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• Axess is now open for students to provide course feedback 
until 11:59 PM on Mon, Nov 23, 2020 PST

•

• Complete feedback at Axess > Student > Course and Section 
Evaluations

• Instructors only see aggregated, anonymous responses
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Centers



Role confusion…?

• Analytics Data Scientist

• Machine Learning Data Scientist

• Data Science Engineer

• Data Analyst/Scientist

• Machine Learning Engineer

• Applied Scientist

• Machine Learning Scientist…



Terminology

Data Scientist Machine Learning Engineer



Terminology

Data Scientist

• Data Curation/mining

• Feature Engineering

• Analytics

• Preliminary model development

• *Biostatistics

Machine Learning Engineer



Terminology

Data Scientist

• Data Curation/mining

• Feature Engineering

• Analytics

• Preliminary model development

• *Biostatistics

Machine Learning Engineer

• Computer science

• Formal code

• Development workflow

• Pipeline development

• Advanced 
approaches/architectures



In practice

Data scientists can grab data, 
throw together an algorithm, and 
show that it works. But when they 
hack together a demo, they may 
take shortcuts. They may create 
their solution under idealized 
assumptions about the data 
inputs and algorithmic outputs. 

Machine Learning Engineers 
ensure it can be packaged and 
deployed into production and set 
the infrastructure, get the data 
pipeline in place, and ensure the 
data scientists have everything 
they need to focus on the models



Domain Experts Category Examples of Applications

Device product developers, cliniciancs, 
end users

(patients and families)

Health monitoring

Benefit/risk
assessment

Devices and wearables
Smartphone and tablet apps, websites

Disease prevention and 
management

Obesity reduction
Diabetes prevention and management

Emotional and mental
health support

Medication management Medication adherence

Rehabilitation Stroke rehabilitation using apps and robots

Clinician care teams

Early detection, prediction, and 
diagnostics tools

Imaging for cardiac arrhythmia detection, 
retinopathy

Early cancer detection
(e.g., melanoma)

Surgical proce- dures Remote-controlled robotic surgery
AI-supported surgical

roadmaps

Precision medicine Personalized chemotherapy treatment

Patient safety Early detection of sepsis

Public health program managers

Identification of
individuals at risk

Suicide risk identification
using social media

Population health Eldercare monitoring

Population health Pollution epidemiology
Water microbe detection

Healthcare administrators
International Classification of 
Diseases, 10th Rev. (ICD-10) 

coding

Automatic coding of medical records for 
reimbursement

Healthcare administrators Fraud detection Health care billing fraud



Public health program managers

Identification of
individuals at risk

Suicide risk identification
using social media

Population health Eldercare monitoring

Population health Pollution epidemiology
Water microbe detection

Healthcare administrators
International Classification of 
Diseases, 10th Rev. (ICD-10) 

coding

Automatic coding of medical records for 
reimbursement

Healthcare administrators Fraud detection Health care billing fraud
Detection of illegal prescribing patterns

Healthcare administrators Cybersecurity Protection of personal health information

Healthcare administrators Physician management Assessment of quality of care, outcomes, billing

Geneticist Genomics Analysis of tumor genomics

Pharmacologist Drug Discovery Drug discovery and design







Example questions to address before project start Considerations

What will the downstream interventions be?

Who is the target user of the model’s output?

What are the mechanics of executing the intervention?

What is the capacity to intervene given existing resources?

What accuracy is needed and are false positives or negatives less desirable?

What is the risk of failure and adverse events?

What is the desired outcome change following intervention?



Prioritizing projects
Ideal: project has high impact and high feasibility.

• Look for places where prediction drives clinical value

• Look for complicated rule-based scoring systems where we can use 
ML to learn rules instead of programming them (and compare to 
baseline or standard of care)



Feasibility
•Cost/time for data acquisition 

• How hard is it to acquire data?
• How much data will be needed?
• How expensive is data labeling?

