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Abstract :

It is well-known that the existence of outliers in the data will adversely
affect the efficiency of estimation and results of the current study. In this paper
four methods will be studied to detect outliers for the multiple linear regression
model in two cases : first, in real data; and secondly, after adding the outliers to
data and the attempt to detect it. The study is conducted for samples with
different sizes, and uses three measures for comparing between these methods .
These three measures are : the mask, dumping and standard error of the
estimate.
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1. Introduction :

There are many methods for detecting outliers in linear regression model as:

Elashoff (1972) studied the linear regression model. She illustrated the
existing outliers cause the bias in estimator and the high variance . Draper and
John (1981) illustrated the benefit of using the Cook Distance.

Pena and Yohai (1999) suggested fast procedure to estimate linear
regression parameters in case of existing outliers and how to detect it . Chen
(2003) detected outliers in multiple linear regression model. He depended on
many robust estimate methods such as (LTS) . Gal ( 2005) presented several
methods for the detection of outliers in univariate and multivariate . Karpinski
(2007) illustrated in his book the outliers and how to detect them by using several
methods .

Mishra (2008) studied several robust and non-robust methods for detecting
outliers in multiple linear regression ; he used a Monte Carlo method for
comparison between real data and theoretical data .

Asikgil and Erar (2009) tried to determine multiple outliers by using various
methods in the presence of masking and swamping effects for the linear
regression model .

The multiple linear regression model is as the following equation :

Y=Xg+€ . (1.1)
where :

Y : vertical vector (n*1) of observed response values.
X : matrix (n*p) of (p) regressors .

p - vertical vector (p*1) of regression coefficients .

€ : vertical vector (n*1) of error terms .

n : sample size .

The method of ordinary least squares (OLS) is the most widely used
technique to find the best estimates of (#) which minimizes the sum of squared
distance for actual observations to the regression surface under the assumption
(E~NID(0,6°1)); but if the data has outliers the assumption is not satisfied and the
estimate dose not minimize the sum of squared distance and will not be optimal .
In this case, we must firstly detect outliers and treat them and then apply (OLS)
method or we can estimate (f) by robust methods of estimate instead of (OLS)
method.

Outlier : we can define the outlier as; the observation (or subset of
observations) that appear inconsistent (extreme) with the remainder of the data
set and has a profound destructive influence on the statistical analysis ; and in
linear regression model is not necessarily be extreme ( Barnett & Lewis 1994) .

There are several types of outliers in linear regression :
i. In X-Space : If one or more of the observation values lie far away from
the group observations at the (X) axis .
ii. In Y-Space : If one or more of the observation values lie far away from
the group observations at the (Y) axis .
ii. In (XY) - Space : If one or more of the observation values lie far away
from the group observations at the (X) and () axis.
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Care should be taken in detecting the outlier in set data to prevent masking and
swamping problems ; where :

masking ; the unable of the procedure to detect the outliers , swamping; consider
the clean observations as outliers (Adnan and others 2003) .

2. Methods Of Detecting Outliers :

There are various methods to detect the influential observations in linear
regression model. Some of these methods is to detect a single outlier and the
other is to detect multiple outliers (single — row diagnostics). The single — row
diagnostics can be extended to include subset of observations rather than a single
observation (Belsley & Welsch 1980). In this paper, we will use some of widely-
used measures that depend on the single — row diagnostics as the following :

2.1 Mahalanobis Distance : (McLachlan 1999)-(Mishra 1994)

Mabhalanobis proposed this measure in (1936) to detect contaminated or
outlier data points in linear regression model . His measure has played an
important role in statistics and data analysis .

The generalized distance can defined as follows :

D, = J(J’; — EQ’;))JS*(J& —EWD)) e @.1)

Where :

S : covariance matrix .

We will reject the null hypothesis; and the observation will be outlier
when :

2 2
Di > x{n—*p,aj
In the linear regression model can compute the distance as the following
equation :

D, = J(j“ﬁ-—j_?) e e 1) J 2.2)
Where :
j_“’l- : forecasting value .

¥ : forecasting values mean .
We can compute Mahalanobis distance in many statistical packages like
SPSS .

2.2 Cook¢s Distance : (Cook 1979)

In (1979) Cook presented a method to detect the influential observation in
multiple linear regression which is based on the measure of the distance between
(5) and (f8;) as follows :

D. — (Bi—F) Xx(B;—B)

L psz

= F@Jﬂ_%l_af] ceeeeens (2.3)
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Where :
B : denotes the least square estimate of (8) .
[, : denotes the least squares estimate of () with the (ith) point deleted.
SE

= = ceeeens (2.8)
n—p
If the (Di) > Fpn-p,1-a) ; then the (ith) single — row is an outliers .

2.3 Serbert, Montgomery and Rollier Procedure (1998) :
(Adnan et al, 2003)

They considered a procedure to identify the outliers in multiple linear
regression by using the (OLS) method and the single linkage clustering method ,
where :

The cluster analysis is a method for detecting a natural groupings of items
or variables where the items show a high internal homogeneity and low external
homogeneity. It includes two groups: hierarchical and non-hierarchical,where
the hierarchical method divided into two types :

I. Agglomerative hierarchical method :

It starts with (n) clusters and ends with one cluster which contains all of

the data points . (This was conducted by Serbert and et al) .

ii. Divisive hierarchical method :

It starts with one cluster and ends up with (n) clusters with each cluster
contains one data point .

The single linkage clustering method : It is a method that depends on the
smallest distance between a data point in the first cluster and a point in the
second cluster .

Serbert et al method depends on the following steps :

i. Find the standardized predicted values (depending on the OLS) .

ii. Grouping the data set by using the single linkage clustering algorithm
(Agglomerative hierarchical method) with Euclidean distance between pairs
of standardized predicted values , and this can be graphically shown in the
form of a dendogram or tree diagram .

iii. Number of the clusters depend on the height of the cut (stopping rule) ;
which determine as the following equation :
ch= h+ks, . (2.5)

Where :

h : Average height of the tree .

k : constant .

Sk : The standard deviation of the heights .

iv. The clean data set is the largest cluster formed. It includes the median , and
the other clusters contains the outliers .
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2.4 Adnan , Mohamad and Setan Procedure : (Adnan et al 2003)

Adnan et al (2003) proposed a modified procedure of Serbert et al, where
they used the robust fit ( least trimmed of squares (LTS) instead of the ordinary
least squares (OLS) fit; then they applied the backward steps of (Serbert and
others) procedure, depending on the standardized predicted values or the
residual values .

