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Decision makers are often faced with making single hard decisions, without having any

knowledge of the amount of uncertainties contained in them, and taking the risk of making
damaging, if not dramatic, mistakes. In such situations, where the uncertainty is higher due
to imperfect information, it may be useful to provide set-valued but more reliable decisions.

This works thus focuses on making distributionally robust, skeptical inferences (or
decisions) in supervised classification problems using imprecise probabilities. By
distributionally robust, we mean that we consider a set of possible probability distributions,
i.e. imprecise probabilities, and by skeptical we understand that we consider as valid only
those inferences that are true for every distribution within this set. Specifically, we focus on
extending the Gaussian discriminant analysis and multi-label classification approaches to
the imprecise probabilistic setting.

Regarding to Gaussian discriminant analysis, we extend it by proposing a new imprecise
classifier, considering the imprecision as part of its basic axioms, based on robust Bayesian
analysis and near-ignorance priors. By including an imprecise component in the model, our
proposal highlights those hard instances on which the precise model makes mistakes in
order to provide cautious decisions in the form of set-valued class, instead.

Regarding to multi-label classification, we first focus on reducing the time complexity of
making a cautious decision over its output space of exponential size by providing theoretical
justifications and efficient algorithms applied to the Hamming loss. Relaxing the assumption
of independence on labels, we obtain partial decisions, i.e. not classifying at all over some
labels, which generalize the binary relevance approach by using imprecise marginal
distributions. Secondly, we extend the classifier-chains approach by proposing two different
strategies to handle imprecise probability estimates, and a new dynamic, context-dependent
label ordering which dynamically selects the labels with low uncertainty as the chain moves
forwards.