Metrics
•Cost of wrong predictions 

• How frequently does the system need to be right to be useful?
•Availability of good published work about similar problems 

• Has the problem been reduced to practice?
• Is there sufficient literature on the problem?

•Computational resources available both for training and inference 
• Will the model be deployed in a resource-constrained 

environment?



Establish a single value optimization metric for the project. Can also 
include several other metrics (ie. performance thresholds) to evaluate 
models, but can only optimize a single metric.

Example:
•Optimize for sensitivity (screening)
•Prediction latency under 10 ms
•Model requires no more than 1gb of memory
•90% coverage (model confidence exceeds required threshold to consider 
a prediction as valid)



Some teams aim for a “neutral” first launch: a first 

launch that explicitly deprioritizes machine 

learning gains, to avoid getting distracted.

— Google Rules of Machine Learning

http://martin.zinkevich.org/rules_of_ml/rules_of_ml.pdf


Label the lane lines



Preparing Medical Imaging Data for Machine Learning.
Willemink MJ, Koszek WA, Hardell C, Wu J, Fleischmann D, Harvey H, Folio LR, Summers RM, Rubin DL, Lungren MP.
Radiology. 2020 Apr;295(1):4-15

Labeling Medical Data



Credit: Dr. Kristen Yeom

Ground truth labels

• Pathology/Genomics

• Outcomes

• Confirmatory Imaging

• Future diagnoses



Annotation Methods for Medical Imaging

Report Search Tools

NLP
Weak Supervision
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Can you think of ways we could use machine 
learning to make labeling easier?





Active learning (augmented labeling)

General approach:
1. Starting with an unlabeled dataset, build a "seed" dataset by 

acquiring labels for a small subset of instances
2. Train initial model on the seed dataset
3. Predict the labels of the remaining unlabeled observations
4. Use the uncertainty of the model's predictions to prioritize the 

labeling of remaining observations

Labeling “cheats”



Leveraging weak labels

Data (or automated labeling methods) can have information which 
provides a noisy estimate of the ground truth. 

Snorkel is an interesting project produced by the Stanford DAWN (Data 
Analytics for What’s Next) lab which formalizes an approach towards 
combining many noisy label estimates into a probabilistic ground truth. 

Labeling “cheats”

https://hazyresearch.github.io/snorkel/










Start simple…

• Simple baselines to evaluate the value of added model complexity.

• If your problem is well-studied, search the literature to approximate a 
baseline based on published results for very similar tasks/datasets.

• Try to estimate human-expert level performance on the given task. 

• Check to see if model can overfit first

• Understand how model can scale with more data





Troubleshooting 



Why is your model performing poorly?

•Manual review of all discrepancies (false positive and false 
negatives) 

•User adoption and potential automation bias or lack of trust

•Distribution shift?



Underfitting

• Increase model capacity

• Reduce regularization

• Error analysis

• Choose a more advanced architecture (closer to state of art)

• Tune hyperparameters

• Add features



Overfitting

• Add more training data

• Add regularization

• Add data augmentation

• Error analysis

• Tune hyperparameters

• Reduce model size





CognitiveComputationalUnconscious



Automated systems are not inherently neutral 
because data is not inherently neutral 

Microsoft

Megvii

IBM

87.1%

83.5%

77.6%

99.3% 12.2%

95.3%

96.8% 19.2%

11.8%

Darker subjects Lighter subjects Error rate difference

Accuracy rate for gender 
identification, by skin color



Bleed No Bleed





AI system will identify 
chest drains instead of 
pneumothoraces

Source: https://lukeoakdenrayner.wordpress.com/2018/01/24/chexnet-an-in-depth-review/



Robust Physical-World Attacks on Machine Learning Models, Evtimov et al. https://arxiv.org/abs/1707.08945



Adversarial Attacks Against Medical Deep Learning Systems 
Finlayson et al https://arxiv.org/abs/1804.05296

Natural
Patch

Adv
Patch

None

PGD

Normal Pneumothorax



In 1967 Sweden changed from left hand 
to right hand traffic which led to 
reduction in the traffic accident rate. 

