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Learning and Reasoning





The American Journal of Medicine (2018) 131, 129–133

In 1936, mathematician Alan Turing published On Computable Numbers, With an Application to the Entscheidungsproblem, 
a paper later dubbed “the founding document of the computer age.”1 Turing’s life was reprised in the 2014 film, The 
Imitation Game. Attempting to solve the Entscheidungsproblem, Turing and his Princeton colleague, Alonzo Church, used 
calculus to define the concept of “effective calculability.” Such intelligent human problemsolving became the basis of 
computational models called algorithms.
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deep neural network

neural network



AI = the use of computer systems
to analyze large quantities of data, then
applying the results of those analyses
programmatically to better inform decisions.

Explainability



ORGANISMS = ALGORITHMS

Harari     Homo Deus



Threat or Opportunity
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QUALITY
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VALUE = ( ) EXPERIENCE 

Evidence – based
Outcome driven

Determining Cost and 
Stratifying the Risks

Longitudinal coordination and 
communication

DATA supported



JAMA May 10, 2016 Volume 315, Number 18 p1941

Actionable





Like the earlier efforts of behavioral economists such as Amos Tversky and Daniel Kahneman,
Thaler’s work explained that people often don’t make choices by acting as the rational
balancers of risk and reward assumed by classic economics.
Our beliefs are shaped by recent experiences far more than by remote events (“last-case
bias”). And we often overestimate small probabilities (such as uncommon drug risks) as
compared with large ones (such as drug benefits).
Some core precepts of behavioral economics have been introduced into health care, such as
redesigning “choice architecture” by making use of the concept of the “nudge” . A term
coined by Thaler and Sunstein, a nudge is the strategy of making a preferred alternative the
default choice when several options exist.

n engl j med 378;8 nejm.org February 22, 2018



Cure in a virtual reality

Her name is Ellie. She introduces 
herself in a calm voice. Ellie is an 
avatar, designed to interview 
mental health patients, gather 
information about their symptoms 
and help doctors to develop a 
diagnosis.

https://mindthehorizon.com/2015/09/21/avatar-virtual-reality-mental-health-tech/



the sources of complexity in clinical decision making
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The problem of averaging population data



Biological continuum of disease

Elliott M. Antman and Joseph Loscalzo NATURE REVIEWS | CARDIOLOGY VOLUME 13 | OCTOBER 2016 | 591 



Why do we need higher order analyses? 



Elliott M. Antman and Joseph Loscalzo NATURE REVIEWS | CARDIOLOGY VOLUME 13 | OCTOBER 2016 | 591 



Nature Medicine | VOL 44 25 | JANUARY 2019 | 44–56
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Mathematical 
models updated 

with real-world data 
that diagnose faults 
and predict failure

to generate a digital twin



Figure 4: HEE Digital Capabilities Framework171

Figure 3:An intelligence approach to AI for education and training

Engage educators and trainers in working with AI developers to build AI  technology that is 
specifically designed for education and training. Use thisto:

Educate people  about
AI

Prioritise the  development of 
our  own humanintelligence

Train educators and trainers to:

Tackle Educational  
Challenges using AI
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Intuitive Psychology and Physics





Circulation. 2017;136:260–262. DOI: 10.1161/CIRCULATIONAHA.117.029233

However, the inherent limitation of causal inference using observational data is increasingly 
lost in the discourse on real-world evidence. This is partly attributable to the misconception 
that real-world evidence does not require the use of randomization to avoid confounding 
bias. Methodological advancements have led to a range of “causal inference” methods, 
including propensity score matching or weighing, instrumental variables, and structural 
equations. However, even with the most robust of these methods, it is very difficult to 
confidently exclude the role of confounders in partially or even fully explaining observed 
associations, especially when the treatment effects are potentially modest albeit clinically 
important. In this context, the very large size of real-world data sets may not matter because 
there is little advantage to increased precision if the answer has a good chance of being 
precisely wrong.



