparency
and faimess



Explainable Al Challenges Y
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The goal — to make the Al models interpretable and
transparent, understandable for human users

Neural networks (black-box), reinforcement learning process and
decisions (actions)

However, we can not reduce the model complexity, but rather improves
interpretability

Challenge / Barriers
Balancing between model performance and interpretability
Bias detection and mitigation

Transferability of models (e.g. is the model developed on data from
Western Europe applicable in China)

Privacy and security issues, especially when we put the Explainability
component in practice, explanatlons might reveal sensitive information

How to build the Explainability layer (text explanations, visual
explanations, instructions to control devices, etc.) to allows human users
to comprehend and trust the results and output created by machine
learning algorithms

Knowledge transfer and skills of users




Al Act — Compliance Requirements and 4 MP
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Section Il regulates High-risk Al systems

Providers of High-risk Al systems must ensure compliance with the requirements setoutin
Articles 8—15 throughout the system’s lifecycle, including the establishment of a documented risk
management system, robust data governance measures, detailed technical documentation,
automatic logging, appropriate human oversight, and safeguards for accuracy, robustness, and
cybersecurity. Prior to placing a system on the market or putting it into service, providers must
carry out the applicable conformity assessment, draw up an EU declaration of conformity, affix the
CE marking, and register the system in the EU database. Ongoing obligations include corrective
actions, cooperation with competent authorities, and maintaining a quality management system
that enables continuous compliance.

Deployers of High-risk Al systems are required to use such systems strictly in accordance with the
provider’s instructions and to implement apﬁroprlate technical and organisational measures,
Including assigning trained and competent human oversight.,

httl?s:/lwww.qualnodes.com/article/eu-ai-act-2026-updates-compIiance-requirements-and-business—
risks



https://www.legalnodes.com/article/eu-ai-act-2026-updates-compliance-requirements-and-business-risks

Frameworks for testing Al systems
(August 2026) v mpP
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o Mandatory & Regulatory
Frameworks

o EU Al Act (High-Risk Requirements):
Effective August 2, 2026, this is the primary
regulatory framework. It mandates that Gl : _
high-risk systems undergo strict testing for g S wmioms ﬁg_—|
accuracy, robustness, cybersecurity, and A AL T R
bias mitigation. It requires documented, 2] ol OR T [y
reproducible, and traceable evaluation, e AT @8 P ~ IHLAAND CTHER E.R0-P
with fines up to 7% of global annual ;Lo SRS | e S N st
turnover or EUR 35 million. P R T e N AR =

o EU Al Regulatory Sandboxes: Y S = 3 e W=
By August 2, 2026, each EU Member State = R CEEE . (B
must establish at least one national ol ;i I‘t‘ﬁg SOMPUTE
regulatory sandbox to provide a controlled o ST
environmgnft for testli(ng and validating Al
systems before market entry. :
Sectorial Al Testing and Serbian Al Factory
Experimentation Facilities under the https://www.hpc.rs/news/serbian-artificial-intelligence-

Diqgital Europe Programme antenna-factory

TRAINING

—



https://digital-strategy.ec.europa.eu/en/policies/testing-and-experimentation-facilities
https://www.hpc.rs/news/serbian-artificial-intelligence-antenna-factory

Intelligent Lung Support for Mechanically Ventilated Patients
in the Intensive Care Unit (IntelliLung)

Call: HORIZON-HLTH-2021-Disease-04
Grant Agreement Number: 101057434
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Artificial Intelligence Decision Support System (Al-DSS)

on behalf of the IntelliLung Consortium

PN Funded by
M the European Union



Facts and Figures

\lntelllLUNG,

Intelligent Lung Support for Mechanically Ventilated Patients

in the Intensive Care Unit (IntelliLung)
Call: HORIZON-HLTH-2021-Disease-04
Grant Agreement Number: 101057434

Coordinator: TUD University of Technology Dresden
Funding Period: 1 September 2021 - 31 August 2027
Total Funding: around € 5,98 million

15 medical
and

technical
partners

Principal Investigator: Dr. med. Jakob Wittenstein (TUD, University Hospital Dresden)

E... I'E.\.
Follow us on LinkedIn @IntelliLung

=]

Funded by

the European Union

www

s

visit
intelliLung-project.eu
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Objectives - Al Decision Support System

= Background: Optimizing mechanical
ventilation (MV) is complex and prone to
errors. With rising ICU demand and staff
shortages by 2030, inappropriate settings
risk lung damage and increased mortality.

