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Introduction

of

 Deep learning models struggle in the presence
data distribution shifts (e.g., out-of-distribution).

learning

strategies

Fairness and Transportability in Al Models for

 >10% loss in C-index In the presence of shifts.

Fairness-aware
unexpected behaviors (e.g., worse fairness than the

result In

original model) for out-of-distribution samples.

* |ncreased risks of unfair predictions and disparities

IN health outcomes across patient groups.

We study state-of-the-art deep survival models:
DeepSurv?!, DeepHit?, NneSurvs.
We analyze how out-of-distribution data impact

manifold representations, utility, and fairness in original

models and those trained with

techniques.

fairness-aware

(1) Intrinsic dimensionality of manifold

representation

* Leveraging geometric properties (e.g., intrinsic
dimensionality) to identify differences
between groups
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(2) Fairness strategies
* Removal of protected
$ attribute
 Dataresampling
 Data augmentation

Data with groups defined
by the protected attribute

Fairness and utility
measures

 Group Survival Fairness
* Pooled Concordance

e Stratified Concordance

e C-index, IBS

r(3) Out-of-distribution )

testing
* Shiftsin the age of testing _
samples Testing Samples
4 RN |

2

Datasets: FLChain,* SUPPORT?

 Difference In of the

complexity
race vs. gender).

 Positive correlation the

between

coefficient >0.38 with p-value<0.0001.

manifold
representation for different protected attributes (e.g.,

INntrinsic )
dimensionality and fairness: Pearson’'s correlation 3
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 Current approaches are designed under an In-

distribution

assumption,

resulting

INn  models

misbehaving in the presence of out-of-distribution

samples.

 Consider a host of intersecting factors to improve
model

transportability and performance for
patients.
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