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Abstract
The minimum sum of absolute errors MSAE regression is more resistant to outliers, than the
least squares regression, in the values of the response variable and long-tailed error distributions.
Because all observations are used to compute the least squares estimates of the parameters of
the model, a small change in the value of the response or the predictor variable will e4ect
the estimates. The MSAE estimates of the unknown parameters are completely determined by
a subset of observations; therefore, small changes in some of the values of the response or a
predictor variable may not a4ect the MSAE estimates.
The basic idea behind in6uence analysis is that a regression solution should be stable, that
is, small changes in the data should not produce large changes in the results. This is Tukey’s
property of resistance. At times deleting an observation is one way of introducing small changes
in the data. However, this may not be a good way to judge the in6uence of an observation for
the MSAE regression.
In this paper, we develop a procedure to ;nd an interval on each value of the predictor variable
(leaving all other values undisturbed) that leaves the ;tted MSAE regression model unchanged.
These intervals show the extent of admissible changes in the values of predictor variables to
which the ;tted MSAE is resistant. This property may be called complete (or absolute) resistance.
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1. Introduction
The least squares regression continues to dominate the statistical literature. Its success is partially due to the fact that the theory is simple, well developed and documented, and computer programs to implement it are easily available. It is well known
that the least squares result is very sensitive to outliers in the values of the response
variable and the predictor variables. However, to overcome some of its drawbacks, a
number of diagnostic techniques and robust regression procedures have been proposed,
Beckman and Cook (1983). The diagnostic techniques identify outliers and in6uential
observations whereas the robust regression procedures accommodate the possibility of
outliers.
One of the simple robust alternatives to the least squares regression is the minimum
sum of absolute errors MSAE regression that is less sensitive to outliers in the values
of the response variable. The MSAE estimators of the parameters of the model are
the maximum likelihood estimators whenever the errors are mutually independent and
follow a Laplace distribution.
It is useful to observe that the MSAE regression is to the least squares regression
what the sample median is to the sample mean. For example, both the sample mean
and the least squares estimators are determined and in6uenced by all the observations
whereas the sample median and the MSAE estimators are determined by only a subset
of observations. Just as the value of the sample median is una4ected if the magnitude
of an observation changes such that it remains on the same side of (either above or
below) the sample median, a similar result holds true for the MSAE regression, Narula
and Wellington (1985). That is, the ;tted MSAE regression model remains unchanged
if the values of the response variable associated with the non-zero residuals change
such that these observations remain on the same side of the ;tted model. This is very
unlike the least squares regression where any change in the value of the response
variable of any observation changes the values of the least squares estimates of the
parameters.
For the simple linear regression model, it is well known (Sposito et al., 1978) that
the minimum sum of absolute errors regression line can be chosen so that it passes
through at least two observations. We shall call these observations with zero residuals
the de;ning (or basic) observations; and the others the non-de;ning (or non-basic)
observations. Recently, Narula et al. (1993) have shown that if the value of a response
(or predictor) variable for a non-de;ning observation lies within a certain interval, then
the ;tted MSAE regression line remains unchanged.
In this paper, our objective is to extend the work of Narula et al. (1993) to multiple
linear regression, i.e., to present a procedure to determine the intervals for the values
of the predictor variables and the response variable for the non-de;ning observations
within which the ;tted MSAE multiple regression model remains unchanged. Throughout the analysis, for an observation of interest, we may change the value of only one
predictor variable or the response variable. No other values in the data set may be
changed. Because the MSAE multiple linear regression can be formulated and solved
as a linear programming problem, we use some results from linear programming to
construct these intervals. The rest of the paper is organized as follows: in Section 2,

