
Evaluering av KI i helse

Michael A. Riegler
Simula Research Lab & 
OlsoMet



How can AI be beneficial to society and is 
generally acknowledged as such?



What do we need?

● We manage to develop capable, safe, and trustworthy AI
○ Advancing AI capabilities, mitigating shortcomings, sustainable practices

● Realizing opportunities and addressing societal challenges
○ Economic growth, enhancing work, scientific breakthroughs

● Responsible development, deployment, and use
○ Ethical AI governance, global collaboration, inclusive participation 

● Societal adaptation and human flourishing
○ Evolving institutions, redefining human identity, ethical boundaries 

● Alignment with human values and preferences
○ AI alignment, managing risks, respecting diversity
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How do we know we succeeded?



Building AI systems is easy

● An AI application is more than just a model
○ Early AI tasks (like image classification) often involved a single, fine-tuned model.
○ Today’s advanced systems are composed of multiple interacting components.

● Examples of Modern AI Architectures:
○ Retrieval-Augmented generation systems:

■ This architecture connects an LLM to an external knowledge base (like a 
company's internal documents or a medical library).

■ It allows the model to answer questions using up-to-date, verifiable 
information, reducing hallucinations and grounding it in facts.

■ Evaluation challenge: We now have to test not only the model's reasoning but 
also the accuracy and relevance of the information it retrieves.

○ AI Agents:
■ Agents are systems that can reason, plan, and use "tools" (like calculators, 

search engines, or other APIs) to accomplish multi-step tasks.
■ Instead of just answering a question, an agent can perform actions in a digital 

or physical environment.
■ Evaluation challenge: We must evaluate the entire decision-making process, 

including which tools the agent chooses and the quality of its final action, not 
just a single text output.



Example from healthcare

"We have a machine that can get the right answer for the wrong reasons..." 

● On the surface: Superhuman performance
○ In a study comparing GPT-4V to physicians, the AI achieved impressive accuracy scores, even 

outperforming humans in several specialties.
○ For example, in Neurology, GPT-4V scored 100% accuracy, compared to the physician average of 

84.6%.
● Flawed reasoning

○ But when human experts reviewed the model's reasoning, they found a serious problem.
○ In those "perfect" neurology cases, 53.8% contained "Hidden Flaws" in the AI's logic.
○ The model arrived at the right destination, but it took a wrong and unreliable path to get there.

● This matters
○ In a high-stakes field, trusting a "correct" answer from a flawed process is dangerous. The next time, 

that flawed process could lead to a catastrophic error.
○ This proves that simple accuracy is not enough. We must evaluate the entire reasoning process.
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Not all is doom and gloom!





Evaluation and innovation

● Proper evaluation frameworks can help to enable responsible innovation
● Continuous monitoring
● Identification of failure cases
● Clear insights about improvements and blind spots of a system

○ This can also be connected to uncertainty and reliability
○ Practically, this means we are better able to find out when human intervention is needed

● Measurement of effect can build up on quality evaluation to give more 
accurate understanding of an AI systems effectiveness

● Evaluation is a strength for innovation in healthcare



So, how to do this right in 
critical sectors?



Evaluering og testing i Norsk kontekst

Fra rapport om store språkmodeller.

● Hva det er: Dette er en lagvis modell for testing av en spesifikk språkmodell. De 
beskriver hvordan man sjekker om en modell er god nok.

● Formål: Å sikre grundig evaluering fra det generelle til det helt spesifikke 
bruksområdet.

● Nivåene:
1. Grunnleggende: Kan modellen norsk? 

Er den trygg? (Globale benchmarks) .
2. Domenespesifikk: Kan den medisin/helse? 

(Fagspråk, retningslinjer) .
3. Bruksområdespesifikk: Kan den løse 

oppgaven (f.eks. triage eller klarspråk)?.
4. Kontekstspesifikk: Fungerer den i 

den lokale løsningen/arbeidsflyten?.



An AI system has many components

Application need Users



Principle 1: Adopt a systemic approach

To build trustworthy AI, evaluation cannot be an afterthought. It must be a continuous process integrated across the 
entire system lifecycle.

A model is always part of a larger system. 

1. Data: Evaluation begins with the data. Is it representative? Is it biased? Is it relevant to the real world? 
2. Data Augmentation: As we generate more training data, we must test to ensure we aren't creating unrealistic 

examples or new biases.
3. Model Training: We continuously monitor the model's learning process, not just the final result.
4. Model Evaluation: This is the formal testing step, where we use specific metrics to measure performance.
5. Model Explanation: Important step for trust. Can we understand why the model made its decision? If the 

reasoning is flawed, the model is not trustworthy, even if the answer is correct.
6. User interaction and feedback: The evaluation loop closes with feedback from real-world users. This is the 

ultimate test of a system's value and safety.
7. ++ prompts, guardrails, RAG…

The key is the continuous feedback loop. Insights from explanation and user feedback must inform and improve the 
earlier stages.



Principle 2: Measure what actually matters

● A 99% accuracy score is meaningless if the 1% failure is catastrophic.
● Traditional metrics are insufficient for complex, real-world tasks. In a 

high-stakes field like healthcare, we need to measure what truly impacts 
safety, trust, and utility.

● What number is good enough for which task?

We need metrics that can build trust and are connected to real use. They need to 
focus on the quality and safety of the output, not just the final answer.







Principle 3: Make it interactive & dynamic

The real world is not a multiple-choice test. It is an interactive environment. Our 
benchmarks should be too.

