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AI in Healthcare



Categorization of AI for healthcare
❑ WHO guidance document on ethics and governance of AI for health classifies AI health applications in:

○ Healthcare (diagnosis and prediction-based diagnosis, risk identification, decision support systems)
○ Biomedical research (drug repositioning, genomic medicine, big data exploitation)
○ Health system management (administrative workflows, logistics)
○ Public health and public health surveillance (monitoring of disease outbreaks, pandemic 

preparedness, health promotion)
❑ AI use requires balancing

○ Benefit for the patients, the healthcare system, society
○ Costs
○ Potential risks

❑ To be really used it needs:
○ Low absolute risk
○ Great risk/benefit ratio
○ High quality
○ For these estimates to be believable!



AI risks
Subtitle here

❑ What can go wrong?
○ Privacy breach 
○ Worst clinical outcome
○ False improvements
○ System inefficiencies

❑ What are the components?
○ Data
○ Algorithms
○ Processes

❑ How can we trust our systems
○ Legitimacy
○ Morality
○ Robustness

❑ How can it go wrong?
○ missing data due to failed harmonization
○ data missingness due to pathway of care
○ distortion due to poor data quality
○ limitation in data exchange
○ Specification drift
○ data leakage
○ prediction bias
○ Human bias in the loop
○ error obfuscation
○ Lack of transparency
○ Conflict of interest



What do we need for trustworthy AI?

From: ethics and governance of trustworthy medical artificial intelligence



Models are complicated



Data are complicated

From: bias in artificial intelligence for medical imaging - fundamentals, detection, avoidance, mitigation, challenges, ethics, and prospects



European Data Strategy
The GDPR was only the beginning

❑ Data Act
❑ In effect from 12 September 2025
❑ How to exchange data

○ Between private and public
○ With extra European countries

❑ Might require an update to the informed 
consents!

❑ AI Act
❑ In effects from 2 August 2026
❑ Risk based approach
❑ Other principles

○ Transparency
○ Reliability
○ Minimizing data
○ Responsibility 



Standard frameworks for trustworthy AI
The ISO/IEC approach

From: data quality requirements for inclusive non biased and trustworthy AI



Bias in AI



Sources of distortion
The strength of the chain and the links

❑ Data imbalance and distortion
○ Data quality issues
○ variability over time or across sites,
○ information uncertainty

❑ Algorithms
❑ Optimization criteria
❑ Statistical assumptions
❑ Human procedures



Algorithmic bias
human-induced bias and data-induced bias

❑ Data-induced bias refers to the bias when the training data is not accurate, representative or sufficient
○ Even if the data is accurate and representative, the result will be meaningless if there is a problem in the 

data annotation process or inconsistent data collection
■ Es: gold standard for diagnosis of pulmonary nodules is a biopsy, but not every patient will have one

❑ Human-induced bias written by the developers 
○ individuals are always influenced by 

■ their own moral perceptions
■ relevant interests

○ Can be is intentional or unintentional
○ likely to be reinforced and amplified with the accumulation of data and iterations of algorithms.

❑ deep learning is a “black box”, it is opaque and uninterpretable, which makes the biases difficult to be detected
○ Es: Melanoma detection for underrepresented and more complex phototypes
○ Es: Using health care costs (rather than disease) to represent the level of health need

■ Affect underprivileged areas and categories



Dataset biases
Are you looking at reality?

From: bias in artificial intelligence for medical imaging - fundamentals, 

detection, avoidance, mitigation, challenges, ethics, and prospects



Wrong statistical assumptions 
Defining what right means is not easy



Human limitations
You can’t think about things you don’t have words for



Specification gaming
My model is smarter than me

From: Specification gaming: the flip side of AI ingenuity



Specification gaming
My model is smarter than me



Specification gaming
My model is smarter than me



Specification gaming
My model is smarter than me



Specification gaming
My model is smarter than me



Explainability and Reliability
How to be wrong right



Explainability and Reliability
How to be wrong right

❑ Challenges:
○ Complexity of AI Models (black boxes)
○ Trade-off Between Accuracy and Explainability
○ Human-AI Interaction (knowledge barriers)



Data Quality and access



Data Harmonization
merging different datasets together

❑ Challenges in data harmonization
○ Heterogeneous Data Sources
○ Data Privacy and Security
○ Bias in Multimodal Data
○ Subjectivity in data interpretation
○ Complex logistics of data collection
○ Balancing patient needs with accuracy 

and costs

❑ We need shared:
○ Common data models
○ Acquisition procedures
○ Analisys target 



Dataset documentation
Article: Datasheets for Datasets

❑ FAIRification of the data is not enough
❑ Topics to be disclosed:

○ Motivation
○ Composition
○ Collection Process
○ Preprocessing/cleaning/labeling
○ Uses
○ Distribution
○ Maintenance



Data preprocessing
Garbage In – Garbage Out

❑ Good data > big data
○ Practice makes perfect permanent

❑ Getting a lot of data is easy
❑ Getting good data is hard
❑ Even defining good data is hard

○ Who does the annotation?
○ The agreement problem



Data Access
Legally, of course

❑ Single center datasets
❑ Shared data vaults
❑ Federated learning
❑ Synthetic data



Synthetic data
Generative AI for the rescue

From: Synthetic data in machine learning for medicine and healthcare



A practical example



Segmentation of cells in AML cytological data
The first step of many

❑ Preparing the data
○ Access, preprocess, anonymize

❑ Getting the segmentations right
○ Millions of patches

❑ Identifying the model to generate the images
○ Time-quality tradeoff
○ assumptions

❑ Making it behave



Mode oscillation problem
The model sometimes can’t decide what is best



How to solve the issue
Mode averaging

From: Averaging Weights Leads to Wider Optima and Better Generalization



Some Results
AML



Some Results
Control



Some Results
MDS



Closing Thoughts



Current Challenges

❑ Improving Data Fusion Techniques
❑ Developing Clear Standards for Trustworthy AI
❑ Balancing Explainability and Performance
❑ Enhancing Bias Detection and Mitigation
❑ Engaging Clinicians in AI Development



Closing Thoughts
Where are we headed, and how can we get there?

❑ There will be an increase in the “busywork” needed
○ It’s going to be challenging
○ It’s going to be necessary

❑ “The difference between science and messing around is writing stuff down”
○ Data documentation
○ Accessible model explainability
○ Shared metrics for bias and errors

❑ We’ll need a lot of coordination
○ What do we want to achieve?
○ How we measure if we are there?
○ What can go wrong?
○ How to describe and collect data? 
○ How to model it?



GenoMed4All & 
ERN-EuroBloodNet

Educational Program 
on AI in Hematology
for an expert audience

Webinars
Any questions? 
Thanks! Follow us!

@genomed4all

/genomed4all

@ERNEuroBloodNet

/ERNEuroBloodNet

genomed4all.eu

eurobloodnet.eu
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