Machine learning is not a magic device that can spin data into gold, though many news releases 
would imply that it can. Instead, it is a natural extension to traditional statistical approaches. 
Machine learning is a valuable and increasingly necessary tool for the modern health care system. 
Considering the vast amounts of information a physician may need to evaluate—such as the 
patient’s personal history, familial diseases, genomic sequences, medications, activity on social 
media, admissions to other hospitals — deriving insight to guide clinical decision may be an 
overwhelming task for any one person. As more control is ceded to algorithms, it is important to 
note that these new algorithmic decision-making tools come with no guarantees of fairness, 
equitability, or even veracity. Although we are reluctant to repeat the cliché, even with the best 
machine learning algorithms the maxim of "garbage in, garbage out" remains true. Whether an 
algorithm is high or low on the machine learning spectrum, best analytic practices must be used to 
ensure that the end result is robust and valid. This is especially true in health care because these 
algorithms have the potential to affect the lives of millions of patients.

JAMA April 3, 2018 Volume 319, Number 13

Curating data remains necessary, but it is a messy and laborious job



Bad Data

Big Data 

is no solution for 



Should digital medicine be treated different?

Without a clear framework to differentiate efficacious digital
products from commercial opportunism, companies, clinicians,
and policy makers will struggle to provide the required level of
evidence to realise the potential of digital medicine. The risks of
digital medicine, particularly use of AI in health interventions, are
concerning. Continuing to argue for digital exceptionalism and
failing to robustly evaluate digital health interventions presents the
greatest risk for patients and health systems.

www.thelancet.com Vol 392 July 14, 2018



Trustworthy AI 
EU style
Ensure that the development, deployment and use of AI systems meets the 
seven key requirements for Trustworthy AI: 
(1) human agency and oversight, 
(2) technical robustness and safety, 
(3) privacy and data governance, 
(4) transparency, 
(5) diversity, non-discrimination and fairness, 
(6) environmental and societal well-being and 
(7) accountability. 

https://ec.europa.eu/futurium/en/ai-alliance-consultation/guidelines/1#Human%20
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Using artificial intelligence in health-system 
pharmacy practice: Finding new patterns that matter
• AI tools

• Machine Learning – Deep learning
• AI powered robotics
• Natural Language Processing
• Chatbots

• Many decision-support systems 
with AI are in the area of drug 
dosing and delivery
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• Identify “strange” prescriptions
• Not rule based
• But experience based = statistical learning

• Less false positive and false negative alerts
• Not only dosing errors but also predicting Adverse Drug Events



Examples
Better informed decision task

• Drug treatment decisions
• Drug selection decisions
• Drug dosing decisions

• Decisions about inventory par values
• Drug/device recall: item level visibility software in supply chain
• Image recognition for (mis)labeled products
• …



Questions to ask

1. How would this model provide value in our organization? 

2. What would people do with the model’s outputs or predictions? 

3. How accurate is the model (consider discrimination and calibration)? 

4. Is that accuracy clinically significant and useful? 

5. Does the population used to train the model reflect the population served by our organization? 

6. How thoroughly was the model validated? What did prospective external validation show? 

7. How well does the model maintain accuracy with changing inputs (drift)? 

8. How can we collect the data necessary to use this model in production? 

9. Do we need near real-time data feeds to use the model in production, and can we get them? 

10. Is the model technically feasible in our setting? Who would implement and maintain the technical 
infrastructure? 

11. What could be the potential unintended consequences of using the model at our organization?



The Future is in Sharing, Cooperation and Transparancy

• Between patients and care 
providers
• Between systems: 

Interoperability
• Between research groups
• Between disciplines

• Knowledge driven
• Data supported

to manage the health care system’s ever-
increasing complexity, and

to curb ever-escalating costs



Take Home Messages
Artificial Intelligence

• To overcome the complexity and the vast increase in relevant information for 
making decisions about diagnosis and treatment, we need the help of  data 
crunching software and augmented intelligence using real world information
• This real-world evidence is complementary to hypothesis driven, RCT-type research 

evidence
• To optimally implement this strategy a system approach is required: the self-learning 

health system

• Machine learning should not be a black box but provide “explainability”
• Needs scientific evaluation

• As for other practices in medicine
• Nothing is good or bad in itself; it is how it is used or applied

• Get used to deal with probabilities rather than certainties

Take Home Messages
Augmented Intelligence
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