About a year and a half later the accident 
rate returned to the same rate as before 
the changeover.

After “childproof” medicine vials were 
introduced the annual number of accidental 
poisoning went down

But within a few years the number increased
therefore the change and has steadily risen 
since

Human behavior is related to the perceived chance of error
…. and over time observe a natural “risk homeostasis” 





Automation bias - humans trust output of computer automated 
systems and adjust behavior to assume risk is lower

More errors occur with automated systems (when wrong) vs 
without systems due to the lower perceived chance for error



6,160 mg of Septra = driving 2,500 miles/hour



Automation bias can be mitigated by providing 
”confidence” with recommendation systems

Automation Bias in Intelligent Time Critical Decision Support Systems M.L. Cummings https://arxiv.org/abs/1804.05296
Presenting System Confidence Information to Support Trust Calibration and Adaptive Function Allocation 

https://arxiv.org/abs/1804.05296


Positive



So you think you are ready to deploy….?

Canarying: small subset of users

Shadow mode: Deploying on real-time data but collect results 
independently from clinical care 



Hidden Technical Debt of Machine Learning Systems

https://papers.nips.cc/paper/5656-hidden-technical-debt-in-machine-learning-systems.pdf

“CACE” principle

Access control

Model performance will decline over time.



Stanford Radiology AI Clinical Implementation Workflow
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IntegrationSubmission Review Testing

Implementation 

Submission 

Form

Rubric based 

analysis and 

discussion 

Calculate score 

with consensus  

review

Reject with  

comments 

Robustness 

integration 

testing

FAIL

PASS

Pilot 

integration 

review

FAIL

PASS

Create QAQI 

implementation 

plan/protocol

Regular 

Evaluation and 

Maintenance
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AI Implementation Review Committee (AIRC)

• Scoring Rubric for Evaluation

• Utility Analysis

• Risk Estimation

• Evidence Review

• Technical Readiness

• Clinical Readiness

• Value/Economic Review

Role Expertise

Clinical Radiologist

Technical Rad IT

Clinical Practice 
Manager

Practice Manager

AI Technical Lead Computer Science

Quality Assurance Safety/Quality

Operations 
Coordinator

Hospital IT

Finance Manager Accounting
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Intake Submission Form

Data Source Deployment Origin Purpose Automation Level

Raw/Source Standalone System 
• on prem 
• Cloud
• Hybrid
• Edge

Vendor Clinical Trial 1. Data Presentation 
(image reconstruction, 
worklist, measurement, 
annotation)

Pixel Data Integration with 
existing platform
• PACS
• EMR
• Powerscribe
• AI platform
• Edge

Internal Research Clinical 
Integration

2. Decision Support 
(risk score, abnl
highlight)

EMR Data External Research Other 3. Conditional 
Automation (prelim 
diagnosis/report)

Other/Hybrid Other 4. Full Automation 
(bypass rad, direct to 
clinician result)
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Scoring Rubric

Clinical Readiness

0 – No existing clinical workflow 

1 – Major clinical workflow modification

2 – Minor clinical workflow modification

3 – No significant clinical workflow 
modification

Value

0 – Costs unknown

1 – Net negative

2 – Net neutral 

3 – Billing code 

Technical Readiness

0 – No existing technical infrastructure

1 – Major technical modification

2 – Minor technical modification

3 – All technical infrastructure in place

Data Security Risk 

0 – unknown

1 – High

2 – Low

3 – Full compliance / Lowest risk

Evidence

0 – none / pilot data

1 – Level III/IV limited cohort

2 – Level II prospective clinical evaluation

3 – Level I evidence for primary outcome

Clinical Utility

0 – Low volume low acuity

1 – moderate volume or moderate acuity

2 – high volume or high acuity

3 – high volume and high acuity


