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Cluster-Based Bounded Influence Regression

David E. Lawrence

Abstract

In the field of linear regression analysis, a single outlier can dramatically influence ordinary
least squares estimation while low-breakdown procedures such as M regression and bounded
influence regression may be unable to combat a small percentage of outliers. A high-breakdown
procedure such as least trimmed squares (LTS) regression can accommodate up to 50% of the
data (in the limit) being outlying with respect to the general trend. Two available one-step
improvement procedures based on LTS are Mallows 1-step (M1S) regression and Schweppe 1-
step (S1S) regression (the current state-of-the-art method). Issues with these methods include (1)
computational approximations and sub-sampling variability, (2) dramatic coefficient sensitivity
with respect to very slight differences in initial values, (3) internal instability when determining the
general trend and (4) performance in low-breakdown scenarios. A new high-breakdown
regression procedure is introduced that addresses these issues, plus offers an insightful summary
regarding the presence and structure of multivariate outliers. This proposed method blends a
cluster analysis phase with a controlled bounded influence regression phase, thereby referred to as
cluster-based bounded influence regression, or CBI. Representing the data space via a special
set of anchor points, a collection of point-addition OLS regression estimators forms the basis of a
metric used in defining the similarity between any two observations. Cluster analysis then yields a
main cluster “halfset” of observations, with the remaining observations becoming one or more
minor clusters. An initial regression estimator arises from the main cluster, with a multiple point
addition DFFITS argument used to carefully activate the minor clusters through a bounded
influence regression framework. CBI achieves a 50% breakdown point, is regression equivariant,
scale equivariant and affine equivariant and distributionally is asymptotically normal. Case studies
and Monte Carlo studies demonstrate the performance advantage of CBI over S1S and the other
high breakdown methods regarding coefficient stability, scale estimation and standard errors. A
dendrogram of the clustering process is one graphical display available for multivariate outlier
detection. Overall, the proposed methodology represents advancement in the field of robust
regression, offering a distinct philosophical viewpoint towards data analysis and the marriage of
estimation with diagnostic summary.
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