= Objective: Develop Al-based decision
support (Al-DSS) system to provide
recommendations for MV settings to reduce
ventilator-induced lung injury (VILI) and
ventilator time.

= Significance: The Al system improves ICU
care by reducing ventilator time, improving
survival, reducing complications, and
lowering healthcare costs.




Methods

Overall Goal:

= QOptimize invasive ventilation of
critically ill patients in the
intensive care unit (ICU)

Methods:
= Study A, Study B

= Development of an Al-based
decision support system that
provides the care team with
recommendations for the
setting of invasive MV.

Study A

~ 30 000 ICU patients with invasive MV >4h

Study B

530 adult ICU patients, invasive MV expected =24

ICU HiRID MIMIC-IV !{:j {:j CD:I !{:j
Dresden Warsaw Parc Tauli Madrid
A4 A 4 A4 A4
‘ Al-DSS \ AI-DSS AI-DSS AI-DSS AI-DSS
development

Y
N

Cleveland
Clinic

S
N

Y

—
External \
Validation
~—

Uni.Hosp.

Dresden

Y

y

A

4

A
VT, dP, PEEP,
RR, FiO2, Vent. Mode

/

...Invasive mechanical ventilation (MV) stands out as one of the most frequently employed life-saving treatments...
...the significance of MV has been especially underscored during the COVID-19 pandemic in 2020...




Trustworthiness Evaluation Framework

: KPI KPI
KPI Design Specification Implementation

LLUC-1

Technical
validation LLUC-2

KPI

Domains LLUG-3

Medical |

KPI Validation

t— g

Four-phase methodology (KPI
design, KPI specification, KPI
implementation, KPI validation).

The methodology takes into
consideration the

« “Ethics Guidelines for
Trustworthy Al”, by High-Level
Expert Group on Artificial
Intelligence, 2019

* Medical Device Regulation
2017/745

V. Janev et al., "IntelliLung AI-DSS Trustworthiness Evaluation Framework," 2024 32nd
Telecommunications Forum (TELFOR), Belgrade, Serbia, 2024, pp. 1-4, doi:
10.1109/TELFOR63250.2024.10819068.



Transparent Al Design, “Ethics by design”

/® Y o, e A4feommen]  Requirements Elicitation Methodology
ks Prepmcmmg Tl:u;,twunhviu'iﬁmuscd with ARDS/non-ARDS IEC 62559'220 15 Use Case

. - Methodology

- EAS JZ) e
T i vivicall ( s = | /N | = LLUC-01 Live streaming and
wra®s o | L R foused wit FLS bss /% | Integration with Data Integration
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Software Development Process & Trustworthiness Evaluation

V-model diagram

Concept Phase Preliminary Design

Critical Design Phase
Phase 9 Phase
Validat
User Requirements 4 alicati > alidation
Software Reguirements < ferificatio > System Testing
Software Architecture. | g s ationpe Integration Testing

and Detailed Design

Unit Verification

Integration and Test | Release or Production

Phase

Software Unit ID

Specification Document

SRS 5.2.1_001 Data Integration
Platform (DIP)

Test Cases for
e KPI 1.1 - Data acquisition
e KPI 1.2 - License validation
e KPI 1.3 - Data harmonisation
e KPI 14 - Data storage
e KPI 1.5 - API post verification

SRS 5.2.1_002 Pre-processing
Component

Test Cases for

KPI 2.1 Completeness of input data
KPI 2.2 Validity of input data

e KPI 2.3 Time efficiency of the
preprocessing pipeline

e KPI 24 Adaptability of the
preprocessing algorithm

e KPI 2.5 Reliability of preprocessing

SRS 5.2.1_004 Al Algorithm

Test Cases for
e KPI 3.1 Algorithm Performance
e KPI 3.2 Qualitative Analysis
e KPI 3.3 Error Analysis
¢ KPI 34 Optimality Convergence
e KPI 3.5 Sample Efficiency
e KPI 3.6 Cross-Validation
e KPI 3.7 Off-Policy Evaluation (OPE)

Tabkla 4




Al Decision Support System

= Goal: reduce ventilator time,
Improve survival, reduce
complications, and lower
healthcare costs.

