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ABSTRACT

Qutlyin vaii
. ying observation may lead to misleading infer ; -
misspecification among others. It i g yerence plus biased estimate of the parameler and maodel
analysis of datasets. This J;w ;“ Lis Lf'f‘e"@fm'e important to highlight on it verse negative effect in the
on.the test of hypothesisl f, OZ e{;' consider efi the effect of outliers on ordinary leas! squares ( OLS) based
regression Pa"dmererfof : e ‘ure, fo test if l/?.ere is any significant difference in testing the hypothesis of
wore. considied to‘ > »f .c;.rawy with and without outliers using F test statistic. Four different darasci
S f;l:’S I | oof the set l‘f.ypothesw. Our results showed that in the presence of outliers, the
, Fregression parameter sign may change which in turn may lead to wrong decision marking.
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INTRODUCTION

Regression analysis modeled relationship between wul?out ta.king' any treatment, those indiVidu.a]S
a response variable and a set of predictor having this virus may be refer to as outlier,
because they possess a contrary behaviors

variables, plus the random error term. The model 4o th ST lati g
in matrix notation assumes a functional relation of Compate 10 the majority of the popu ation. un -l
_ investigation. The presence of outlier in the data

the form : ‘ .

i affects the scale estimates and deteriorates the

v =X0+¢ effectiveness to  identify both masking and

- s ’ swamping  effect Cheng (2012). Generally
where Y represent the 72 X 1 column vector of the : : e

hegimed ) able, X ot the. dat speaking, there are two well-known techniques for

Q 5e,%ve EESPOrot van'a e freprese ¢ a estimation of regression parameter, the ordinary

matrix of n X p consisting of & column of ones  eaqt square (OLS) and the Ordinary least squares

and the p column vectors of the observations on is a method for estimating the unknown
the predictor variables, @ represent the P ?‘1 parameters in a lincar regression model with the
vector of parameters to be obtained by regressing goal of minimizing the differences between the
y on x variable and € represent the 1 X 1 vector observed responses in some arbitrary data set and
of random. error which assumed to be normally  the responses produced by linear approximation of
distributed with mean 0 and variance a?. _ The the data. This method obtains parameter estimates
regression model also assumed that ther‘e 1s Nno that minimize the sum of squared residuals, SSE.
perfect Multicollinearity and all observations are By using the formula
equally reliable that s, they cgntam no ] )
contamination in the observed data point. Outlier min Zr’,"- :E(y', _X(;)z, where
may arise as a result of wrong entry, error in # e
{ncorrect selection of model and/ or due to X; _ g} & _2)

: = X; +..+ X =
uncontrolled factors. For example in the study of 090 np
HIV cases in the hospital, the practi‘tioner found r=yi— Y
few individuals out of total population $ay 100,
living with IV but alive fine for certain years

Mambitla:

al of Sciences and the Environment 199
Journal of http://mambiliajse.org/webmail
Vol 5 No. 1: june, 2018 .




Hyprrthe s ving far Ol o o
lyperthe sia Testing for Ovrliry Effecs o thy Regroseies o lfipipnte Living
o

denotes the difference belween the  pheproed
e it e x’rr: :?:.:“:zi :fiﬁ 4?;:} obwerved
nuinbetr of the ,af»!\grm-g:.j:ﬁ;]. l:. el
this appreach s ,i;\”__%‘ﬁ ,: .e};".:s:.:z In pary
ok e TUOTR 10 U8 fn-rcaniance
outhies the wenee Thal 11 gives
oy of regression parameter, which in turm
affect all other anference of the regrs .
among them are 1 values, o values.
determunation and  even
computations. Thas, outlier in regression anal
are categonized in thee forms. cullier in ¥
direction, owther in x-axiz which 3¢ alo le‘u
leverage pomt and oulier an both v and x axis
Dodge (1997} deliberated on the effect of catlier
both in the response and predictor vanables and
show that the Jeast absolute deviation is more
rophisticated in identifying outlying data point
compared to OLS procedures, Osbone  and
Overbay (2004) argued on if outlier should be
removed or not. They further explain the benefit
of removing it and highlighted on it negalive
consequences in the estimation of parameler in
parametric  and  pon-parametric statistics.
Recently, the outlier resistant = test for
heteroscedasticity in lincar model based on the
GoldfeldQuandt formula was proposed by Alil
and Ong (2015), there proposed scheme uses two
steps, the finst step involved identification of
outlier while in the second step, estimation of the
proposed  robust Goldfeld Quant procedure 18
performed and the method give a promising result
compared to the existing approaches like S. Rana
et al (2010) and Goldfeld and Quant (1965), But
all these technique can only be applied 1o a single
predictor problem. Usman and Oyejola (2013)
studied the effect of outlier and excess zero on
count data and established that presence of
outliers in count data ciuses over dispersion.
Cheng (2012) considered both 1dentification

