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Introduction

Explainability and fairness are widely recognized as key requirements
for trustworthy healthcare prediction systems and Al applications more
broadly. However, neither concept has a universally accepted defini-
tion [4, 8], and their practical implementation remains challenging.
In [6], we propose a meta-level perspective on fairness (meta-fairness),
in which explainability can be regarded as one of the quality crite-
ria supporting fair decision-making. Alternatively, some conceptual
frameworks, such as structured explanation taxonomies [10], include
fairness as one of the components of explainability in Al systems.

In medical risk prediction, explainability and fairness are deeply
intertwined with uncertainty. In particular, the way uncertainty is
modeled and communicated not only affects the reliability of predic-
tions but also their interpretability and the perceived fairness of deci-
sions. While predictive models typically capture aleatory uncertainty
associated with inherent variability, epistemic uncertainty arising from



incomplete knowledge of the data, model parameters, or model struc-
ture is often overlooked.

In this talk, we investigate how richer representations of epistemic
uncertainty can improve the explainability of medical risk predictions
and whether this increased transparency can support fairer decision-
making. As a case study, we focus on estimating BRCA1/2 mutation
probabilities in hereditary breast and ovarian cancer syndrome. We
compare a framework based on Dempster—Shafer theory [9] (DST) with
logistic regression and a DST-based interpretation of logistic regression
using a synthetic dataset. We extend this DST model using interval
arithmetic [7], Yager functions [2], and thick intervals [1], emphasizing
explicit epistemic uncertainty representation to enhance algorithmic
transparency and support fairness at a meta-level. A light user study
further explores how different uncertainty representations are perceived
by non-expert users, providing insights into explainability.

Uncertainty versus Explainability and Fairness

Meaningful explanations should communicate not only the rationale
behind a prediction but also its uncertainty. Without uncertainty in-
formation, predictions may create a false sense of precision, especially
in settings with scarce or noisy data. Explicit epistemic uncertainty
representations improve transparency by revealing model limitations
and indicating when predictions should be interpreted with caution.
Recent work has also argued that uncertainty itself can serve as an
explainability mechanism [11].

The relationship between uncertainty and fairness is particularly
important in healthcare, where predictive models support diagnosis,
risk assessment, and treatment decisions. Due to differences in data
availability, data quality, healthcare access, and historical exclusion,
epistemic uncertainty is often unevenly distributed across patient pop-
ulations. As a result, underrepresented groups may receive predictions
based on weaker evidence than better-represented groups. Explicit
uncertainty representation can help identify such limitations, reveal-
ing potential inequities in the underlying evidence base and supporting



fairer decision-making [3].

Although there is a growing body of work on the interplay between
uncertainty and explainability or fairness [5], interval- and set-based
approaches for epistemic uncertainty remain relatively underexplored
in this context. Likewise, frameworks such as DST, which can rep-
resent both aleatory and epistemic uncertainty, have received limited
attention from the perspective of their usefulness for explainability and
fairness.

Summary

In this talk, we provide an overview of our work on representing epis-
temic uncertainty in hereditary breast and ovarian cancer syndrome
risk prediction using interval analysis and DST. A particular challenge
in this domain is that germline mutation status constitutes sensitive
genetic information and is therefore typically unavailable in publicly
accessible datasets. Consequently, we employ synthetic data, as our
primary objective is to investigate uncertainty representation, algorith-
mic explainability, and fairness-related aspects rather than predictive
performance itself. In particular, we examine how uncertainty mod-
eling relates to explainability from an algorithmic perspective and to
fairness through the lens of meta-fairness. Implementations of the
proposed models, together with the synthetic datasets used in our ex-
periments, are publicly available at
https://github.com/lorenzgillner/BRCA-DST.
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