HL7

International

between Secured Platform
and DIP

SP Information-
Communication
(Middleware) layer

/
~
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1
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: Message exchange
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Reinforcement Learning (RL) Algorithm

= Multi-agent reinforcement learning involves /E;viranmenf

multiple agents interacting with each other and

the environment, learning to achieve individual _<. 5
or collective goals through reinforcement m' 5
learning techniques. Interpreter

= Through in-depth analysis, we have concluded w’ @@
that a single-agent RL framework is currently © =

not only sufficient but also advantageous for
achieving our objectives.

Agent

The main goal in reinforcement learning is to learn an optimal policy that maximizes cumulative rewards
over time.

"Policy" refers to the strategy that an agent employs to determine its actions based on the current state
of the environment. It defines the behavior of the agent by mapping states to actions.

The learning process often involves exploring different actions and exploiting known successful actions to
improve the policy progressively.

State: variables and their ranges, priorities, id’s and other metaparameters

Actions: variables and their bin ranges

Reward (teaching signal in Algorithm): the required variables, their safe ranges or conversion formulas



Benefits from Explainability (the IntelliLung case)

» Feedback from medical doctors in the beginning of the project (2023)

= SH

“While the model may produce seemingly accurate output through that process, the
rationale of the computation cannot be provided to the end users in most cases. This
might lead to resistance of Al models into daily practice, as clinicians fear that
performing unnecessary interventions or changing a treatment strategy without
supporting scientific evidence could do more harm than help.” [TUD]

AP (SHapley Additive exPlanations)-based visualizations (2024)

Visualizations facilitate a direct comparison between the decision-making processes
of clinicians and the algorithm

Help to uncover and understand which data feature influence the RL policy
suggestion

Open opportunities for interpretation of recommendations for MV as a decision
support system

Ensures the results g_enerated by the model are both medically meaningful and
possess clinical validity

X-Vent: ICU Ventilation with Explainable Model-Based Reinforcement Learning



Explainability vs Interpretability [IBM]
= https://www.ibm.com/think/topics/explainable-al

= Explainable Al is one of the key requirements for implementing
responsible Al, a methodology for the large-scale implementation of Al
methods in real organizations with fairness, model explainability and
accountability

= |nterpretability is the degree to which an observer can understand the
cause of a decision. It is the success rate that humans can predict for the
result of an Al output, while explainability goes a step further and looks at
how the Al arrived at the result.


https://www.ibm.com/think/topics/explainable-ai

Intelligent Lung Support for Mechanically Ventilated Patients
in the Intensive Care Unit (IntelliLung)

Call: HORIZON-HLTH-2021-Disease-04
Grant Agreement Number: 101057434

\' ¥

Trustworthiness Evaluation in Al applications:
Example from the IntelliLung project

Institute Mihajlo Pupin Belgrade, Serbia

on behalf of the IntelliLung Consortium

PN Funded by
M the European Union



AI-DSS is not

Scope of Testing and Validation an

autonomous
system

The scope of required testing
for a Class llb medical device
can be split into 4 sections.

A
AR
A
AR

Class llIb: Class llIb devices fall between Class lla and I,
posing a significant risk but not as high as life-supporting
or long-term implantable devices.



blood_sao2

Scope of Testing and Validation ) " deanes v f

configfile: pyproject.toml
6 items

D:\Development\Intellilung\Intellilung-Secured-Platform\Middleware>npm test

U n It | evel > intellilung-middleware@®.6.6 test

> jest

pr;pr 55
prepr

user.controller.test. js
hospital.controller.test. js
export.controller.test. js
recommendationfeedback.controller.test. js
catalog.controller.test. js
error.controller.test.js
measurement.controller.test. js
patient.controller.test. js
recommendation.controller.test.js

Test Suites: , 9 total
Tests: , 12 total
Snapshots: © total

Time: 1.76 s, estimated 2 s




Scope of Testing and Validation

A
AR
AR
A

Component level

Unit level

Call Processing API

f>

Send error to Middleware

Non-cohort
patients found?