The (LTS) : It is a method of robust regression estimate proposed by
Rousseeuw (1984). It minimizes the sum of squared residuals by selecting
smallest (m) of residual and (n-m) residuals are deleted ; and then find the
estimators, depending on the (m) observations which satisfy the objective
function as the following :

Ming 372, e] (Rousseeuw 1984)

Where :

m=(n/2) + ((p+1)/2) e (2.6)

The (LTS) has a high breakdown point of up to (50%) ; which is the
highest possible value . (Georgiev 2008)

Breakdown point : It is the smallest part of unusual data that can cause
to false the estimator .

3. Application :

We will apply a aforementioned methods to detecting the outliers :
Mahalanobis , Cook , Serbert and Adnan ; and we will use three measures for
comparison : masking ; swamping and standard error estimate (which calculate
after delete the outliers), we study one of an important disease that infects the
people; which is called ( Hepatitis Disease ). It will represent the dependent
variable . This disease depends on four tests to detecting it :

I. Glutamate Oxaloacetate Transaminase (G.O.T) .
ii. Glutamate Pyruvate Transaminase (G.P.T) .

iii. Total Serum Bilirubin (T.S.B) .

iv. Alkaline Phosphatase (AlK) .

They will represent the independent variables .

In this paper, we will study several sample sizes , small (n=25) ; medium
(n=50) ; large (n=150) and for two cases : firstly real values of observations; and
secondly, after adding (10%b) of outliers to this observations .

i. (n=25):

We will apply the four detecting methods to the real observations which
appear in (table 3.1), and to the observations after adding the (3) outliers in the
No. of (5,10,15) . The results for Mahalanobis and Cook distances are shown in
the table (3.2) .
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The dendrograms for Serbert and Adnan for the real observations are
shown in figures (3.1),(3.2), respectively; and the dendrograms for the
observations after adding the outliers are shown in figures (3.3),(3.4),
respectively .

Table (3.1) Independent variables (n=25

No. Diseased | G.O.T. | G.P.T Alk T.S.B
\ no \v 'Y 1y 1A
2 yes 13 ¢¢ AN \A )
Y no "1 \ ¢ Ve A A4
¢ yes Yoo () YAS Yov, .
° yes VYo Yo VAY AY,»
1 no YA A\ 44 1A
% yes Ve e Yey QA
A no ' 4 A VA o
! yes A Yyy Yva \ER )
Vo yes q. {0 LA Ty,
AR yes a1 Yvy Yoy Yey,.
VY no Ve \ ¢ T oy
'Y no 1 A Qe Ao
\ ¢ yes A Y v Yy¢ AR
\eo yes ¥4 YA Yéenu Yev
1 no YA ) Yy Ao
\Vv no ° \s A Y.¢
‘A yes V€A YYA Yy oYy
V4 yes Vi YA ¢40 va.4
Y. no ¢ \s 130 1A
Y no \V "1 V¢ o
Yy yes Yoo \VY YV YEY, o
Yy yes 'Yy Yy YYA Yo,
Y¢ yes A Yée YAA ¢4.0
Yo yes Ye Yo Yé¢o Yyv.e

Reference : Educational Babylon Hospital for Women and Children
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Table (3.2) Mahalanobis and Cook distance (n=25)

No Before After
' Mahalanobis Cook Mahalanobis Cook

\ VY. 44A0V ey VY, o0 XYY EEAN
A\ V.YV EY o ATRA V. YV.oyY DEREEE!
s V.oevayy R4 AN AR voee NN
¢ T,ee e YA voelye T e YAYY RO
] £.9Y4A)0 voeVEve CAEYAN VYYARY
h CVeAY S DEEEEN A & 1 DR
\s Y.viav. o048 Y. VVAVY VoY
A VN EVAA v YV ed yavat. e iy
q v.aarye e VA AR ARRE1 voeeYAY
Vo V. AV v,ed0.48 V.YV DEAE AN
AR YYVEA DR AR A NN-A Voo VYVY
‘'Y Y.Vvivy R R Y.vieen Voo \Y
\Y Y.UAAYe SERRRN Y. R4AVA, Voo YAYR
V¢ §.YYVAS veYeoy §YPELY R AR
Vo VY AT oY oAR VAT YAe VY04AY
' VYo MAeNY vEVYe Yo VYVYe Ve YVey
ARY% VY. EAANVY I AR A B R v o)Ay
‘A V.YYYVe voeYeo \.YEYe Voo EAY
V4 y.yavas ARG VLYYYYNY Ve e YAS
A Y oa\vy DI IO ASER R R R |
Y V. Yo VA YV Y. Yevny DR
Yy ~./\\'O\'Y ~_~~/\B'ﬁ ~./\V\Vi ~'~~\if'
Yy V.evY40 e Y EAY V.E0Y voeeVde
Y¢ A AVVY DERELY q.qvreva L A04ve
Yo y.ynagy DERELLY VYAY R Ve YeyY

Figure (3.1) Serbert before (n=25)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25

Label Num + + + + + +
1 -+
12 -+

13 -+
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Figure (3.2) Adnan before (n=25)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +-----+ + + + +

N

~
I T T T T T T T T
e A L S
+ 4+

(2]
R N T
++ t o+ + + + +

Figure (3.3) Serbert after (n=25)
Rescaled Distance Cluster Combine
CASE 0 5 10 15 20 25
Label Num + + + + + +

'+;44#44#44#
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Figure (3.4) Adnan after (n=25)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------- + + + + +

9 -+
16 -+
12 -+-+
1 -+|
22 -+|
4 -+
11 -+

Table (3.3) shows the summary for the methods and contains (7) columns :
i. (Case) : Represents before and after adding the outliers .

ii. (Method) : includes (non) i.e without depending on any method for detecting
outliers , and the methods of detect .

iii.(ch) : calculate the (ch) value by the equation (2.4) for Serbert and Adnan
methods .

iv. (Outliers) : The outliers detected by the methods ; where they are all
compared with Mahalanobis distance (X2(20,0.05>:31-4) , and Cook distance
(F(5.20005=2.71) . Both methods can not detect any outliers in the two cases .
Outliers are detected by Serbert and Adnan , depending on (ch) value .
Differences are found between them for (before) case, and same results for the
(after) case .

v. (Masking) : Mahalanobis and Cook have masking for all the adding outliers ;
but Serbert and Adnan have only No. (15) .

