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 Handling Diversity 
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Biased Models Predate AI



Problem 1: DNNs are Data Hungry

CIFAR-10 dataset 
# classes: 10 
# img per class: 5000
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Problem 2: DNNs are not Robust 
Towards Distributional Shift

https://www.dropbox.com/s/9ls3zf43e2h1clv/
Screenshot%202019-0318%2012.10.06.png?dl=0



Problem 3: 

DNNs learn Data Bias



  


Predict Recurrences, Sensi/vity to Treatment,

Popula/on at Risk

Most Diagnostics Tasks are Beyond Human Prediction Capacity



Case Studies: Predicting Future Risk
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Learning to predict future cancer 

Predicting Future CancerPatient Future Outcome

3 year cancer

No cancer 

5 year cancer
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2020: Multi-Institutional Validation



2023: Hospital Network Deployment



 Distributional Shift from Training

90% 90%



Distributional Shift from Training

Demographics Clinical Setting Device
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Training from Diverse Data Helps



Algorithmic Solution 1: 

Anti-Bias Training Algorithms:

 Learning Invariant Representations



Anti-Bias Training Algorithms:

 Learning Invariant Representations



When Data Bias is 
Unknown

Case 1: Mystery of 99% 

Case 2: Learning from Wrong Information 



Data Split: Art or Science?

Let’s do scaffold split. 

Temporal split has better performance.

Batch split works well in biology.



Splitting Strategies Vary

Train

Test
Test

Test

TrainTrain

Random SplitScaffold Split

• Standard in Chemistry: scaffold split


• Split is driven by graph similarity




Finding Harder Splits

AU
C

-R
O

C

0

0.2

0.4

0.6

0.8

random scaffold ls

0.33

0.54

0.78



© 2022 Yujia Bao, MIT CSAIL

Algortimic Soltion #2: Learning to Split for Automatic Bias 
Detection

Learn to split the dataset 
such that predictors trained 
on the training set cannot 
generalize to the testing set.
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Bi-level optimization

Splitter
Generate a train-test split of the dataset.

Maximize the generalization error subject to constraints

Predictor

Estimate the generalization error on the testing set.
Minimize the loss on the training set.*

*We held-out 1/3 of the training set for early-stopping to prevent 
over-fitting.



There is no evidence of extranodal extension. 

BREAST (RIGHT), EXCISIONAL BIOPSY: 

INVASIVE DUCTAL CARCINOMA (SEE TABLE #1). DUCTAL 
CARCINOMA IN-SITU, GRADE 1. ATYPICAL DUCTAL 
HYPERPLASIA. LOBULAR NEOPLASIA (ATYPICAL LOBULAR 
HYPERPLASIA). TABLE OF PATHOLOGICAL FINDINGS #1 
INVASIVE CARCINOMA 

 … …

Common Myth: 

Models Have to be Interpretable





Selective Classification

Learn to abstain on uncallibrated examples



Algortimic Solution #3:  Out-of-domain Calibration

Year 0 Year 5

‼   At risk

✅ Not at risk 
vs.

• Suppose we train a model.  When can we trust its predictions?


• We can answer these questions if predictions are well-
calibrated.



Algorithmic Solutions for Safe 
and Equitable AI development 

Anti-Bias

 Training

Distribution Shift

Detection

Uncertainty

Quantification