Remove them and add error
messages to temporary log

Send messages to Middleware

Patients = 0 No patients

Load measurements for Calculate Completeness
remaining patients

KPI
Can get sufficient data for Al
(with imputation)

®

®

Send data to Al algorithm

Component testing
handles individual
larger components of
the AI-DSS:

« Data Collection

« DIPAPI

« Middleware

* Preprocessing API
* Preprocessing

« Al algorithm

Schema of the preprocessing algorithm



Scope of Testing and Validation

A
AR
AR
A

Integration level

Component level

Unit level

Lab devices DIP :DIP Rest API :SP Rest API DB-ver-0.1: Processing Al Algorithm

SP-DB Component

T T T T T T T

(from {from : : (from (from {from
Components) Components) | | Components) Components) Components)

| | | I I | |

| . | | I I | |

| msg-1() - I I I | |

g : : : : :

msg-2() | | I I |

> I I |

msg30) | 1 i |

I | |

I | |

msg-4() I | |

- | |

| |

msg-5() ! :

o |

msg-6() :

msg-7.1() J

msg-7.2() T T |

> | |

| |

| |

 msg-8() | |

- | |

msg-9() T l l

sy i l | |

msg-10{) | | | |

-t I I | |

I I | |

I I | |
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Scope of Testing and Validation

A
AR
AR
A

Component level

Unit level

System level

Integration level

Data Integration Platform ‘

{2

ARDS

%

T
5

non-ARDS

Preproccessing
by BCLink

Data
Synchronization

Data
Homogenization

Data
Storage

Secure Platform

@ Al: Multi-agent Collaborative RL

omplementa
Knowledge
Collection

<=

Specification

Bias
Detection

Pre-processing

RL focused with
spontaneous MV

Trustworthy Al: RL focused with ARDS/non-ARDS

,( i 4Exp]ninahlez\l

/ Iterative Validation ™\

Verification

Clinical
Validation




IntelliLung Validation Methodology

KPI Design KPI Specification KPI Implementation KPI Validation




IntelliLung Validation Methodology

KPI Design KPI Specification KPI Implementation KPI Validation

Meaningful selection of indicators based
on their contribution to either technical
or medical validation.



IntelliLung Validation Methodology

KPI Specification KPI Implementation KPI Validation

Step by step description on how to
calculate the defined KPIs.

GEMNERAL INFORMATION
KPI 2.1 m Completeness of input data
Related LLUC LLUC-1E LLUC-2E LLuc-30 LLuc-a] NfAC
Completeness measures the amount of information available with respect to the total
Description information that could be available given the capture process and data format. Data

unavailable in the dataset are called “missing”.

Mumber of missing varizbles/numbers of all input variables * 100
&  Forvital parameters
®  For laboratory parameters

Monitoring

®  Start monitoring at month one at the Hospital with 1-minute resolution
frequency

Related KPI

Data upload rate Minute :ate tplnad
Reporting
Information display Cumulated Trend N/ald

value[E]

CALCULATION/EXTRACTION METHODOLOGY



IntelliLung Validation Methodology

KPI Implementation KPI Validation

Writing additional software tools and

services required for running the tests
for the defined KPIs and storing the = e
results. N | a—



Patients

IntelliLung Validation Methodology L

KPI Validation
€D Patient ID;: 5736843468

Final phase where experts analyses the . : ' "

KPI testing results or use dashboards

for

« Continuous monitoring

« Tracking progress

« (Galining insights into factors
contributing to performance changes

 ldentifying areas for improvement

3 IEeN

I!‘ﬂlll'-l
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Technical Robustness, Safety and Security

Cybersecurity Measures Data Completeness
Hospital systems protect Al-DSS against unauthorized access The Data Integration Platform (DIP) ensures comprehensive
and ensure system availability. Measures include strong data collection. It records the reason for missing data, such as

authentication, network segmentation, and intrusion detection. errors or unchanged variables.



Privacy and Data Governance

Role-Based Access Data Quality & Integrity
Only authorized personnel can access Al-DSS data through Key performance indicators like data validity and reliability of
strict role-based access controls. preprocessing ensure data accuracy and prevent malicious

data alteration.