in

PUS JUpp. LI
s icalnng

the regressing

outliers and heteroscedasticity without specific
form in a dataset. Qutlier has been deliberated by
jot of authors (Wainer (1876),

quite A
?]Limmcrnmn(m&)-ﬂ Leroy and Roussecuw {1987),
lzlewicz and Hoagli (1993) and Drapper and John
(1981)). Consequently, continuous research in this
1as shown the need for researchers 10 explore

area |

more techniques of dealing with outhers in
statistical study.
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ORDINARY LEAST SQUARE ESTIMATOR
] for solving equariog

least squares (O30S, he

The commeniv used methad for
ordmary
12 for computing the estimates

~xllad =he
RSN i TN

ra Aafipe B
v \.l\,.'."'.\‘ u¥

T ha
Where

| ¥:
oM
.
T ox, X v ]
I ox.., X,y N ¥, :
X = il |
MM M M
T ox, x. N x, B
:—;{,‘_—:
i A ,
=1 'l ]
A PMY :
LA, ] :

following the success{ul estimate of the regressiong
coefficients in linear regression, test of Ix_ypn!hc;:c":
is usually carried out to the significance of cach§
regression coefficient and or significance of thej
whole model. The test can be applied provided§
that it can be assumed that the random error ferms g
are normally and identically distributed with meang
zero and variancea’ . There are popularly two ;
types of hypothesis that can be used in multipte
linear regression analysis (U and F test staftic)
The 1 1es1 checks the significance of the individua |
efficients while F test is used

<

regression <o
ly check the significance of a number

simultaneous

Procedure for test of Significance of Regressiot
Coefficients using F test Statistic ' -
The following steps are used
implementation of F test staistic:

the

for
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qep ’ Set the
Ho B = Bi=p=A= A,

i, B 0 forat least one

hypothesis  that

Versus
Step: Compute the F
MS,

. R
F — , where MS, ig i .
O OMS, ‘ S is the regression me

lest  statistic  ag

an
square and MS . is the error mean square. If the

null hypothesis, H is true then the statistic F
follows the F  distribution with k degree (:f
freedom in numerator and n—(k+1) degree of
freedom in the denominator. ;

Step3:  The hypothesis, H, is rejected if the
calculated statistic, F, 18 such  that

Fy > Ffr.k.u—(f:-t-l)

Procedure for test of Significance Using the !
test Statistic

The t statistic is used to check the significance of
the coefficients in multiple linear regression
models. It is a well-known fact that adding a
significant variable to regression model makes the
model more efficient and effective, whereas
adding an insignificant variable makes the model
worse. The hypothesis statement to test the
significance of a particular regression coefficient

,Bj is employing using the following steps:
Stepl: set the hypothesis H,: B, =0 against
H :p,#0

Step2: Compute the t statistic Ty = I, where
: Sei B,

Se([i’j) is the standard error

Step3: the null hypothesis, H is rejected if the
lies within the

statistic — 24202 < Ty <lgpn-2
acceptance 1e¢ gion

PROPOSED ALGORITHM
Stepl: H,,: Outliers does not affect the estimate of

regression coefficients against H ,: Outliers affect

the estimate of regression coefficients
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Step2: Regress y against x using data without
outliers by applying the OLS to obtain the

estimate of regression coefficients.