vi. (Swamping) : Mahalanobis and Cook did not have swamping ; but Serbert
and Adnan have the same swamping in the No. (13,14,24) .

vii. (Std. Error Est.) : Adnan has (0.09) ; which is less than others for (before)
case , and for the (after) case Serbert and Adnan have (1.2) which is less than
others .
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Table (3.3) Summary (n=25)

Std.
case method ch outliers masking swamping Error
Est.

none - - - - 0.2

Mah. - - - - 0.2

before Cook - - - - 0.2
Serbert 8.6 (16,17,20,21) - - 0.2

(3,7,16,17,19,

Adnan 11.1 21,25) - - 0.09

none - - - - 1.58

Mah. - - 5,10,15 - 1.58

after Cook - - 5,10,15 - 1.58
Serbert 9.9 (5,10,13,14,24) 15 (13,14,24) 1.2

Adnan 9.9 (5,10,13,14,24) 15 (13,14,24) 1.2

ii. (n=50):

We will apply the detecting methods to the real observations which are
shown (table 3.4) , and to the observations after adding the (5) outliers in the No.
of (1,10,20,35,45) . The results for Mahalanobis and Cook distances are shown in
the table (3.5) ; the dendrograms for Serbert and Adnan for the real
observations are shown in figures (3.5),(3.6), respectively. The dendrograms for
the observations after adding the outliers will are shown in figures (3.7),(3.8),
respectively .

Table (3.4) Independent variables (n=50)

No. Diseased G.O.T. G.P.T Alk T.S.B
1 yes 80 AR A YYA Yey,
2 yes Y4 A \Al V~_°
3 yes Y¢ Yo YA AR
4 yes Yy YEA ALY £V A
5 yes o A4 YV ¥y
6 yes Yv vy AR YY.e
7 yes LA YV Y.V A AR
8 no ° ¢ AR oA
9 yes 1y ¥y Yot Yé,.
10 yes v Yay £AN Ao
11 yes ¥\ o V44 AR
12 yes a1 Yy YoA AY Y
13 yes VA L& YeA Ao o
14 yes AR YA Yoy vy
15 no \o AR . v.¢
16 yes Vot [XX; YEA [TEI
17 yes AKA ¥y V44 e
18 no 1 A Voo Y.t
19 no 4 A Y L)
20 no ° o v Ao
21 no V4 Y AA 1A
22 yes Yy VA Yey Ao e
23 no \R% 1 14 oy
24 yes Yv A £4. AR
25 no q ° AV ALY
26 no \Y VY Y A
27 yes £ £t (AN vy.e
28 no "1 V¢ VoA A4
29 yes Yoo ¥ VA4 Yor .
30 yes AR A VAY AY .
31 no VA Y 44 A
32 yes £ Yo Yey QA .
33 no AR YA VA L
34 yes Voo Yyy Yva Ye¥.o
35 yes q. q0 oy Y,
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36 yes M Yvy Yoy AEA N
37 no B Ve X o ¥
38 no 1 A 4. Ae
39 yes A KR Yve YV
40 yes Ya YA Yén Yex
41 no YA " (X2% Ao
42 no ° v LA Y.¢
43 yes VEA YYA Yayv AR
44 yes va YA ¢40 V.4
45 no ¢ A £ 1A
46 no VvV 1 Ve¢ LR
47 yes AR \VY YV \EA
48 yes \ry Yy YYA Yo .
49 yes A Yet YAA £4.0
50 yes ve Yo Y¢o ARR'AR

Reference : Educational Babylon Hospital for Women and Children .

Table (3.5) Mahalanobis and Cook distance (n=50)

No Before After
) Mabhalanobis Cook Mabhalanobis Cook

\ VY eovén RV .k YY.R.vyy VAYARE
¥ V.Y .0 vaViee APER A R
Y L AYARY v etony CAYAYY DEERRK]
£ T EVAA e VAAe ¢, vVava. EOERRL}
° Y.Yeyy. VYA YAYEEA voealeo
1 R AL oAty iYYe. et
v Y AAREY e 8A Y.evy.rs oo
A yaarvy e VeSS VAYEAS voeeeVE
4 £ YOAVO e YAS £.67174¢ e 8
\0 A O vEAY ve0h4) AYiacy LAELTA
AR v, 0004Y e YoAe DRCA Y X ]
‘Y Y.EVYTA Ve e Y.EVEYY v VA
\Y Y6401 DRV XA Y. ANYA DEEREA
Vé YoeYys. ey Y.ovY v e tof
Vo AN ER R DEEEAA V. Yevyn REREL
"1 4.414vs YRR . vevit eV EVY
AR Vv.4a.v4a1 v,ee008 ARTA LN o YAYY
‘A V. yvavay voeetlo AR ARV e AA
AR} V.Y AWY v EVA AR A ARY Ve AY
\K) Y.AYovy vV ed Y. 64V EA AYYYY
AR VYYRAY e gY VYAYYS DEEREA
Yy AR YA e QA8 ARYYY Vv A
Yy ABCERE A e ten V. EYYYA OEER A
Yé V. e1vay voee Y EA V. Yvery EERKAY
Yo Y ravee Ve YAY V. YARYY O B
A& V. 0AVY. e YAY V. EAG 0 v e
Yy a.vavay O q.¢4%A e AYR
YA V.v 4700 vee0A8 AP LAY DEEREA
Ye YO VYYYA IR R KA \yY.avdae v eYle
e £V 67A4 O E-E FRrYE S
v VAYEYS Ve 0t AY 'A% R
vy APCA R R IO V. oA IO R
vy YL ravyyY DEEEALR! ARARYAS DEREXAY
v Y.¥.¢o04 veaeYY Y.UAAER DO |
e 1y.44vY) DRRREZA a.0vYV. OAYEY
i LA ALE e YAYe ar.ye voeYoty
vy Vy.aYver v e  YVA yovyyy Ve AY
YA V. riVey DEEEA RS V.YONAY DR KR!
ve Atedn eV sy VY. IR |
1 o N VYA v,oe0d4¢ £.4TAA voraae Y
£ +A0A8 DRV CAETEA RO
¢y \REARRY voeadye V. 6040 I
12 TANEEEE DEERY .} o \vien v AVYA




Y. Detecting Outliers In Multiple Linear Regression

X o.varey ety ARARARY Y EE)
¢0 AR AR AL Y.EAYeQ DARRRAY
A v.4%00) vl VL A0AYY vty
1% AR AREY ERE AR AR AR KRG v o044
A 0.0 AY e Yvy £YEY LY DERRR R
¢4 £, v eea iy ¢ YAOAS DEERREN
L AREAAK e YVey Y. raeve RN

Figure (3.5) Serbert before (n=50)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +--------- +--—-————- +--—-———- +--—-———- +-—-—-—————- +
24 -+
49 -+
34 -+
29 -+
35 -+
12 -4+
43 -+ |
1 -+ +-+
27 -+ | |
13 -4+ |
14 -+ | |
47 -——+ +---+
4 -4t |
22 -+ | |
39 -+ ||
40 -+ | |
9 —+—+ | |
48—+ | | Ammm e +
17 -+ |
30 -+ +-+ | I
7 -+ | |
5 -+ | |
10 —+-+ | I
16—+ +-+ | |
36  --—+ +--—+ I
44 - + |
20 —4-——+
45 -+ |
a1 -+ |
422 -+ |
I + I
46 -+ | ! !
26 -+ | ! !
37 -+ | | |
18 —4-——+ | [
21 -+ |
19 -+ |
38 -+ o= + I
15 -+ | | |
33 -+ ! ! !
25 -+ ! ! !
23 -+ | | |
28 -+ I oo +
31 -+ |
8 -+ ! !
6 mmmmmmmmmm oo + [
3 e + |
11 -+ +-——+
32 —dmmmmmmm e +
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Figure (3.6) Adnan before (n=50)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------- it it it +o—m - +
15 -+
19 -+
38 -+
21 -+
25 -+
33 -+
18 -+
23 -+
26 -+
37 -+
28 -+
31 -+-+
2 -+ |
46 -+ |
41 -+ +--—-- +
42 -+ | [
8 -+ | +-+
20 —4-+ I
45 -+ I
6 —mm—m—-m- + |
3 - et +
1 -+ [ [
32 —4mmmmmmeeo + |
50 -+ |
10 ———pmmmm——m + |
4 -+ [ |
14 -+ [ [
36  —+---+ e it
——————— +
13 -+ | [
16 -+ | [
4 -+ |
5 —t-——t---—- +
22 -+ |
7 -+
39 -+ |
9 -+ |
30 -+ |
27 -+ |
17 -+ |
40 -+ |
1 -+
48 -+
34 -+
47 -+
24 -+
43 -+
29 -+
12 -+
35 -+
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Figure (3.7) Serbert after (n=50)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------- t-——————- - o o +

25 -+

50 -+

18 -+

19 -+
26 -+

2 -+

8 -+

37 -+

34 -+

42 -+
23 -+

31 -+

33 -+

15 -+
28 -+

39 -+
21 -+

6 -+

32 -+

41 -+

11 -+

46 -+

38 -+

40 -+

9 -+

13 -+

30 -+

24 -+

3 -+

12 -+

49 -+

20 -+

22 -+

45 -+

7 -+

4 -+

27 -+

44 -+

5 -+

14 -+

16 -+

36 -+

10 e +
47 -+ |
29 -+ |
43 -+ I
35 -+ I
17 -+ |
48 -+ |
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Figure (3.8) Adnan after (n=50)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------- o o o o +

4 -+

12 -+

49 -+

7 -+

22 -+

40 -+

30 -+

14 -+

27 -+

9 -+

50 -+

10 -+

39 -+-+

13 -+ |

44 -+ |

34 -+ |

24 -+ |

8 -+ |

42 -+ |

2 -+ |

3 -+ |

41 -+ |

46 -+ |

38 -+ - e +
19 -+ | |
25 -+ | |
28 -+ | |
31 -+ | |
18 -+ | |
20 -+ |

45 -+-+ |
23 -+ | |
33 -+ | |
37 -+ | |
15 -+ | |
26 -+ | |
21 -+ | |
6 -+ | I
32 -+ | |
35 -+ | |
29 -+ | |
17 —-+-+ |
48 -+ |
11 -+ |
5 -+ |
43 -+ |
16 —tm———————— + |
36 -+ +-————————— = + |
47  —————————— + +-+



Y¢ Detecting Outliers In Multiple Linear Regression

Table (3.6) below shows the summary for the methods where they are all
compared with Mahalanobis distance (x’¢s005="1.4) , and Cook distance
(F.¢0,005=2.¢Y) . Both methods can not detect any outliers in the two cases .
Outliers are detected by Serbert and Adnan , depending on (ch) value .
Differences are found between them for (before) case, and same results for the
(after) case .

Mabhalanobis and Cook have masking for all the adding outliers ; but Serbert has
only two in the No. (20,45) ; and Adnan has in the No. (10,20,35,45)
Mabhalanobis and Cook did not have swamping ; but Serbert has in the
No. (17,29,43,47,48) ; and Adnan has in the No. (5,11,16,36,43,47,48) .
Serbert has (0.23),( 2.14) Std. Error Est. before and after cases,
respectively ; which are less than others .
Table (3.6) Summary (n=50)

case method ch outliers masking swamping StdI.EISEtrror
none - - - - 0.26
Mah. - none - - 0.26
Cook - none - - 0.26
(3,6,8,11,15,19,21,23,2 ] i
Before Serbert | 7.7 5,28, 31,32,33, 38) 0.23
(2,3,6,8,11,15,18,19,
20,21,23,25,26,28, 31,
Adnan 6.3 | 3233137, 38,41,42,45, - -
46)
none - - - - 3.32
Mah. - - 1,10,20,35,45 - 3.32
Cook - - 1,10,20,35,45 - 3.32
After (1,10,17,29,35, 43,47, 17,29,43,
Serbert 11.6 28) 20,45 4748 2.14
(1,5,11,16,36, 43,47, 10,20,35, 5,11,16,36,43,47
Adnan 8.4 48) 45 48 3.46
iii. (n=150):

The observations appear in (table 3.7) ; and adding (15) outliers for the No. of
(10,20,35,48,65,70,85,90,100,108,115,125,133,140,148) .

The results for Mahalanobis and Cook distances are shown in table (3.8) ; the
dendrograms for Serbert and Adnan for the real observations are shown in figures
(3.9),(3.10), respectively ; and the dendrograms for the observations after adding the
outliers are shown in figures (3.11),(3.12), respectively .
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Table (3.7) Independent variables (n=150)

No. Diseased G.O.T. GP.T Alk T.S.B
\ yes eo AR YYA YEY, .
¥ yes Y4 A (A Y.o
Y yes Y¢ Yo VA Yy
¢ yes Yy YeA V4A £V.A
0 yes o A4 V. A
1 yes Yv Yv AR Yy.e
\ yes LA YV Y.V AN
A no ° H yr1 e.A
q yes 1y AR Yot Y .
Ve yes vv Yy £AN Ao
AR yes v o V44 CARG
\Y yes 41 vy YoA AY Y
(K3 yes VA [ZX YA Ao
V¢ yes AN YA Yo\ vy
Vo no Vo AR q. Y.¢
1 yes Vot vy YeA YEY o
\V yes \ov AR ARR A
VA no A A Al Y.t
AR} no 4 A Y o
\ no o o i Ao
Y no V4 Y AA A
Yy yes vy VA Yey Ae o
Yy no \Vv 1 14 oy
Y¢ yes vy A £4. AR
Yo no q e AV ALY
s no Y 'Y Ty A
Yy yes £ (%3 AN Vy.e
YA no 1 13 VoA A4
Y4 yes Yoo Y. VA4 Yoy .
Yo yes Voo L YAY AY .
¥ no VA Y. 44 A
vy yes £ Yo ey LR
vy no V4 VA YA L
Ye yes Voo Yyvy Yva YoX.e
Yo yes . q0 AN Y,
¥a yes a Yvy Yov Ve .
rv no \o V¢ e o.v
YA no 1 A q. As
ra yes A Y1 Yye AR ¥
£ yes Y4 YA Yéu Yey
£ no YA (5 (R2% Ao
£y no ° v Vo Y.
iy yes VEA YYA Yy ’XK3
¢¢ yes Vi YA ¢40 vi.4
¢o no ¢ \s £ 1A
£1 no \WV ‘1 VE¢ o
¢V yes Voo \VY Yv. YEY o
£A yes \YY (XX YYA Yo,
¢4 yes A veg YAA ¢4.0
o yes Ye Ye Yva ARRR)
o\ yes M ¥l YAV rv.a
52 yes ¥\ Y4 ARS YA
53 yes Yo Y. VeV A
of yes Y4 q¢ vy Yo,
o0 no e ¢ ARK] Y.e
o1 no VY Ve \YY I
oV no K ¢ a5 Y.y
oA no o o AR R Y.¢
o4 yes L o YaA A P 1
T yes Yo yva Yav YV,
W no AR £ AR vy
1Y no v ) VY Ao
i yes o €A AR Yo¥,.
¢ yes £A £A VAR Yo¥..
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e yes YV AN LI A
A no ‘Y ¢ \YY Ao
b3 yes \Y¢ YIA V4A AY .
A yes LA Yu¢ ARR AR
A yes Y4 (K Vo oA
' no 4 v ¢ ALY
\Al yes Yo Y AR AA,.
vy yes V¢ Yoo oY Y.o 0
X3 yes o Yo. £41 YYo v
Ve yes ARA YAY £.0 AV, &
Ve no A A ¢ .0
v yes Yo. Yo. ¢4 Yoo
vy yes YY¢ Yt Yay Yio ¥
YA no q A A .t
va no AR v 14 A
A yes 13 AR Yo AR A
A no A 1 ARK v.v
AY no Yo q LX) .0
83 no A Ve Vo K
A no Yv q AR A 4
Ao yes VE¢ VAE AR VYA
AR no Vo ¢ \yy o4
AY no q q AR Ao
AA yes \ve Yéo YA LA
A4 no A 'Y \Yy A
q. yes VYA £¢ Yoo Ya..
9 yes VEA Yo Y AQ Yoo
Y no Ve A3 ARK1 \¥ L
ar yes Ye Ye £y VAN
q¢ yes Yo. £YA Yen Yv.y
q0 yes ARE Yi¢ Yy ¢A0
an no \Vv A oA oY
v no Ve Ve VA oy
aA no Vo ¢ VY. Y.e
44 yes o 'V Y4y YA
[ no ) ) Vo Yo
(K no XY v qy AN
AR no Vo ° VY oA
Yoy no VA V4 Veo YA
Vot no \Y v VY Ao
Voo no A 4 A¢ Ao
Ve no V4 ° VoYX LI
VoV no Ve Y. RN Ao
VoA yes T vy 4 YY.o
AR yes AY ‘Y VY YAV
RN yes £ \Al Va0 4y
ARB yes Vot YV Yoo VAA
ARR no Vo o VY. Ao
ARR2 no A Ve ARA °.A
A\RE1 no 4 ¢ \EX) Vo ¢
Ve no b e vy Ve Y
RN no v A VY AR
(KX yes kB [T Yo. X
VYA yes A AA Yu¢ Yo
ARR) No VY A 4. oy
VY. yes VYo Yo €Y. YAN
ARA no A A ARAS q.A
‘YY no ° VY VY (X3
\YY yes VY Yot Yeoa Yo.o
\Y¢ yes V. XX TR to.0
‘Yo yes £y voy YVR V.o
' Y1 no A A o) Yo
\Yv yes £ £\ YYA YYY..
VYA no 1. ™ YaA Ao
yYa no ° ° YYa Ao
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AR yes Ao £Y¢ Ya. ARRAY
AR ] yes ye \ Y. Ya. YAe
\YY no Ve YA '\ Y. Ao
'Yy yes Ye AA V4. YA
\ve yes Vot £ \AK) YA
\ye yes VYo tYy YoV oy .o
AR yes Yy YYA Yi¢ VA0
'YV no £ 4 Q. Ao
YA no \4 4 VYou VoY
R no \e Ve o, vy
Ve no A 1 Ao AR
V¢ no q o AR 1A
Ve Y no A v AR LR
VeY yes Ye Y Y. Ya.
Vé¢ no AR ° Q. o
Veo yes A Yyy Yye Ly
(K no A 4 RN 1A
VeV yes Yo Yot Vou Y4.¢
VEA yes oY Y. a. LA
V¢4 yes VYoo YA AR \AA
Vo yes ¢V Yoo 12 Y..o

Reference : Educational Babylon Hospital for Women and Children .

