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Article history: Robust regression is a form of regression analysis designed to
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Accepted :20-12-2015 circumvent some limitation of traditional parametric and Non-

parametric methods. Robust methods are known as resistant of

abnormal values and other violations of model assumptions and
appropriate for a broad category of distributions. It is an
alternative to lease squares regression when data are
contaminated with outliers or influential observations. It can be
also used for the purpose of detecting influential observations.
Detecting influential observations wusing Least Absolute
Deviations Regression are designed to be not overly affected by
violation of assumption by the underlying data generating
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process. In this paper it is proposed to compare LAD method
with the iteratively reweighted least square and ordinarily least
square method by detecting influential observations. It is
observed that LAD method is more efficient in estimating the
parameters in all cases, the distribution of errors follows heavy
tailed distributions and in the case of contamination of the data
with abnormal values. The LAD regression methods are not
only robust but give consistent results in detecting outliers

Keywords:, Deviations Regression, LAD method, Influential
observations

1. INTRODUCTION

In the classical approach to the regression problem, the objective is to minimize the sum of
squared deviations from the observed and the predicted values of the dependent variable and this
method is known as the least squares method; it uses classical optimization methods and
generalized inverses. Another method used is minimizing mean absolute deviation from the
predicted and observed values of the dependent variable. This problem is known as L; - norm
minimization or least Absolute Deviation (LAD) method in literature. Third method considered in
the literature is that chebyshev criterion of minimizing the maximum of the absolute deviations
from the observed and the predicted values of the dependent variables. Least squares regression
is sensitive to outlier points. It has dominated the statistical literature for a long time. This
dominance and popularity of the least squares regression can be ascribed, at least partially to the
fact that the theory is simple, well developed and documented. The least squares regression is
optimal and in the maximum likelihood estimators of the unknown parameters of the model if the
errors are independent and follow a normal distribution with mean zero and a common (though
unknown) variance o2. The least squares regression is very far from the optimal in many non-
Gaussian situations, especially when the errors follow distributions with longer tails. For a
detailed study refer to Huber (1973).

The outliers occurring with extreme values of the regressor variables can be especially disruptive,
refer to Andrews (1974). Least squares are not very satisfactory if the quadratic loss function is not
a satisfactory measure of the loss. Loss denotes the seriousness of the nonzero prediction error to
the investigator, where prediction error is the difference between the predicted and the observed
value of the response variable, refer to Meyer & Glauber (1964). The least absolute deviation
errors regression overcomes the aforementioned drawbacks of the least squares regression and
provides an attractive alternative. It is less sensitive than least squares regression to the extreme
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errors and assumes absolute error loss function. Because of its resistance to outliers, it provides a
better starting point than the least squares regression for certain robust regression procedures.
Unlike, other robust regression procedures, it does not require a rejection parameter. It may be
noted that the absolute errors estimates are maximum likelihood and hence asymptotically
efficient when the errors follow the Laplace distribution. Hence it is professed discuss Least
Absolute Deviations Regression by Detecting influential observations. Especially in the case of
Pareto, Log-normal, Weibull and Log-Cauchy distribution. Some interesting results can also be
seen in Rousseuw and Leroy (2003).

1. Least Square or L>-norm Method (OLS)

Utilizing the Ordinary Least Squares (OLS) method, the estimator is found by minimizing the
sum of squared residuals:
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This gives the OLS estimator for () as:
Bope =(X' X)Xy
)

The OLS estimate is optimal when the error distribution is assumed to be normal, refer to Hampel
(1974), Mosteller & Tukey (1977) in the presence of influential observations.

1.1.  Mean Square Error for Model
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2. Least Absolute Deviation (or L1-norm) Method (LAD)
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This estimator obtains a higher efficiency than OLS through minimizing the sum of the absolute

errors:

min §| Uf-l
p =l

Once LAD estimation is justified and its edge over the OLS estimation (in an appropriate

condition) is established, an efficient algorithm to obtain LAD estimates has a practical

significance. A more detailed discussion on L; norm iterative weighted least square can be seen
in Abdelmalek (1971, 1974), Fair (1974), Schlossmacher (1973), Spyropoulos, Kiountouzis & Young
(1973) and Eakambaram and Elangovan (2009, 2010). Following the approach of Robert (2001),
the objective function for L; regression is
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Differentiating this objective function is a problem, since it involves absolute values However, the

absolute value function:

g(z)=|z|
Differentiating this objective function is a problem, since it involves absolute values However, the

absolute value function:

=) —
Using this formula to differentiate f with respect to each variable, and setting the derivatives to

=
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zero, we get the following equations for critical points
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Wherer =1, 2, ...., m.