Step2a: Set the hypothesis that
Hy:By=p=p=Nh=0,= Ol uensiiz
H,:p, +0 foratleast one Jtotest for

the significance of the regression

coefficient in the absence of the outliers

Step2b: Compute the F test statistic

M.
F o MSe
MS,

Step2c: The hypothesis, H, is rejected if
the calculated statistic, F, is such that
FO > Fa,k.u»(kH)
Step3: Regress y on X using the data with outliers
by applying the OLS to obtain the estimates of
regression coefficients.
Step4: Repeat step (22) — (2¢)
Step5: Compare the results of (2c) with step4, if
the results of (2¢) and step4 are equal, then A N

chould be accepted otherwise, H, should be

accepted.

NUMERICAL EXAMPLES

In this section, four real life examples from the
existing literature, which have been used by the
researchers extensively to study the behavior of
outlying observations, are presented. In the first,
second and third simple linear
regression model are used to obtain estimates of
the regression coefficients both without and with
outliers. In the fourth example, we considered the

examples,

used of multiple linear regression model in the
estimation of the regression coefficients.
Contamination is planted only in the predictor
observations and the proposed algorithm is
applied to all the said data set to verify the

http://mambillajse.org/webmail
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effectiveness of the established hypothesis, The
numerical computations are performed via the R
progralmlng language, which is free, open source
statistical software for graphics and computing
developed by Ihaka and Gentleman (1996).

Data for the Hertzsprung-Russell Diagram of
the star cluster CYG OB1

These data set as deliberated in Leroy and
Rousseeuw(1987), contains 47 observation which
represent the stars in the direction of Czgnus,
from C.Doom. The first variable is the logarithm
of the effective temperature at the surface of the
star (Te) and the second one is the logarithm of its
light intensity (L/L0). Detection of outlier in both
the horizontal (predictor) and vertical (response)
direction were considered by Cook and Weisberg
(1994) using this data set. In this example, we
considered contaminating only the predictor
observations. Applying the proposed algorithm to
the data set under study before and after the
outliers was inserted, using the Im function, which
is used to fit a linear model in R software, we
observed the result in Table 1.

Table 1: F test for Hertzsprung - Russell
diagram data

Test F test without F test with
procedure outliers outliers

| S ‘ 2.0800° 3.1242°
For 2.8205" 2.8205"

The results given in Table 1 shows that the F test
statistics fail to reject H, when the data were free
from outliers. However, when applied to the
dataset with outliers, F test statistic rejects the null
hypothesis H, and accepts H,, since the results of

(2c) and Step 4 arc not equal H, is rejected and

concludes that outliers affect
regression coefficients.

estimate  of

House Expenditure and Saving Data
These data as discussed in Pindyck and Rubinfeld
(1998), Rana and Midi (2008), and Alin and Ong
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(2015), comprises of 20 observations which
describe the relationship between the income g4
predictor variable and hOL'ISing expenditure ag the
response variable. Inserting onl)'/ (W,” autliers iy
the dataset alter the F value which is the benc
mark for making decision. As in the first example,
implementation of the developed alguri'lhm yicldg

d 3. Regarding the reg

the result in the Table 2 an
¢ existing procedure and newly,

algorithm, the —new algorithm
old method in the presence of
as given in Table 2 and

power of th
established
outperforms the
contamination
3respectively.

Table 2: F test for House expenditure data

F test with outliers

Test F test without

progcedure outlier i
Fca 256.2700" 0.1340°

F rab 3.0070° 3.0070"

Table 3: Saving data

Test F test without F test with outliers

procedure  outliers

Flesi 300.7320 - 0.1600"

By 2.8870" 2.8870"
) !

T
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sIMULATION STUDY

n this section, we carry out simulatio
investigate the performance of both exist; e
newly established F test procedure via t-h:g o
test anfllysis. Both Simple and multiple PI?WCT
regression models were considered where thel?j:?r
set wera‘ generated in this way: four differeni
sample sizes were considered (n =15, n= 25. n=50
and n= 100) for both the two cases. We sim,ula_t d
the data from the normal distribution wