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3. Hadi's Algorithm 6. U&EH
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3)7]-E o)A da) AlEEln Qe i gl oFt 24 ubwe el AR o)A ofgr o)A}
|7} EA 3k 749l masking A7}2} swamping L rjol] 2]5led, o]Abx] mjeta) of 3fe 3
Aol Aol cdske =Rt oA s F4dhs ofErix] RRAE ZRaks F
Rousseeuw 7} 2| X|3} Least Median of Squares Regression - a2 o2 oA}z
E-¢ 143tz Influential Points & 3}t 4~ Q=& 3lm ok 2evt of wiye] Age
e A4 275 n2 +38 Hadio] & A8l elementary set& 73 A2&
Algorithm-& jA]%tch

1. A <

3924 (Multiple Regression Analysis)oll4] o]Atxe} ofsFiutabadel Faly x
& Tkl F2¢ 9% olADE olSE ANl U¥ dusn k3
| ol Asled gioh ofd AdiokllA A oF 200d FF 3] W
o] Belsely, et.al. (1980), Cook & Weiberg(1982) % Atkinson (1985)
A2 JATEES T3 LulolAl A odelx glon], = ojREe THAE
¢le]; 91 SAS, SPSS, BMDP, RATS, STATISTICA, - o4 o]zjgt 8k
& ojo] ZHL=o] ALR3tm Qi
2 o] F UiRE ZdEAgke] o]Adx Adole §AFE Qlh olFo] AEdle ol
213t zkx}F(Residual) e: ¢} leverage point A1¥-& ¢/ Hat Matrixell4] of =zt
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LS) & 7122 stz gl7] wifel, cfF ol EArlellt ol dxrt A8 Sle Wk

o2 FUHE Bol ol Yol olsled o 4§ F7Ielt masking@atel 4ol

jo gl =
ol FAANA el Wold ot Fom AN swamping Ezjel s o4t
A AL YMsheol BAHG oA Utk
] o

masking £7}9} swamping E2Hg F83lr] 1% b o= robust AP AR oAb
2] F7#F(Robust Estimator) o] 70\t Fuhiel #4xog ols7] AAFct ro-
bust FAE AF 4/MF A2 Edgeworth® daix Qlch v HzAdizkal
(Least Absolute Residual) F%z-&

n
min g Z;[ vi- 0|

2 Abgslodch o] FAEkE olAlx g4l (outlying resistency) of

F Aol 43k ulx= &L leverage pointoll: uvf$ FHokslow uhex gl
thgoll Huber(1973) 2] M A3k (o4l FU3H Hags Ze

poll cisted zkxp

min 6 Zp Vi x,G
=1 g
o tgste FAAE Fe Aotk Huberd] M 332 ¥4 p§ F4%c] Robusts}
EE Augtozs] ol o774 Hubers vly=x ofabda elgle] 2]}

Y(r) = min(k, max(r-k))

& ke Yo A

E Agglont %o leverage pointollAle] ok uffol] 49 O‘HR‘Z} M 3=
(Generalized M-estimator : GM) o] &71=A =9lct GM-& 715z ¥4 & o]&3)
ol E& leverage point?] J3g Agste e FAHez gk ol GM ALY
Aoz Mallow (1975), Schweppe(1977), Hampel(1978), Krasker(1980),
Krasker & Welsch(1982), Ronchetti & Rousseeuw (1985), Samarov(1985) £-<&
Yo} Qo #eghe XAEdle FAYES LA
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9% ol AEE A% dwelE g AP o7 3

29l olEZA<Q) robust FHHEZ L Al EAHPE= Bickel (1973), Rupert &
Carroll (1980) ol glem, 2ol 533 robust &3 Rousseeuw (1984) 2] =
AEe] Fe4E Hasbsle Least Median of Squares(LMS) Z#zkzt Least
Trimmed Square (LTS) ZA&gko] glc)

LMS : min 3r5.

LTS : min med ; r:

3

-

o] LMS FA#& Al&3le] Atkinson(1986) & LSol4 A&tz Qe HA=k]
AFe L FHazee wges £AF Cook A= Rousseeuws] LMS &3
2183k robust 3]#FA W Aot =3F Atkinson (1988) o= LMS =3
AH8-3}od transformation parametere] gtg Al4ksheo] AHEsks 8- Agkstz gl
o, Rousseeuw (1990) & Mahalanobis distanceo] LMS ZA &z} MVE (Minimun
Volume Ellipsoid) & A3l chre] o]Ax]E Alws] Jd 1, leverage points #oph
= g Axistz ok Hadi(1992) & LMSe &gl ublsls FE HZo Az
A|Zbo] AoiFg Fol7] 213 weod FEG UAI robust FHgoz FiloA] Hoj
2 9l A& njelsled o]E 7]F 22 ascending ordering o] FEL 2ZFozH
LMSollA Atg.e| ybs % 34F Folv A3E Zv algorithmg =|skz glck

2 odFo4= Rousseeuw (1985) 7} MVEol|4] A}-&3%t elementary set &&2] FaAd
€ M7 $13 8o orderingoll ¢]3led elementary set9] =& noji ¥
Alatstel  [(n+p+1)/2 1742 Z4A1A Urke wbig Adrlstaxt foh(( ]+ gauss7
). & odvelixe o]zl descending orderingell 2%t whHe] EAH-E M o

< ARr|stnzr ok

ofl ot ML

lo o mo

2. Mahalanobis Distance

ozl uido] o3 Mahalanobis Distance A|4F&

MD; - V (xi - CCXNS(X) " (xi - C(X)' i=1,2,...n

AN (X)) = ;xs/n
S(X) = Zl(xf-C(X))’(x;—C(X))/(n—l)

Ael MDi& XA 2 A xizl 2 Ade] F4leoz 2e odup) dojx Qlerle 28
oAl eiFEch zE{u} o] g2 AEolA] A= vidlro] masking E}e} swamping &
el o]sle] thF oA Eol & MDIHE A4kl &3tz ek olHe C(X)ek S(X)
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7} robuststz] E35}7] wl ool &, =oub olAa] Aukn o|abx] Aol wlgkewm (XD

FE IS A& [ele]
2 Boludv|m, S(X)E BEZely] wjfoluh oz (1Al HE C(X)e9p FE4F

S(X)% robust FHzos whpe A gelsprfa ofAXH.

robust ZAzko g4] Campbell(1980), Stahel(1981), Donoho(1982), Hampel
et. al (1986), Rousseeuw and van Zomeren{1990) o] C(X)e} S(Xio] A&
robust A& AE3519ck Rousseeuw (1985) 7k 241 MVEE A9l 50%°l &3}
breakdown point% zZteum@i] o]Akxje] Auh AL g FoldAl wFugl
(Lopuha#& and Rousseecuw, 1991). zz&ju} o] wiwle] = ol Wiz = z7] hel MVEE
T3k7] flsled= nx pgiadolAl n!l/hl(n-h) 3ol wale A4S HaR s FHolh
ole{dt EAAE FEs57] fske] =Wrla] algorithmo] Stahel(1981), Donoho (1982),
Rousseeuw and Leroy(1987), Woodruff and Rocke(1993) FollA =A1x]z 9l

Rousseeuw and Leroy(1987) 7} zl#)8}2 2+ resampling algorithm-2 4} (1) ol =
7] p+1 %l subsampleol thsled j wx subsampleo] (X))o} F84 SXE dlals}
of 7Aglgs sl A

S
O
[
<
N
(]

Vixi-CpsS;Nxi-Cp i=1.2, ... n (2)

AN CAX) = Z;un:n/ 2wy

SAX) = 21 (x; = CAXD (xi = CAX)) /( Z}wrl)

wi = wkD)e nA FEAHFN p+1s]3 H3g

1.

