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Abstract

A machine learning (ML) method is explainable if there is an effective way to
explain its predictions. The method delivers an explanation along with every
prediction, and that explanation is effective if it lets a human user comprehend
how the features of a data point drive the prediction made for it. Explainability
is always relative to a specific user (group): an explanation can be very effective
for a specific user (group) but useless for another user (group). Explainability
can be measured by comparing the predictions of a learned hypothesis to the
prediction of a user before and after they are provided with an explanation.

Definition

The explainability of a machine learning (ML) method is the level to which a
human user can anticipate the predictions it delivers, based on the explanations
it provides (Colin et al., 2022; Jung and Nardelli, 2020). Explainability thus
includes the notion of an explanation: each prediction is delivered with an
explanation for this specific prediction, such as the feature values that drove
it or, for image data, the relevant pixels (see Fig. 1). The definition asks for
the existence of an explanation, not for a particular one: an ML method is
explainable as soon as some explanation lets the user anticipate its predictions.
Explainability is therefore certified by exhibiting one explanation that works,
and a single explanation the user cannot follow refutes nothing. Explainability
is user-relative: the same learned hypothesis can be explainable for one user
and inscrutable for another.
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Figure 1: Explainability refers to explanations. The learned hypothesis ĥ deliv-
ers the prediction ĥ(x) for a data point with feature vector x. An explanation
is constructed from a simple hypothesis g, e.g., a linear map, that approxi-
mates ĥ near x (cf. local interpretable model-agnostic explanations (LIME)).
The explanation is delivered to the user along with the prediction

The usefulness of an explanation can be measured by how much it enables
the user to anticipate the predictions on a curated test set: the user states
a prediction for each data point in the test set. If the user comprehends the
method, these should be close to the predictions of the learned hypothesis (Colin
et al., 2022; Zhang et al., 2024). A measure of this form is referred to as
predictability (International Organization for Standardization and International
Electrotechnical Commission, 2022, Sect. 5.15.7).

Using a probabilistic model for data generation allows measuring explain-
ability by the conditional differential entropy of the predictions (Chen et al.,
2018; Jung and Nardelli, 2020). The conditional differential entropy quanti-
fies the uncertainty about the predictions that remains once the anticipations
are known, so a smaller value means that the anticipations determine the pre-
dictions more tightly. In practice it is unknown and must be replaced by an
estimator, e.g., a plug-in estimate computed from discretized predictions and
anticipations on a test set.

An explanation raises explainability when the user can reason with it. Fig. 2
illustrates this for a user who reasons in terms of linear maps and anticipates the
predictions of an opaque hypothesis (a kernel method): without explanations,
the anticipations deviate strongly from the predictions. Given a local linear
approximation of the hypothesis around each data point (cf. LIME), the antic-
ipations match the predictions almost exactly. The example presupposes that
the user knows how to apply a linear approximation: the anticipations improve
only because the user can evaluate the explanation for a data point. A user who
cannot is left where they started.
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Figure 2: User anticipations against the predictions of an opaque hypothesis
(Gaussian kernel ridge regression) on a test set, for a user who reasons in terms
of linear maps. Without explanations (open squares), the anticipations deviate
strongly from the predictions; with a local linear approximation around each
data point as explanation (filled circles), the anticipations track the diagonal of
perfect anticipation. The estimated conditional differential entropy (a plug-in
estimate on the test set) of the predictions given the anticipations drops from
1.22 to 0.09 bits. Data generated by pythondemos/explainability.py

The international terminology standard for artificial intelligence (AI) defines
explainability as the property of an artificial intelligence system (AI system) to
express important factors influencing its results in a way that humans can under-
stand. An explanation is intended to answer the question of why the AI system
produced a result, without arguing that the result was optimal (International
Organization for Standardization and International Electrotechnical Commis-
sion, 2022, Sect. 3.5.7). The AI risk management framework of the US National
Institute of Standards and Technology ties explainability to a representation of
the mechanisms underlying the operation of an AI system, and reserves inter-
pretability for the meaning of the output in the context of the designed purpose
(National Institute of Standards and Technology, 2023).

Regulation treats explainability as an ingredient of transparency. The EU AI
Act, in its Article 13, requires that high-risk artificial intelligence systems (high-
risk AI systems) are sufficiently transparent to enable deployers to interpret their
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outputs (European Parliament and Council of the European Union, 2024). For
individual automated decisions, the right to explanation entitles an affected
person to a clear and meaningful account of the role that an AI system played
in the decision (European Parliament and Council of the European Union, 2024,
Art. 86).

What counts as an automated decision is drawn widely: the Court of Jus-
tice of the European Union held that a credit information agency computing
a person’s ability to meet future payments already makes one, when a third
party draws strongly on that value (Court of Justice of the European Union,
2023). The Colorado Automated Decision-Making Technology Act of 2026 re-
quires that the deployer give the affected consumer a plain-language description
of the decision and of the role the technology played in it, together with the
means to request further information (Colorado General Assembly, 2026).
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