Static questions can only measure what a model knows. Interactive simulations can 
measure what a model can do.

● Dynamic environments allow us to evaluate skills that are impossible to test 
with a static Q&A:

○ Long-term planning: Can the model make a series of good decisions to reach a distant goal?
○ Adaptation: How does it react when the situation changes unexpectedly?
○ Reasoning over time: We can evaluate an entire chain of thought, not just a single output.

● A way to create these dynamic benchmarks is to use games as inspiration.
○ Clinical workflow simulation (ED triage, radiology reading room, primary care consults)
○ Longitudinal patient management simulations
○ Adversarial scenarios (rare diseases, atypical presentations)
○ Human–AI interaction experiments



The gold standard?: Human evaluation (i)

Despite new automated methods, the ultimate holder of quality remains human 
judgment (or not?).

Human evaluation is the process of having human experts or crowd-workers 
assess an AI's output against a defined set of criteria.



Safety auditing

● Auditing tools (such as Petri from Anthropic or SimpleAudit from Simula)
● Continuous monitoring 
● Help to detect error and misalignment 
● On the long run, improve the system
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Scenarios



Bullshit bench





Hvor mye må vi teste KI?
How much AI testing is actually enough?

What we assume

"We tested 300 scenarios.
No catastrophic failures found.

The AI is safe."

✓  Signed off for deployment

≠
What it might mean

"The test was too small
to find the rare,

catastrophic failures."

⚠  Undetected risk remains

Based on analysis of 5,906 real AI incidents — AI Incident Database (AIID)



The black swan problem

The original black swan

For centuries, Europeans assumed all swans were 
white - because every swan they had ever seen 
was white.
Then they arrived in Australia.
Absence of evidence is not evidence of absence - 
especially when your sample is small.

Applied to AI safety:

Just because your test found no catastrophic failures 
doesn't mean the AI is safe. The test might simply not 
have been large enough.

1
Most AI failures are small

A chatbot gives bad advice to one user. An algorithm 
misclassifies one application. These are common and 
easily found in testing.

2
A few failures are enormous

One miscalibrated algorithm affecting millions of users. 
One targeting system making decisions at scale. These 
are rare - but devastating.

3
Small tests only find small failures

If you test 300 cases, you'll find the common, small 
failures. The rare, catastrophic ones are invisible - 
statistically, your test simply won't reach them.

AI Incident Database — 5,906 real-world AI failures analysed



When AI fails at scale, millions are affected
These are not hypothetical scenarios — all of the following have already happened.

👤 Thousands of people

Facial recognition

Systems wrongly identified thousands of innocent people as 
criminal suspects — leading to wrongful arrests and 
investigations.

📋 Hundreds of thousands

Hiring algorithms

Automated screening tools systematically rejected qualified 
candidates based on gender, age, or postcode — at scale, 
across entire industries.

🔇 Millions of users

Content moderation

Moderation AI silenced millions of legitimate accounts — 
journalists, activists, small businesses — with no human 
review and no appeal process.

🏥 Entire patient populations

Medical AI

Diagnostic tools trained on skewed data gave systematically 
wrong risk scores to entire patient groups, affecting treatment 
decisions at hospital level.

Source: AI Incident Database (AIID) — documented real-world failures from deployed AI systems





We can now calculate the minimum
By analysing 5,906 documented AI failures, researchers have derived a mathematical threshold for adequate safety 

testing.

CURRENT STANDARD

300
test cases

✗  Statistically too small to detect catastrophic 
failures

✗  A clean result here is not meaningful 
evidence of safety

MINIMUM NEEDED

434
test cases

✓  Large enough to statistically encounter 
catastrophic failures

✓  A clean result at this scale is meaningful 
evidence

→
+45%
more



What do we learn from this?

REGULATORS

Require a minimum of X test cases before any AI system can be approved for deployment.

A safety evaluation with fewer cases is statistically unable to detect catastrophic failures. This is no different from requiring clinical trials to 
meet minimum sample sizes before a drug is approved.

COMPANIES DEPLOYING AI

Stop treating a clean low-sample test as a safety guarantee. Invest in larger evaluations before public deployment.

The liability exposure from a large-scale AI failure far exceeds the cost of running a more thorough pre-deployment test. 500+ cases are 
achievable — it just needs to be the standard.

THE STANDARD

Build an international database of AI incidents that is large enough, and diverse enough, to calibrate safety testing 
globally.
The current database (AIID) is English-language and Western-biased. A global standard requires global incident data. This is a public-good 
infrastructure problem, not a commercial one.

Research: De Marzo, Pietronero & Lane (2022) — Applied by [Author] to the AI Incident Database, 2026









Hva er kvalitet?

- Kompleks
- Har mange dimensjoner
- Trenger felles forståelse 

- Noen kriterier bygger på hverandre 
- Andre eksisterer vesiden av hverandre





Summary

Where do we go from here?

1. Our ability to build capable, safe, and trustworthy AI in healthcare is directly 
linked to our ability to measure it effectively.

2. Public benchmarks are failing. They are weak to data contamination, are 
being gamed for marketing and cannot capture the compounded risks of 
multimodal systems or the complexity of the real world.

3. Evaluation must be:
○ Systemic: Integrated across the entire development lifecycle, not just tacked on at the end.
○ Nuanced: Focused on what truly matters, like explainability and safety, not just simple 

accuracy.
○ Dynamic: Using interactive simulations to test real-world reasoning and problem-solving skills.
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