MVEo] 2}-83}7] $1%F j #H4] subsampled] A wbHe (2) o4 AR nrl gHE=
o] 100(h/n)HA percentiled m;el shd, ho FAHS 2= 9 S8 @7E

s =

(m7 det(S,)"* sl Hleﬂz‘xlai m7 det(S,) 7t #Harh sle j A4 subsampled A-&31)
=ick D7} Outlierel #}5- =+ 3}7] 218 Rousseeuw and van Zomeren (1990)-& A&
[(n+p+1)/2]2 A}& c}-% A& Aksta Qlotk

Di( C},('].S‘j) = \/ (,x:' - C'r)[(c'/i.qj')"l (x; - (‘J) [ = 1.2,..., n (3)
Cﬁ 7] )"] c;= Cnpn"lj/ixi_gm

Cnp= (1] + lSz”(n-p))g

o v BEAREIld Aol FEY 4 Y8 e FAFol),
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3, Hadi’'s Algorithm

Rousseeuw and van Zomeren(1990) 7} #1213tz Sl robust F7A =&
Mahalanobis Distance (MD) o] MVEE $|3}e] A#H3¥ elementary sete] #F C; 9
I S, & AHgsled Di g AlAbske Zeoloh

a2l o] W 3, MVEE 9I3le] A#¥ j H5 elemetary seto]] o]&kx]71 Aoy
2 ZFgSeA ke & 82 ok wtd o]AXE EUY elementary setd
TAE wlo]l AFH 2% D, EF FAHLE o[AAE IEFA ¥ Aol SHE, j A
elemetary set?] rankr} p7} 9+ 799 Rousseeuw and van Zomeren (1990) &
o] subsample® Z7|3lz gtk AAWE, ; HA elemetary sete] rankr} p Uzt
84 ¥4 S+ singular matrix?t 2 4 & TAAE Zz 9lth(Hadi 1992).
18i3 EAAe FE23r) 9% wHoez Hadi(1992) & 3 WAlol 2= subsampleg
A¥sla robust AelE Al4bsle WE A2tz 3ok

o

Step 0 : Initial rearrange the n observations in ascending order

according to a suitably chosen robust distance.

Di(Cr,Sr) = V (xi - Cr)'SE (xi - Cr)

where Cr and Sg are robust location and covariance matrix
estimators.

Step 1-1:If the basic subset is of full rank, compute

Di(Cr.Sr) = V (xi - Co)'S3* (xi - C»)

where Crand Ssare the mean and covariance matrix of the basic

subset.

Step 1-2 : If the basic subset is not of full rank, compute the eingenvalues
of Se: hy 2 Ao 2 hy 2 zxp = 0 and

eigenvectors V.

Di{CrSr) = ¥ (xi - Co) VeWsVi(xi - Cb)

where Wp is a diagonal matrix with jth diagonal element is
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W,=max (h,; k) ! with As is the smallest non-zero eigenvalue of S,.

Step 2 : Increase size of basic subset while repeat Step 0 and Stepl.
Step 3 : Stopping Criterion.

Hadiz} #]#]sh= algorithm-¢ Rousseeuw”} MVE-E #]3}o] subsampleg H=Z3}7]
2|t resample algorithm-& ~§41% w02 ascending orderingell £]3te] elemen-
tary set2] ranks p+1olA H¥ jztslo] Holm [ (n+p+1)/2)7HA F7HAA v}
= whiolr). mefu} o]e]dt ascending orderingoll 9@ wlwle olAbx]z} A x| z}g ol 4]
50% HES ARG H4eE uidor e wHoRA, Al ABoA delhds o|AA|7E
A4 =L oA xfAlshe wlgo] 2 7ol descending ordering WAe] &zpHolct

4. Modified Hadi's Algorithm

Hadiz} =l|#|38} algorithmelj4] =7} hel MVEE F38)}7) 2)3ted nX p a4 robust

ZA ek ARgsled wazl s & DiRE s AAR Jrbkdd [((n+p+1)2)7)
Hu7bA] elementary subset& F3k= algorithm-& cf&ap 7o}

Step 0 : Initial rearrange the n observations in descending order

according to a suitdbly chosen robust distance.

DilCr,Sr) = V (xi - Cr)'SE (xi - Cr)

where Cr and Sk are robust .location and covariance matrix
estimators.

Step 1:If the subset is of full rank, compute

DilCr,Sr) = V (xi - Co)'S:} (xi - Co)

where Csand Ssare the mean and covariance matrix of the subset

which is removed the largest D,.
If the subset is not of full rank, the next largest D;is removed.

G

Step 2 :Repeat step 1 util the basic subset contains [(n+p+1)/2] '
observations.