Table (3.8) Mahalanobis and Cook distance (n=150)

No Before After
’ Mahalanobis Cook Mahalanobis Cook

\ YV AQVRA oo e \V.Y VAL CORIOIE
¥ Ve 80Y eV ed LAYy v eed
Y DT AR DERER YA vevyyy DO |
£ £.01Y.4 ERARRL} £.YYanyY |
s ¥..rree TR ¥.oToA. s
1 LJreuxt oo ARA YYYey ORI |
v Y.AVALQ CURIE O raaYey veaeed
A L AAARe R RRR} CAYOYY vy
4 £.0.4\Y Ve Yed £ VYAAY v ed
A\ v,eeyyy vy YAVYEYA R ¥
AR YA e TAY LEYYAL O]
\Y Y. AdE Y DY Y.YTAVY IOERR RS
‘Y Y. ouvyy IORREA} £.0YV4A ORI |
V¢ Y.a04vi ORI Y.YYANA R R
Vo AN EE Ry YA ey
‘1 YA YV Y E voaYadn AL E2 R IOERREA
WY o VoVAY vovaeed FAVeEy Ve AY
YA +Arvas VoA DULAREY O I
V4 Lavedn CRORRAY CAYVYY v
\K) V., 0470 Ve Y Yo lveot CYRAS
Y\ L ATeVA veendoe LVYYe. voeeaed
Yy AR A e tey AR EARY S RN
Yy \EARA! IOERRAY avyyy vt
Y¢ V. AACAY e VAY AdVYey IOERR
Yo aevay Ve VyY CARYYA VoA
AR} VAYCAY Ve e AR Y\ voraeet
Yv .74 DREEAA! VY. NY40. ety
YA WLVYYVE DRERRE LAMTNE DREREA
Y4 VY, «4A00 eVt LAY O R A i
Yo £VaaVY e Y o YVYANR DR A
v LYEAVY DRERRE Ve YA voraeet
vy V. avage e dry VIAYRA e
vy AL 20N DREERA! v ALvey vorraed
v £.9Y VY ORI ) rY.vvets VoA
Ye A ¥ve.e ORI ) AY.YVe DR RV
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i VA VYAERA DERR R V€464 DREREA
rv V. VeVVA ooy VoY YAY EEEERS
YA AVeeY e Ve AANERA Ve
Y4 AL Ve Ve V.every R
£ £ EATYE R 2 £ YAOVY IO |
£ AR EEE EEREAY CA'A ] REEEE
¢y avng vV ER L AERAY DEEERE]
£y S NYAAR ety Y AVYYY IO ¥
£t CRAR A O iR ARAAEL DR
£0 V,000.4 CPRION o 1 AR AR VoA
£ LIV voeeton VAot Vv e
(2% Yo ravres IO 1 Vo MY YAL O I
£A £NEYEY VoYY YAVENQY laven
¢4 £YYYY) Vv £ VYAVYY DRERAR
o Y.avYa. DO I Y.a¢44v I
LAl Y.AEAAE DREERE] v hoedy DEEERS]
52 LEYYRA Ry §VAYYY IR
53 ETE AR v ordey ORI |
ot Y. Yevva v Y v.éoVet I |
L] DARRA N e dy CAYATA e )y
el YYéve R RR levoed vorea A
oV LAVAgY v VA AYOY. P
oA Averd Ve dn CAYAYR RO R
o4 CRAZEE e 81 ARARRA I
T Y.NOYVA e 8 V.4YAoY |
AR ANVY. YY) oo YAey £.07Y. 1 IO 1
1y L AEYYS R R 1 DARRRA} e )y
iy \AARRR v Yoy 0. 4A44) IO 1
A% v.,veieo e YAAS 6. 4vaY. ORI
“e ge AeY e v AACAY V.14 8088
1 veary DEERRE lagey ORI
1y o vtoVE ey RLEEA Ve
1A Y. Aedy. e VAR Foeryys CORIOIE
14 LV OVA DRRRREA v, 004A% CURIIIS
\X LAaray e Ay AR 2RSS EYAAY
\A VY YACAE vee000 IRSCER A K
vy A EACAY voeVedy a.VV¢e0 voeea vy
vy VYRIAAYY veragy VY. ey v AA
V¢ Y. \vaet voevYVe Y.OAMVVA VoA
Ve Aevet VeV VAV OYY Ve
Vi Y. ovvay CLYVANY VEVA.LAY v YvY
A% V1,94 YA¢ vetlYe a.Yev. v YVY
VA Vo YEAY DI ¥ 4 AEYYY Vv A
va YAYYYE DRRREAY AR R ey
A AR TAAA) R EL VLYYYAR DRI |
A DAATE RN YAYAAY O I
AY \Yevvy Ve VY AFCRYIRR DO
83 Ao v Ved CAYORE RO K
At VAERVA VooV EA TATYVY vt
Ao A 0ER4A IOV XK Y. 001 VA L EAYYR
AR DAAEAA voenVYe Vaety v ed
AV AYYVY ORI Vevy. voeeeed
AA Y.VéLhe VYo y.ravay AR
A4 JYAdva (OB R KA DAARR NS O I
a. A Aoy Yy \FAYYYA LYAVA
a9 AEAARA v e 0VeA V. aetyY v Yyy
ay £.EVVAIA v eYeve v.e104) IR A
ayr V. 641 ¢7 vaYovry y.aavay DRERRL]
¢ YY.VV.YE v tVYe VY AYYAY voedAgE
e Y.EAOT IO R V.44 oYy
" V. Yeto00 ey AIEARY vorraed
v AoA ORRY AEdo et
aA LYate DEERARYA DRAARA Y vora oA
a4 L A4VA Ve YER VLYY DRI |
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A LAEYen Ry S Y éVve v ataYe
AR DR AR e YYY A RARA] REEEE
VoYX JVevye e\ YY UTARYA vl
AR A XEE DERRRA W Mteot BREREA:
Vot VEVYS e VY AVeVvA vl
Voo LAAGY VeV AR EEEEE!
AN WAEEVS Voo A DR RTE] vt
VoV AR K O R ARAEE] vl
VoA V.Y YOA VYA AR YN Y
Vel V. Mveet vede VYTV e YA
ARK) L OAYRY AR DA TR DR
AR AR TRE-A] IO | AR O I
MY DAZA RN e VY veve oA
"y DALY DEERRE LVYVYY DEEERR
ARE LVVe Y OER R VY OA e VY
Ve AR A AR] RO ¥ VY APEEA eva
AR RAavy e \Ye U EAY Ve
VY y.vvevyy e CUeEAY vl
AREA) VAV O V. ¥YeYA vt
ARR L AYE4RS e dy DAA A E] et
‘Y. LR ARRE BEEEAA o .¥aEA voeeedd
AR +Vaede e VYY VYARR e )y
\YY AR A} A ANCEARRY ORI
\Yy IARAER] O Y ANCEARNY v eed
VYé £ AVARY D £.V40AY ey
\Ye A EARSY v Ay y.ryevs ALY
AR V. Yeovy Ve gy VL YEVAR ey
AR \ARW.ERS A DR AL V.YEVAR ey
VYA Y EVAY . oo VARY y.eq0.V IOERRAY
ARA ATEOA v VY YAYAR eV Y
‘Y. V.YAARY DERREA} V. Aov.4 R
AR Vo080 Ve EEA AR EELN I
'Yy Lyayy el Y gy e
\yy o AAYY e AN V. £TAY e EVAL
AR V.YVVAY DRI Va1 Y voeeaVyY
\Ye AY¥iYesd DEERRAY AVagey IORRRAY
AR AYATEA Ve EVY V.,h.ve O]
AR V,eYYYS vV 414 O I
\YA LAYYe e VA DAY ARR! v ed
AR AR AR RR Ve oy VY CEAY ey
Ve AVeEYe ORERAY 8. YVYAe e Yazy
AEA! IMEARA voree 00 V.o E0AY vore oA
VEY ANV e ORRY X v AYod vl
ey VL, 004A0 DRRRRAY DAARY] voeeaee
Ve¢ Avany v Ve CAYYAT Vv A
Véo L AEAVA v \YY AR AL IR
K CAYYY Ve dy wveyay O I
A2 V.eoVin eV ENY v.yveaa e (T
VEA V. AvEve e Vave CAYLYY ety
V¢4 o, 074, e YA o YA LY oo
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Figure (3.9) Serbert before (n=150)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------- +-—————- Fommm— - +o—————— fmm———— +

