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Abstract

The use of machine learning to guide clinical decision making has the potential to worsen existing health
disparities. Several recent works frame the problem as that of algorithmic fairness, a framework that has
attracted considerable attention and criticism. The appropriateness of this framework is unclear, due to
both ethical as well as technical considerations, which include trade-offs between measures of fairness
and model performance that are not well-understood for clinical predictive models. To inform the
ongoing debate, we conduct an empirical study to characterize the impact of penalizing violations of
group fairness on an array of measures of both model performance and group fairness. We repeat the
analysis across several databases, clinical outcomes, and definitions of sensitive attributes. We find that
procedures that penalize differences between the distributions of predictions across groups induce
nearly-universal degradation of multiple performance metrics within the groups. We also evaluate the
secondary impact of these procedures and observe heterogeneity in the effect of these procedures on
measures of fairness in calibration and ranking across experimental conditions.
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Introduction

Considerable attention has been devoted to reasoning about the extent to which clinical predictive
models can help anticipate and mitigate harms to advance health equity, while upholding ethical
standards (1-7). The role that techniques of algorithmic fairness should have in addressing this aim is
actively debated (4,8-10). These algorithmic fairness methods specify a mathematical formalization of a
fairness criterion representative of an ideal (such as equal error rates for male and female patients), and
provide procedures for minimizing violations of the fairness criterion without unduly deteriorating model
performance (11-15). Given this formalization, it is necessary to reason about the trade-off between a
model’s performance measures and satisfaction of fairness criteria (16—18), as long as both can be
appropriately contextualized.

To inform this discussion, we conduct a large-scale empirical study characterizing the trade-offs between
multiple model performance measures and algorithmic fairness definitions for predictive models of
clinical outcomes. Across twenty five combinations of datasets, clinical outcomes, and definitions of
sensitive attributes, we train a series of predictive models that are penalized by varying degrees for
violations of several fairness criteria. We report on the observed trade off between measures of model
performance and violation of fairness criteria. A schematic describing this process is in Figure 1.

Methods

We extract cohorts from three databases in the OMOP common data model: the Stanford Medicine
Research Repository (STARR) (19), Optum Clinformatics Data Mart (Optum CDM), and MIMIC-OMOP. We
derive a cohort of inpatient admissions from STARR and Optum CDM, returning 198,636 patients in
STARR and 8,073,395 patients in Optum CDM. In both cohorts, we define binary outcome labels for
length of stay greater than 7 days and 30-day readmission, and include an additional label for in-hospital
mortality in STARR cohort. In MIMIC-OMOP, we match the cohort and outcome definitions defined in the
MIMIC-Extract (20) project, returning admissions from 26,170 patients labeled for ICU length of stay
greater than 3 and 7 days, and hospital and ICU mortality. For the purposes of evaluating measures of
group fairness, we define groups of the population on the basis of a combined race and ethnicity
attribute, gender, and age group constructed via discretization.
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We consider fully-connected feedforward neural networks for prediction. We train a series of models
with a regularized objective that penalizes violation of three threshold-free group fairness criteria:
equalized odds, equal opportunity (11) (conditional penalties), and demographic parity (12,21)
(unconditional penalty). To assess violation of these criteria we compare the distribution of predictions
for each group and the marginal distribution over the population. We use two ways of comparing these
distributions -- the maximum mean discrepancy (MMD) or the squared difference in means. We evaluate
the impact of penalizing these objectives over a range of penalty weights A to assess trade-offs between
as well as among measures of performance and fairness. We examine standard model performance
measures, including the area under the ROC curve, average precision, and cross entropy loss. In addition,
we evaluate a novel relative calibration measure that assesses the extent to which observed outcomes
differ across groups conditioned on the risk score and measures of cross-group ranking accuracy (22,23).
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Figure 1. An overview of the experimental procedure for cohorts derived from the STARR database.
Results

The use of conditional regularization penalties universally degrades measures of model performance for
all groups as well as introduces and exacerbates errors in relative calibration across groups. The effect of
unconditional penalties are often similar to that of conditional penalties; however in some cases we
observe improvements in model performance and calibration measures for at least one group along the
trajectory of A. The effect of algorithmic fairness procedures on cross-group ranking measures is
heterogenous. The primary effect that we observe is a decline in cross-group ranking accuracy as A
increases, regardless of the type of penalty selected. In some cases, the trajectories of these measures
are such that fairness is improved for one or more groups at the expense of other groups.

Conclusion

The debate on the use of algorithmic fairness techniques in healthcare has largely proceeded without
empirical quantification of the effects of applying these techniques on predictive models derived from
large-scale clinical data. We explicitly measure and comprehensively report on the extent of the
empirical trade-offs between measures of model performance, conditional prediction parity, calibration,
and ranking. Given our results, and the fundamental limitations of the algorithmic fairness framework,
alternative approaches may be needed to enable proactive monitoring and auditing of the effects of
intervening based on the output of clinical predictive models.
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