Step 3 : Measure the residuals using the basic subset.

_.1'56__
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Modified Hadi's algorithm-¢ @] Step 0ofl4] robust location} scaleg Ahg3}od
EE Xiof o8l Mahalanobis distance & T3t} Steploll4] 3t MD & descending
ordering & 3}ed rankingeo] [(n+p+1)/2] 2t} 22 AEL ¢xpF oz sxr]xich
U ZlFol =2 Argkez FA4E elementary setd AMgsled HAAS L& T
slod 5 Xyofl thdled Al D, 5 Al43tcl Hadi's algorithme] 24 Al4F SleE [(n-
p-1)/21% LLe= 3k vkl olAx|e] JFrt [(n-p-1)/2]8c} 2& A9, F kY
o] Modified Hadi's a'gorithm-& n-k 3l¢} ol4b Bl=8& Q33514 Hoh zelzz [((n
+p+1)/213 k& wlmsA "ok aed dubEel xlme] B4 o|akale) £i o)
50%l =& 4 lovk a#d Afele F algorithme] 14t Slg= FU3MA velz
o] Aol xE o] dAe] WAAFrE 5% ngkd Aol Modified Hadi's

algorithmol| 4] A}-#3l+= descending ordering ®4]o] &3}=o|c}

N

5. o

Brownlee (1965) ] Stacklossz}&%& ~}-£3 simulationol|4] ZFZFskzba} (i)t
Mahalanobis Ag]( MD;),Modified Hadi's Algorithm-& AF&38t D; o] &3t v]z Hol
c}.

(H®) Stackloss A=

A X1 X2 X3 Y ri MD;  LMSi D
1 80 27 89 42 1.193 2.25 6.85 8.2233785
2 80 27 88 37 -.726 2.32 2.64 4.8137877
3 75 25 90 37 1.546 1.59 6.62 7.0852096
4 62 24 87 28 1.882 1.27 7.83 6.0708259
3 62 22 87 18 -.542 0.30 0.10 0.6393562
6 62 23 87 18 -.965 0.77 -0.17 0.4753786
7 62 24 93 19 -.834 1.85 0.82 2.1659976
8 62 24 93 20 -. 485 1.85 1.64 2.7666451
9 58 23 23 87 -1.046 1.36 0.00 0.245927
10 58 18 18 80 - .437 1.75 0.00 0.8376744
11 58 18 18 89 .884  1.47 0.63 0.9416001
12 58 17 17 88 - .969 1.84 0.00 0.3755046
13 58 18 18 82 -.480 1.48 -2.34 2.1367473
14 58 19 19 93 - 017 1.78 -1.00 0.427413
15 50 18 18 89 .809 1.69 0.97 0.467439

- 157 -



8 EMBEABME w3 23 (1994)

TG X Xo X4 Y s M [* 7 /]7& D,
16 50 18 18 86 .299 1.29 =0. 07 0.6582029
17 50 19 19 72 - 611 2.70  -0.49 3.7029301
18 50 19 19 79 -.153 1.50 0.00 1.6799549
19 50 20 20 80 - 203 1.59 0.63 1.0995264
20 56 20 20 82 .454  0.81 1.76 0.5160211
218 -6.87 3.1051625

21 70 20 20 91 ~2. 638

cutoff value : LMS; = 2.5, V¥iam = 3.06, I); = 3.06
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{Abstract)

An Algorithm for Indentifying of Multiple Outliers

Kim, Chong-Woo

Identification of multiple outliers is difficult because of the masking effect
‘and the swamping effect. Recently, among the various robust estimator of
reducing the effect of outliers, LMS (Least Meadian Square) estimator has
been to be a suitable method proposed to expose outliers and leverage points.

However, as you know it, the data anlysis method with LMS estimator is
to be taken the median of the squared residuals ‘in the sample which is
extracted the sample space.Then this model causes the trouble, for the
number of the chosen sample is nCp, i.e. as the size of sample space n
is increasing the number is increasing fastly. And the covariance matrix may
be the singular matrix, so that matrix is approching collinearity. Thus we
propose a procedure for the sampling in LMS method and study the algorthm

for finding the effective elementary set.
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