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1 Introduction
In data management, artificial intelligence (AI), and ma-
chine learning (ML) in particular, one wants explana-
tions for certain results. For example, for query answers
in databases (DBs). In ML, one wants explanations for
automated classification results. Explanations that are
based on numerical scores assigned to elements of a model
that may contribute to an outcome have become popular.
These attribution scores attempt to capture the quantita-
tive degree of relevance of a tuple to a query answer; or
a of a feature value to the label assigned to an entity.
In this presentation, we will survey some of the re-

cent advances on the definition, use and computation of
score-based explanations for query answering in DBs,
and some extensions for ML. Special emphasis is placed
on the use of counterfactual reasoning for score speci-
fication and computation. This presentation is heavily
influenced by our recent research.

2 Explanation Scores
Different scores have been proposed in the literature.
Among them we find the responsibility score as found in
actual causality [7, 6], where the notion of counterfac-
tual intervention is fundamental. In data management,
responsibility, in the form of a Resp-score has been used
to quantify the strength of a tuple as a cause for a query
result [9, 3].
Database repairs are common when dealing with in-

consistent DBs [2]. Connections between repairs and
actual causality in DBs has been useful to obtain com-
plexity and algorithm results for responsibility [3]. On
the basis of database repairs, a measure (or global score)
to quantify the degree of inconsistency of a DB has also
been introduced.

The Resp score has to be generalized to deal with non-
binary features in ML [4], which could also be used to
define a fine-grained responsibility in DBs at the attribute
level. The causal-effect score has also been defined and
applied to explain query answers in DBs [10].

The Shapley value of coalition game theory can be used
to define attribution scores in DBs [8, 5]. Since several
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tuples together, much like players in a coalition game, are
necessary to produce a query result, somemay contribute
more than others to a game function represented by the
query result.

The Shapley value has also been used to define expla-
nation scores to feature values in ML-based classification.
Since its computation is intractable in general, tractable
classes of models have been identified [1].
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