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• could the model lead clinicians to make false inferences?
• deploying AI in a sensitive area such as healthcare necessitates a careful

revisiting of every minor detail, leading to foundational innovations in the
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• sensitivity focused: 97.5% sensitivity, 93.4% specificity
• specificity focused: 90.3% sensitivity, 98.5% specificity
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• counterfactual questions: “how would the patient respond to this
treatment?”

• IMPORTANT: is the training data biased?
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Figure 3: Confounder Bias and Collider Bias [Prosperi et al., 2020]
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• explanation: patients with asthma are treated more aggressively when
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• it may not always be this easy to detect the models’ errors, and the kind of
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• sometimes we can resort to: transfer learning

– leveraging another model’s expertise on some different task
– generally used in vision domain
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[Alzubaidi et al., 2020]
• not easy to obtain diagnostic images for diabetic foot ulcer
• images need to be labeled by experts
• not too much publicly available data online
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[Ghassemi et al., 2020, Sterne et al., 2009]
• missing completely at random (MCAR)

– no implications about the value of the missing data
– power outage, forget to record

• missing at random (MAR)

– there may be a systematic relation between the missing and the available data
– younger people are more likely to have missing blood pressure measurements

• missing not at random (MNAR)

– the missingness of the measurement may tell something about its value
– a patient with high blood pressure may miss an appointment due to headache
– a patient experiencing depression may skip an appointment when she feels bad

• wrong modeling of missing data may lead to false predictions

– troponin-T is measured when myocardial infarction is thought to be probable
– if an imputer assumes troponin-T are MCAR rather than MAR, then the

resulting model would overpredict the risk of myocardial infarction
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• “black-box” phenomenon

• interpretability: some kind of explanation as to why or how a model is
making its predictions
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Figure 4: White-Box Algorithm: [Schmidt and Nørgaard, 2014]

• “interpretability” can be ill-posed in the presence of hidden confounders
• a (currently) safer reference: thorough external validation
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• if a patient did not share her smoking status or HIV status...
• should we use imputation methods to impute them? [Wiens et al., 2019]
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(2%) Asian, and 50 (2%) African [Mehrabi et al., 2021]
• an exome analysis study to predict hypertrophic cardiomyopathy

[Manrai et al., 2016]

– benign variant classified as pathogenic for people with African ancestry...
– ...which would not occur should more people with African ancestry were included
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