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1.) Least Trimmed Squares Regression

If outliers occur, Ordinary Least Squares (OLS)-Regression can lead to

an estimation, which does not fit well at all to the observations. e — arg min Z 5(1')) 2
‘, BecRr i=1
3 ﬁ with
oL -n number of observations vy, ..., ¥
— LTS ' - :
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Figure 1: Simple regression with outliers in the regressor

Robust regression methods like Least Trimmed Squares (LTS)

then still achieve a good fit to the majority of the observations. Exact computation of LTS is very demanding, particularly if p is large.

2.) Fast-LTS (FL) (Rousseeuw & van Driessen, 2006) 3.) Evolutionary Algorithm (EA) for LTS

0.) Start with an OLS-Estimation (%) of 8 based on p observations.
1.) Change these p observations with probability 77 by a move
and with probability 1 — 7t by a mutation.

0.) Start with an OLS-Estimation /3(0) of 3 based on p observations.
1.) Calculate the residuals of all observations w. r. t. the current fit (1.
2.) Take the indices of the i smallest squared residuals

2.) Compute the new LTS—criterion—value.
3.) Stop when ny generations do not supply an improvement.

T = {Z - {1, 2, ...,n}: é\l - {(/6\(1))2,

3.) Calculate a new OLS—Estimation (/1) for the observations in ;. Mutation: replace one of the p points by one of the n — p other points.

4.) Stop when the LTS—criterion no longer decreases. Move: parallel shift of the estimated hyperplane, such that it hits a
Go to 1.) otherwise. random one of the n-p remaining points.

7 is controlled with the parameter percentagemove PER.

Intercept adjustment possible to further reduce the LTS—criterion. Simulated Annealing ANN for not getting trapped in a local optimum.

Adjustable parameters in R-procedure 1lgs: number of iterations

, , , Intercept adjustment ADJ possible for reducing the LTS—value turther.
(nsamp), number of observations in the start population (psamp) and

Further parameters: waitforimprovement WFI, which is controlling

intercept adjustment (adjust).
Pres) (adjust) ny, total number of generations GEN and total number of iterations

4.) Designed Experiments for comparison of algorithms

Goal: Find optimal parameter setting leading to small LTS—criterion— L TS-—Value with Fast LTS Algorithm LTS--Value with Evolutionary Algorithm
values and small computation times for each algorithm. — _
Approach 1: Central Composite Designs to find a good Taylor— ] - & _
Approximation of second order. 3 S - = s ) |
Grize’s Scaled Lambda—-Plot and Half-Normal-Plot to find the most im- ’g S " Ig ™ B
portant factors and interactions. % S - — g o : Lo
Approach 2: Orthogonal spacetilling Latin Hypercube Designs to find é S é [ — = Sl
the region with the best values of both responses simultaneously. ~ B T o T
Both approaches use desirability indices for bivariate optimization: 5 —T== @ - — il- =
Findings for most of the datasets: 02 03 04 05 10 15 20 25 02 03 04 05 10 15 20 25
-both approaches deliver a similar optimal setting: mhererearesor mhererearesor
a Taylor-Approximation of level two seems to be adequate. Computation Time with Fast LTS Algorithm Computation Time with Evolutionary Algorithm
-with an increasing number of regressors, EA delivers much better o L -
LTS—values than FL. ~ o ° ~ N —
-higher computation times for the EA with optimal setting in compari- 2 Z ) = é, S - -
son to the FL with optimal setting. % ; ) _ :f 9 -
Algorithmic tricks to speed up the implementation have not been con- % . i 2 o -
sidered so far. = =
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