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Announcements
• Final project due Dec 11 5pm
• Groups of 2-3 people

• Non-graded progress slide due Nov 21 7pm
• Project goal, method, data, any preliminary results, expected results
• Short feedback will be given
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Example Project Slide
• Keep these five blocks!

• But feel free to make any changes to the style (e.g., format, 
font, and visualization)!

4



5

“We should stop training 
radiologists now. It’s just 
completely obvious that 
within five years, deep 
learning is going to do better 
than radiologists.”

- Geoff Hinton (2016)



6Dhanoa et al, “The evolving role of the radiologist: the Vancouver workload utilization evaluation study”, Journal of American 
College of Radiology 2013



Main reasons
1. Misunderstanding of radiology job specifications
2. Benchmarks didn’t show true performance
3. Implementation and regulatory blockers
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Outline
• Dataset Shift (30 mins)
• Deployment Challenges (20 mins)
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Learning Objective: Understand why high benchmark performance might not translate to impact

How can we make Data 
146 better for you?
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Trained and validated on the same dataset!
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On 5 different combinations, performance dropped  
by up to 12.4% (AUC 0.931 to 0.815)
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Our systematic review of 181 public medical imaging 
datasets reveals that children represent just under 

1% of available data



Dataset shift / non-stationarity: Models 
often do not generalize

What kinds of dataset shift might this 
cause, and why?
• Machine biases 
• Population age/health 
• Treatment patterns 
• Treatment selection 
• Past history of treatments 
• Environmental factors 
• Socioeconomic factors
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Dataset shift / non-stationarity: Diabetes 
Onset After 2009

17Why might diabetes go up over time?



Dataset shift / non-stationarity: Diabetes 
Onset After 2009

• Better diagnosis criteria
• Insulin / glucose biomarkers
• Obesity rates
• Definition of disease
• Meaning of label
• T1D vs T2D
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[Geiss LS, Wang J, Cheng YJ, et al. Prevalence and Incidence Trends for Diagnosed 
Diabetes Among Adults Aged 20 to 79 Years, United States, 1980-2012. JAMA, 2014.]



Dataset shift / non-stationarity: Diabetes 
Onset After 2009

Significance of features may change over time. Note ICD10 to ICD9 
isn’t 1-1

19[Figure credits: (Left) Mike Oberst, (Right) http://www.icd10codesearch.com/]



Formalizing Dataset Shift
• General Task: Perform well on a “target domain” Q
• Train: Population P (e.g., MGH)
• Apply: Population Q (e.g., UCSF)

• Assumptions: What is changing vs. what is stable?
• Covariate Shift
• Label Shift
• More General Shift
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An Impossible Problem
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Formalizing Dataset Shift
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Example: Covariate Shift Assumption
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Example: Covariate Shift Assumption
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Example: Label Shift Assumption
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Example: Label Shift Assumption
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Example: “Domain Shift”
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Example: “Domain Shift”

29



Example: Using causal graphs to reason 
about shifts

30Example from Subbaswany et al. (2021). Evaluating Model Robustness and Stability to Dataset Shift. AISTATS



Distribution Shift Benchmarking
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32[Koh et al., WILDS: A Benchmark of in-the-Wild Distribution Shifts. arXiv:2012.07421, 2021.]



33[Koh et al., WILDS: A Benchmark of in-the-Wild Distribution Shifts. arXiv:2012.07421, 2021.]



TL;DR: Existing algorithms don’t substantially improve over 
Empirical Risk Minimization (ERM) 
where ERM = estimate risk empirically on training data, bc we 
don’t know all possible distributions of datasets

34



Current state of industry on dataset shift

Source: https://docs.microsoft.com/en-us/azure/machine-learning/how-to-monitor-datasets 
See also: https://cloud.google.com/solutions/machine-learning/ml-modeling-monitoring-
identifyingtraining-server-skew-with-novelty-detection & https://docs.seldon.io/projects/alibi-
detect/en/latest/ 35
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Encompassing 14 datasets divided into covariate-
shifted in-distribution, near OOD, and far-OOD 

categories. 



Even if model performance 
generalizes, the implementation 

can face challenges
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Florien S. van Royen et al. European Respiratory Journal 2022.

