
Explanations of Black Box Models based on Directional Feature Interactions

Abstract
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As machine learning algorithms are deployed ubiquitously to a variety of 
domains, it is imperative to make these often black-box models transparent. 

Several recent works explain black-box models by capturing the most 
influential features for prediction per instance; such explanation methods 
are univariate, as they characterize importance per feature. However, these 
univariate methods do not account for feature interactions.
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Figure 4 (Right):

Figure 3: Post-hoc accuracy evaluated on Mutual Redundancy. Mutually Redundant features are 
iteratively masked until one feature remains in each group. We see that masking redundant 
features identified by Bivariate Shapley has minimal impact to accuracy.

Figure 2: Post-hoc accuracy evaluated on Mutual Redundancy masking derived from graph H. 
Strongly connected nodes in H are randomly masked with increasing mask sizes until a single 
node remains, represented by the final marker for each dataset. 

Mutual & Directional RedundancyUnivariate ➔ Bivariate Explanations

We can extend this pairwise notion 
to identify groups of Mutually and 
Directionally redundant features. 
Mutually Redundant Features can be 
identified as Strongly Connected 
Components. We then identify Sink 
and Source nodes which represent 
directionally redundant and 
important features, respectively.
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Unweighted, Directed Explanation Graph Weighted, Directed Explanation Graph 
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(Univariate) Shapley:

Bivariate Shapley:

§ We propose a method to extend any given univariate removal-based 
explanation to a bivariate explanation model that can capture 
asymmetrical feature interactions, represented as a directed graph 

§ Analyzing this graph gives a semantically-rich interpretation of black 
boxes. Beyond the ability to identify most influential features, this graph 
can identify directionally redundant features, as well as mutually 
redundant features.

§ Extensive experiments show that our explanation graph outperforms 
prior symmetrical interaction explainers as well as univariate explainers 
with respect to post-hoc accuracy, AUC, and time. 
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Transitivity

Theorem 1:

Corollary 1.1: Graph        for Shapley 
explanation map with a monotone utility 
function is transitive. ⇒
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Figure 1: Bivariate Shapley builds instance-wise explanation graph      and      . Graph     : An edge i → j represents the 
conditional influence of word j when word i is present. We can use the PageRank algorithm to identify the top influential 
features. Graph : an edge i → j indicate that word i makes the word j redundant. We identify strongly connected 
components, source nodes, and sink nodes to find mutually redundant and directionally redundant features.
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Table 1: Post-hoc accuracy of BivShap-S after 
masking H-source nodes, representing features with 
minimal redundancies, and H-sink nodes, representing 
directionally redundant features. We see that masking 
sinks has little effect on accuracy. In contrast, masking 
H-source nodes and keeping sinks results in large 
decreases in accuracy, indicating that prediction-
relevant information is lost during masking. 

Figure 4: We explore samples from 
MNIST and CIFAR10. Middle row: 
we identify Mutually Redundant 
features from graph H, indicated by 
the white pixels in each image. 
Bottom row: We apply redundancy 
ranking on graph G and show a 
heatmap of PageRank scores; 
important nodes have higher 
PageRank scores. 

View our code and other examples on Github → 

https://github.com/davinhill/BivariateShapley

