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Data-driven models increasingly support decision-making. However, their complexity poses chal-
lenges for human comprehension and troubleshooting and their lack of transparency can lead to
unfair and biased decisions [2, 10]. To counteract the black box effect, explainable artificial intelli-
gence (XAI) techniques are studied. One of the most commonly studied explanations is model key
drivers, which can focus managerial attention on the most important factors during implementation
[3]. Popular post-hoc explanation methods include SHapley Additive exPlanations (SHAP) [5] or
Local Interpretable Model-agnostic Explanations (LIME) [9]. These methods focus on individual
predictions and identify the features’ contributions to a specific model decision. Recent works by
[8] and [11] highlight the strong connection between post-hoc explanations and sensitivity analysis.

In the context of XAI, counterfactual analysis provides insights into how changes to one or more
features of a given instance affect the model’s prediction [12]. The application becomes even
more important when the instance of interest is an individual looking for an explanation as to
why the decision of an algorithm was positive or negative on their behalf. Consider the following
situation. An individual, say Ms. X, is requesting a loan (or a certificate of admission) to a
financial (educational) entity but gets denied. Then, Ms. X wishes to understand what she should
change/improve about her characteristics to get admitted. Ms. X can look at a counterfactual,
as the closest individual such that if she changed one or more of her features she would also get
the loan/admission. One question that naturally emerges is which feature, if changed, would be
most effective for Ms. X to achieve the desired outcome. However, [1, 6] argue that SHAP does
not provide insight into what is important for the change in the above situation.

Alternatively, in a counterfactual framework, a commonly used index is the frequency of changes
in a given feature when moving from Ms. X to her counterfactuals. A feature is deemed important
if it is frequently modified [7]. However, counting provides a summary indication of importance.
First, we cannot appreciate the magnitude of the impact. A feature may be frequently modified,
but its impact on the change could be small. Second, we cannot appreciate the direction of impact
and whether the feature is involved in interactions with the remaining variables. Also, when
moving from Ms. X to her counterfactual, one needs to pay attention that no impossible points
are attained, to avoid model predictions affected by extrapolation errors [4]. Without considering
those aspects, explanations remain partial, leave the algorithmic decision opaque, and do not shed
light on the actions to be taken.

In this work, we propose a novel approach combining counterfactual analysis and sensitivity analysis
to explain the transition from the baseline to the counterfactual state. We apportion the change in
model predictions moving from Ms. X to her counterfactual considering each feature’s individual
and interaction contributions. A data-driven algorithm is then introduced to study the transition,
combining the search for the counterfactual and identification of the impossible point involved in
the sensitivity measure calculation. The proposed method has been applied to a synthetic example
and a series of datasets. Several novel insights were obtained from the two well-known datasets in
the machine learning literature.
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