39

This talk



How deployments and impact
are depicted

in the literature
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How deployments and impact happen in the real 
world
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This talk



Who deploys AI in health?
Operations

Quality improvement initiatives
● May be randomized
● Usually no IRB approval

Led by CMO, CQO, or CMIO

Success? People stop 
complaining or quality measures 
improve.

Research
Clinical trials
● May be randomized
● IRB approval required

Led by individual researchers

Success? Generalizable 
knowledge gets published.
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What is deployment?
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Deployment? Deployment? Deployment?

Slide courtesy of Michael Pencina, PhD



What is deployment?
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Deployment Deployment Deployment

Slide courtesy of Michael Pencina, PhD



45



46



47



TREWS ≠ TREWScore

48



Adams et al. and Henry et al.

49

Five hospitals
Trained a model on patients who presented to the 
ED or were admitted to an inpatient unit to predict
● Sepsis onset (TREWS model)

Evaluated the model
● Retrospectively
● Prospectively

○ Primary outcome: All-cause in-hospital mortality
○ Factors driving clinician adoption
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AUC 0.97



Adams et al.
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Adams et al.
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Hinson et al.
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Five hospitals
Trained a model on patients with suspected 
Covid-19 to support Emergency Dept triage by 
predicting
● Hospitalization within 72 hours
● ICU within 24 hours

Evaluated the model
● Retrospectively
● Prospectively (silently)
● Prospectively (visible) linked to non-

interruptive guidance
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Why does the model 
perform (slightly) better 

after it becomes visible to 
clinicians?
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Takeaways
● Multicenter retrospective validation
● Prospective validation and clinical 

effectiveness evaluation
● Improved mortality for high-risk patients
● Relatively quick turnaround time

○ 9 months from initial patient entering 
derivation cohort until deployment

Hinson et al.
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Limitations
● Retrospective + prospective validation
● Pre-post design

○ Model deployment started December 2020
○ Covid-19 vaccines arrived December 2020
○ Which improved mortality?

● Weird modeling decisions
○ All continuous variables converted to 

discrete variables to handle missingness
○ Mostly Python’s fault



Main reasons
1. Misunderstanding of radiology job specifications
2. Benchmarks didn’t show true performance
3. Implementation blockers
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Q: How could we have known this 
earlier?
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“In retrospect, he believes he 
spoke too broadly in 2016, he 
said in an email. 

He didn’t make clear that he was 
speaking purely about image 
analysis, and was wrong on 
timing but not the direction, he 
added.”

- New York Times (2025)



Themes for the rest of the class
• AI and the Workforce
• Health Datasets
• Measurement and Evaluation
• AI Policy and Regulation
• Interpretability
• Real-world Impact and Ethics
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More reading
• Lohr, “Your A.I. Radiologist Will 

Not Be With You Soon”, New 
York Times, May 2025

• Mousa, “AI Isn’t Replacing 
Radiologists”, Works in 
Progress Blog, Sept 2025.

• Oakden-Rayner, “Medical AI 
Safety: Doing it Wrong”, 
Personal blog, Jan 2019
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https://www.nytimes.com/2025/05/14/technology/ai-jobs-radiologists-mayo-clinic.html
https://www.nytimes.com/2025/05/14/technology/ai-jobs-radiologists-mayo-clinic.html
https://www.nytimes.com/2025/05/14/technology/ai-jobs-radiologists-mayo-clinic.html
https://www.worksinprogress.news/p/why-ai-isnt-replacing-radiologists
https://www.worksinprogress.news/p/why-ai-isnt-replacing-radiologists
https://laurenoakdenrayner.com/2019/01/21/medical-ai-safety-doing-it-wrong/
https://laurenoakdenrayner.com/2019/01/21/medical-ai-safety-doing-it-wrong/


“One day maybe we can 
cure all disease with the 
help of AI… Maybe within 
the next decade or so, I 
don't see why not.”

- Demis Hassabis (2025)
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Summary
ü Course logistics (5 mins)
ü Dataset shift (25 mins)
ü Deployment challenges (20 mins)
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Next Class: Electronic health records and where they come from

How can we make Data 
146 better for you?