Can rewrite (7) as:
.. (8)

n 8 Xy L2 B Xy X

5 U ;U
Let Wdenote the diagonal matrix as suggested by DasGupta & Mishra (2004), where:

Wy Zﬁ for i=j
w,= 0 for i#j
SARes
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In the matrix notation
X'"myr)=X'wXpg
Rearrange these equations by multiplying both sides by

(rway™

. we oet

B=(X'WX) X'WTY -9

By iterative method equ. (9) converges to a solution. By initializing f® arbitrarily, the kth iteration
after the approximation expressed as

~(k)

e ova—l s 1o

The LAD regression estimates are obtainable from the function L; fit using the robust regression
package suggested by Levent et.al. (2006).

21.  Mean Square Error for Model

— 2
{\‘M‘SE)[R WIS (0 ) rwLs

N
=SST-SSR=Y'WY-(B)X'WY .. (11)
2.2, Mean Square Error for Estimator

M
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J IRWLS

2.3. Mean Absolute Error

AR



89
b
) | U;
MAE ==L
77
3. Results

The model under consideration will be of the form
Y=Xf+¢

Where

Y is an n x 1 vector of observations on the regressors and
Xis an n x p matrix of values of the p regressors

B is a p x 1 vector of parameters and

g is an n x 1 vector of random disturbances.

Residuals are defined as

Where B is the estimators of .

. h
p D el

The L, estimators of B is the B that minimizes =1
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.. (13)

It is to be noted that LAD (h=1) and OLS (h=2) are special cases of Ly, estimation.

Now, by using simulation from a set numbers (2, 2.1, 2.2, 2.3 ...), where, distribution of errors
(Weibull, Pareto, Log-normal and Log-Cauchy distribution), n=75, n=150, n=225 and n=300, the

results were shown in table 1.

Table 1: LAD regression estimates

Error . OLS
Estimator

IRWLS

Distribution 75 150 225

300

75

150

225

300
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Weibull B, 1.5074 1.4052 | 1.5324 | 1.8326 | 0.8349 | 0.6243 1.2932 | 0.9743
8, 0.8396 1.2344 | 09342 | 09783 | 1.6702 | 1.2753 0.8760 | 1.0123
MSE 1.2340 0.8612 | 1.0302 | 1.0102 | 0.4908 | 0.8160 0.8731 0.7364
MSE( ﬁ y | 0.7813 0.1245 | 0.0463 | 0.2124 | 0.0153 | 0.0412 0.0015 | 0.0002
LAD 0.7736 0.1238 | 0.0362 | 0.7213 | 0.7134 | 0.8354 0.7334 | 0.7380

Pareto B 8.3810 7.5498 | 52546 | 3.5478 | 6.7845 | 0.2354 0.2015 | 0.0215
B, -2.1322 -5.2325 | 6.5421 3.2451 7.0245 | 7.1554 8.1203 8.3521
MSE 15.8345 16.5421 | 18.2152 | 18.5421 | 6.2154 | 5.2124 4.2546 3.2245
MSE( ﬂ ) 12.7983 | 8.4235 | 6.8354 | 7.0667 | 2.4956 | 5.9335 6.3103 | 6.5643
LAD 3.8341 0.00012 | 0.0146 | 0.0075 | 0.3329 | 21.4186 | 13.8891 | 18.633

Log-normal F -0.7432 8.2779 | 6.8761 6.7910 2.2460 | 8.4985 8.5245 10.3330
B, 1.4382 1.3254 | 1.3021 0.2457 1.8775 | 1.5687 1.4265 1.3256
MSE 5.4732 6.5462 | 8.2464 5.2156 4.2181 | 3.0216 2.0315 1.0335
MSE(8) 4.0012 0.8521 | 0.7725 | 0.6554 | 0.5642 | 0.4578 0.3266 | 0.2123
LAD 1.6183 1.4585 | 1.6224 | 1.5876 | 1.4568 | 1.6548 1.5246 | 1.4203

Log-Cauchy fac -5.4632 -4.5650 | -3.3564 | 6.2240 5.0213 | 4.0264 3.2260 2.3256
f}l 3.3524 8.2321 | 4.2335 | 3.0215 | 2.0315 | 1.2354 0.2351 0.1254
MSE 32.8230 | 125.0 123.5 136.2 2.3245 | 12.5450 | 1.0255 | 2.1542
MSE( ;3 ) 28.1392 56.2546 | 89.3256 | 98.2215 | 0.5488 | 0.6421 0.4578 0.3654
LAD 3.0342 23.0221 | 7.2264 6.2254 5.2145 | 12.6544 | 8.2566 7.5562

4. Conclusion

It has been shown that the LAD (Li-norm) is more efficient in estimate the parameters in all cases
of distributions of error using IRWLS approach. Especially in the case of following heavy tailed
log normal distribution. LAD regression method is very suitable and efficient for detecting

influential observations especially in the case of longer tailed distribution.
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