55 -+
58 -+
33 -+
15 -+
142 -+
25 -+
105 -+
140 -+
144 -+
23 -+
38 -+
75 -+
18 -+
97 -+
100 -+
19 -+
57 -+
70 -+
79 -+
141 -+
96 -+
139 -+
26 -+
82 -+
37 -+
115 -+
78 -+
122 -+
137 -+
42 -+
116 -+
84 -+
114 -+
83 -+
56 -+
107 -+
102 -+
132 -+
86 -+
81 -+
129 -+
98 -+
28 -+
104 -+
103 -+
112 -+
89 -+
31 -+
121 -+

8 -+
66 -+
113 -+
62 -+
93 -+
21 -+
87 -+
119 -+
146 -+
106 -+
41 -+
46 -+
138 -+
101 -+
126 -+
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20 -+
45 -+
53 -+
148 -+
3 -+
61 -+
110 -+
69 -+
922 -+
6 -+
143 -+
108 -+
52 -+
59 -+
145 -+
7 -+
85 -+
40 -+
24 -+
150 -+
39 -+
95 -+
68 -+
136 -+
27 -+
9 -+
71 -+
11 -+
133 -+
32 -+
128 -+
109 -+
50 -+
118 -+
90 -+
91 -+
60 -+
99 -+
64 -+
131 -+
63 -+
22 -+
147 -+
54 -+
80 -+
4 -+
5 -+
29 -+
36 -+
44 -+
74 -+
127 -+
34 -+
123 -+
120 -+
135 -+
13 e +
10 -+ |
43 -+
149 -+ |
125 -+ |
14 -+ |
1 -+ |
51 -+ |
30 -+
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48 -+ |
88 -+ |
12 -+ |
117 -+ |
49 -+ |
134 -+ |
124 -+ |
17 -+ |
111 -+ |
35 -+ |
67 -+ |
47 -+ |
94 -+ |
130 -+ |
72 -+ |
16 -+ [
65 -+ |
73 -+ |
77 -+ |
- +

Figure (3.10) Adnan before (n=150)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------- +-—————- e +-—————- fmmmm +

57 -+
70 -+
15 -+
18 -+
21 -+
142 -+
119 -+
100 -+
75 -+
144 -+
19 -+
33 -+
105 -+
137 -+
25 -+
140 -+
97 -+
93 -+
38 -+
23 -+
78 -+
58 -+
87 -+
55 -+
106 -+
146 -+

8 -+
56 -+
66 -+
113 -+
116 -+
104 -+
129 -+
89 -+
107 -+
121 -+
112 -+
98 -+
132 -+

2 -+
101 -+
86 -+

102 -+
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81 -+
103 -+
28 -+
31 -+
62 -+
96 -+
141 -+
37 -+
82 -+
26 -+
79 -+
115 -+
122 -+
84 -+
114 -+
2 -+
a1 -+
83 -+
46 -+
143 -+
148 -+
138 -+
110 -+
6 -+
69 -+
3 -4
53 -+
108 -+
61 -+
92 -+
126 -+
139 -+
] J—
45 -+ |
11 -+ |
109 -+ |
133 -+ |
52 -+ |
72 -4+ |
73 -+ | |
50 -4 | H-———mmmmmmm e +
118 -+ | | [
64 -+ | | |
91 -+ | | |
4 -+ | | |
90 -+ | | |
63 -+ | | |
128 -+ | | I
32 -+ +-+ I
147 -+ | |
22 -+ |
131 -+ | I
85 -+ |
39 -+ |
95 -+ |
5 -+ | |
9 -+ | |
30 -+ |
136 -+ | |
yJ—— |
80 -+
60 -+
99 -+
54 -+
68 -+
145 -+ |
40 -+
4 -+
130 -+ |
77 -+
74 -+ I
94 -+
|
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35 -+ |
10 -+ |
120 -+ |
149 -+ [
48 -+ |
134 -+ [
1 -+ |
17 -+ |
59 -+ [
67 -+ |
12 -+ |
88 -+ |
117 -+ |
49 -+ |
51 -+ |
14 -+ |
36 -+ [
29 -+ |
111 -+ |
135 -+ [
13 -+ [
123 -+ |
27 -+ |
124 -+ |
43 -+ [
24 -+ |
71 -+ |
47 -+ |
127 -+ |
150 -+ |
125 -+ |
34 -+ |
65 e e +
76 -+

