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Partial Dependence Plot (PDP)
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Feature Importance
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LIME (Local Interpretable Model—-agnostic Explanations)

* MT Ribeiro et al. (2016). ACM-KDD. Cited by 3718

Marco Tulio Ribeiro
University of Washington
Seattle, WA 98105, USA
marcotcr@cs.uw.edu

Figure 1: Explaining individual predictions. A model predicts that a patient has the flu, and LIME highlights
the symptoms in the patient’s history that led to the prediction.
contributing to the “flu” prediction, while “no fatigue” is evidence against it. With these, a doctor can make

Sameer Singh
University of Washington
Seattle, WA 98105, USA
sameer@cs.uw.edu
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Explanation

an informed decision about whether to trust the model’s prediction.
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“Why Should | Trust You?”
Explaining the Predictions of Any Classifier

Carlos Guestrin
University of Washington
Seattle, WA 98105, USA
guestrin@cs.uw.edu

Human makes decision

Sneeze and headache are portrayed as

ABSTRACT

Despite widespread adoption, machine learning models re-
main mostly black boxes. Understanding the reasons behind
predictions is, however, quite important in assessing trust,
which is fundamental if one plans to take action based on a
prediction, or when choosing whether to deploy a new model.
Such understanding also provides insights into the model,
which can be used to transform an untrustworthy model or
prediction into a trustworthy one.

In this work, we propose LIME, a novel explanation tech-
nique that explains the predictions of any classifier in an in-
terpretable and faithful manner, by learning an interpretable
model locally around the prediction. We also propose a
method to explain models by presenting representative indi-
vidual predictions and their explanations in a non-redundant
way, framing the task as a submodular optimization prob-
lem. We demonstrate the flexibility of these methods by
explaining different models for text (e.g. random forests)
and image classification (e.g. neural networks). We show the
utility of explanations via novel experiments, both simulated
and with human subjects, on various scenarios that require
trust: deciding if one should trust a prediction, choosing
between models, improving an untrustworthy classifier, and
identifying why a classifier should not be trusted.
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LIME ( Interpretable Model-agnostic Explanations)
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LIME (Local Interpretable Model—-agnostic Explanations)
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LIME (Local Interpretable Model—-agnostic Explanations)
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LIME ( Interpretable Model-agnostic Explanations) X .
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A Unified Approach to Interpreting Model
Predictions

Scott M. Lundberg
Paul G. Allen School of Computer Science
University of Washington
Seattle, WA 98105
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Su-In Lee
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Figure 1: SHAP (SHapley Additive exPlanation) values attribute to each feature the change in the
expected model prediction when conditioning on that feature. They explain how to get from the
base value E[f(z)] that would be predicted if we did not know any features to the current output
f(x). This diagram shows a single ordering. When the model is non-linear or the input features are
not independent, however, the order in which features are added to the expectation matters, and the
SHAP values arise from averaging the ¢; values across all possible orderings.
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Abstract

Understanding why a model makes a certain prediction can be as crucial as the
prediction’s accuracy in many applications. However, the highest accuracy for large
modern datasets is often achieved by complex models that even experts struggle to
interpret, such as ensemble or deep learning models, creating a tension between
accuracy and interpretability. In response, various methods have recently been
proposed to help users interpret the predictions of complex models, but it is often
unclear how these methods are related and when one method is preferable over
another. To address this problem, we present a unified framework for interpreting
predictions, SHAP (SHapley Additive exPlanations). SHAP assigns each feature
an importance value for a particular prediction. Its novel components include: (1)
the identification of a new class of additive feature importance measures, and (2)
theoretical results showing there is a unique solution in this class with a set of
desirable properties. The new class unifies six existing methods, notable because
several recent methods in the class lack the proposed desirable properties. Based
on insights from this unification, we present new methods that show improved
computational performance and/or better consistency with human intuition than
previous approaches.
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. Feature Attribute methods
[Review : LIME 7HQ]

ot B f(x)E ol|A0]| ZIThet REIQI g(x)E Solf oiMS
= m

x 2| offdZ0|dS Slof ZIHaHE B x" = x = h, (x') QI
z'=x' M g(z") = f(h(z")) O|== Surrogate &=
(o)

AHIHO 2 g(x)= Linear model2 HO0| £L,

(Black=box)
Model : f

Surrogate
Model : g

Daota Mining e, -~
Quality Analytics r}'d

(eg LIME)
A2 Xo|g|H

Prediction

Explanation




Il 03 | SHAP (Shapley Additive exPlanations)

SHAP (Shapley exPlanations)

. Feature Attribute methods
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SHAP variations

e KernelSHAP : Truly Model-Agnostic / Relatively Slow / Approximate calculation
* TreeSHAP : For Tree Models / Fast / Exact calculation

 DeepSHAP, GradientSHAP : For Deep Learning Models
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SHAP plot interpretation

* DeepSHAP : MNIST classification
D= Class OICt SHAP 242 =l A

I T IIT T , RN R AR AR AR AR RRUNRRINRRRARRR R

I
—-0.010 —0.005 0.000 0.005 0.010
SHAP value

https://github.com/slundberg/shap#deep—-learning—example-with-deepexplainer-tensorflowkeras—-models
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SHAP plot interpretation
* GradientSHAP : ImageNet classification
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https://github.com/slundberg/shap#deep-learning-example-with—gradientexplainer-tensorflowkeraspytorch-models
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SHAP plot interpretation

* TreeSHAP: NHANES Survival Model (summary plot) : AfYE(mortality) 0=
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Scott Lundberg et al. (2020). “From local explanations to global understanding with explainable Al for trees”. Nature Machine Intelligence
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SHAP plot interpretation
* TreeSHAP: NHANES Survival Model (dependency plot)
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Scott Lundberg et al. (2020). “From local explanations to global understanding with explainable Al for trees”. Nature Machine Intelligence
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SHAP plot interpretation
*TreeSHAP: NHANES Survival Model (dependency plot + interaction value)
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Scott Lundberg et al. (2020). “From local explanations to global understanding with explainable Al for trees”. Nature Machine Intelligence
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SHAP plot interpretation
== AIZH0E 22 (AZ20]4) (monitor plot)
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