Privacy and Data Governance

Role-Based Access Data Quality & Integrity

Only authorized personnel can access Al-DSS data through Key performance indicators like data validity and reliability of
strict role-based access controls. preprocessing ensure data accuracy and prevent malicious
e.g. Doctor data alteration.

Dr. Thomas Black

. .. Proto-Persona
Assistant Physician
Age: 30 years Experience & Motivation
Position: in specialist training as an anesthesiologist Experience with ventilation settings
Work Experience: 3 years
Institution: Intensive care unit of a university hospital Computer experience
Workload: 30h/ week, full time, shift work
Language: German Motivation to use
Marital Status: married

Prior experience with Al-based DSS

conscientious, responsible, empathic

Thomas, 30 years old

Wishes Fears & Concerns

Tasks / Scope of work * Cause of recommended action has to = too many recommended actions

* Determine ventilation treatment plan be traceable (explanations) and alerts

» Control ventilation settings * Be able to recognize trends = too little information to

* Decide on the further treatment of the patient * Changes in ventilation settings have to understand recommended actions

be traceable



Privacy and Data Governance

Role-Based Access Data Quality & Integrity

Only authorized personnel can access Al-DSS data through Key performance indicators like data validity and reliability of
strict role-based access controls. preprocessing ensure data accuracy and prevent malicious
e.g. Nurse data alteration.

Hannah Meyer

) Proto-Persona
Nurse

Age: 23 years Experience & Motivation

Position: Nurse Experience with ventilation settings
Work Experience: 1 year ]

Institution: Intensive care unit of a university hospital Computer experience

Workload: 30h/ week, full time, shift work

Language: German Motivation to use

Marital Status: single I

Prior experience with Al-based D55

careful, attentive, friendly

Hannah, 23 years old

Wishes Fears & Concerns
Tasks / Scope of work * Precise and reliable recommended * too many recommended actions
+ Monitor patient action and alerts
* Make individual ventilation settings * Be able to recognize the severity (risk] * lack of integration into the
of the recommended action workflow
* the most important information at a * unnecessarily too much

glance information



Privacy and Data Governance

Role-Based Access

Only authorized personnel can access Al-DSS data through
strict role-based access controls.
e.g. Nurse

Data Quality & Integrity

Key performance indicators like data validity and reliability of
preprocessing ensure data accuracy and prevent malicious
data alteration.

Completeness Percentage of completed data fields in the
specific dataset.

Consistency Percentage of values that match across

multiple sources.

Validity Percentage of data fields whose values are  Timeliness Percentage of data that can be obtainable

within the domain of acceptable values.

Relevancy Percentage of data that is relevant to the
specific use case.

Auditability Data and processes that allow tracking e.g.
how data is used / overwritten / misused.

within a certain period (e.g. seconds ).

Integrity Percentage of data that remained the same

across multiple systems after being moved.

Uniqueness Percentage of unique entries in the dataset.



Transparency and Traceability

F

Data Provenance

Provenance management tracks data collection and
processing for full auditability and explainability of Al
decisions.

~

/

T

Data Management

Data is anonymized, linked to patient/hospital IDs,
and managed with a shared metadata catalogue
across systems.

Explainability

Explainable RL framework enhances model
transparency, aligning with medical validation and
established practices.
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Compliance with Standards
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Conclusion

Explainable Al could be used to
describe an Al model, its expected
Impact and potential biases.

It helps characterize model
accuracy, fairness, transparency
and outcomes in Al-powered
decision making.

Explainable Al is crucial for
building trust and confidence when
putting Al models into production.

Follow us on LinkedIn
@IntelliLung

Visit
intelliLung-project.eu



Conclusion

Dataset preparation took longer
than planned.

Different types of RL-based
algorithms were explored and
validated; Findings: trained policies
improved performance vs. clinician
actions under evaluation metrics,
especially on safety-related
objectives.

Deployment finished in 3 hospitals
in Europe; the clinical study is in
place; the results are expected in
2027.

Follow us on LinkedIn
@IntelliLung

Visit
intelliLung-project.eu