Figure (3.11) Serbert after (n=150)
Rescaled Distance Cluster Combine

CASE 0 5 10 15 20 25
Label Num +------ - o - o —————— +

126 -+
127 -+
143 -+
145 -+
111 -+
139 -+
12 -+
26 -+
79 -+
97 -+
124 -+
45 -+
21 -+
84 -+
119 -+
15 -+
106 -+
141 -+
31 -+
101 -+
103 -+
120 -+
78 -+
23 -+
33 -+
37 -+
114 -+
129 -+

3 -+
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81 -+
132 -+
53 -+
138 -+

6 -+
66 -+
67 -+
49 -+
52 -+
34 -+
69 -+
146 -+
107 -+
46 -+
116 -+
117 -+
86 -+
41 -+
74 -+
104 -+
137 -+
18 -+
102 -+
147 -+
87 -+
142 -+
14 -+
144 -+
118 -+
38 -+
112 -+
39 -+
98 -+
56 -+
75 -+
28 -+
57 -+
25 -+
105 -+
122 -+
123 -+
19 -+
62 -+
121 -+
55 -+
89 -+
58 -+
128 -+
113 -+

9 -+

7 -+
11 -+
83 -+
149 -+
16 -+
42 -+
68 -+
92 -+
115 -+
36 -+
32 -+
99 -+
40 -+
47 -+
63 -+
64 -+

4 -+
80 -+
13 -+
100 -+
110 -+

2 -+
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82 -+
109 -+
135 -+
88 -+
95 -+
108 -+
148 -+
125 -+
65 -+
30 -+-+
93 -+ |
134 -+ |
133 -+ |
1 -+
60 -+ |
4 -+ |
150 -+ |
54 -+ +-+
22 -+ | |
136 -+ | |
131 -+ | |
5 -+ | |
50 -+ | |
130 -+ | |
59 -+ | +-+
43 -+ | ||
51  —+—+ | |
10 -+ | |
76  —+ | mmmmmmm e +
77 -+ | | [
91 -+ | | | |
61 =+ | |
17—+ | Hmmmmmm e +
29 —4-———-- + [ [
140 -+ | [
71 —Hmmmmmmmmee + | |
73 -+ o + +-—m - +
27 -+ | | |
72 —dmmmmmmmmeee + [ [
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48 —4-—-——m- + I I
20 -+ e + I
35 ———-- -t [
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Figure (3.12) Adnan after (n=150)
Rescaled Distance Cluster Combine

CASEDO 5 10 15 20 25
Label Num +------- +-—————- +-————= o +——————- +

75 -+
137 -+
57 -+
19 -+
38 -+
90 -+
119 -+
106 -+
21 -+
105 -+
15 -+
144 -+
25 -+

8 -+
91 -+
41 -+
46 -+
114 -+
108 -+
31 -+
142 -+
18 -+
85 -+
148 -+

2 -+
103 -+
87 -+
28 -+
55 -+
98 -+
58 -+
146 -+
84 -+
62 -+
133 -+
81 -+
104 -+
56 -+
112 -+
113 -+
129 -+
143 -+
86 -+
110 -+
116 -+
117 -+
121 -+
89 -+
132 -+
66 -+
67 -+
102 -+
101 -+
107 -+
83 -+
109 -+
42 -+
138 -+
122 -+
123 -+
78 -+
97 -+
33 -+
96 -+
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149 -+ | [ [
16 -+ | | |
36 —+-+ | |
74 -+ | [

120 -+ | |
24 -+ | |
71 -+ | |
27 -+ | [
72— Hmmmmm e + [
73 oo + [
70 e o +

140  —mmmmmmm o +

Table (3.9) below shows the summary for the methods , where they are all
compared with Mahalanobis distance (x’145005=67.2), and Cook distance
(F5.45005=2.21) . Both of them can not detect any outliers in the two cases.
Outliers are detected by Serbert and Adnan , depending on (ch) value .
Differences are found between them for before and after cases .

Mabhalanobis and Cook have masking for all the adding outliers ; but
Serbert has in the No. (10,65,100,108,115,125,133,148) ; and Adnan has in the
No. (20,35,48,65,85,90,100,108,115,125,133,148)

Mabhalanobis and Cook didn’t have swamping ; but Serbert has in the
No. (24,27,71,72,73,94) ; and Adnan has in the
No.(13,14,16,17,24,27,36,47,63,64,71,72,73,74,95,118,120,124,128,147,149,150) .

Mabhalanobis , Cook and Serbert have (0.3) Std. Error Est. before case ,
and Serbert has (2.51) after case , which are less than others .
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Table (3.9) Summary (n=150)

Std.
case method ch outliers masking swamping Error
Est.
none - - - - 0.3
Mah. - none - - 0.3
Cook - none - - 0.3
(1,10,12,13,14,16,17,
30,35,43,47,48,49,51,65,67,7
Serbert | 125 |5 2376.77,88.94.111117,124 - - 0.3
Before ,125, 130,134,149)
(1,10,12,13,14,16,17,
24,27,29,34,35,36,40,43,44,4
7,48,49,51,54,59,60,65,67,68,
Adnan 36 | 71,74,77.80,88,94,99.111, - - 0.33
117,120,123,124,125,127,130
,134,135,145,149,150)
none - - - - 3.21
10,20,35,
48,65,70,
Mah. - - 85,90,100,108 - 3.21
,115, 125,133,
140,148
10,20,35,
48,65,70,
Cook - - 85,90,100,108 - 3.21
,115, 125,133,
140,148
After :
10,65,100,108
(20,24,27,35,48,70,71,72,73,8 T y 24,2771,
Serbert 5 5,90,94,140) ,114185, 125,133, 727394 251
13,14,16,
20,35,48, égi‘;g
(10,13,14,16,17,24,27,36,47,6 | 65,85,90, 64’71‘72'
Adnan 4.3 3,64,70,71,72,73,74,95,118,1 | 100,108, 73’74’95' 3.05
20,124,128,140,147,149,150) 115,125, 11’81120'
133,148 ! !
! 124,128,
147,149, 150
Conclusions :

Mabhalanobis and Cook Methods could not detect any outlier for all cases,
although many of outliers are inserted in the observations. This is because
both of them depend on detecting a single outlier, and if the outliers are
grouping, they may have detected them .

When (n=25), Adnan's method has the smallest (Std. Error Est.) for before
case . It has the same results of Serbert method's after adding the outliers
and both of them reduced (Std. Error Est.) .

When (n=50), Serbert method's has the smallest (Std. Error Est.) , masking
and swamping .

When (n=150), Serbert method's has the smallest (Std. Error Est.) , masking
and swamping .
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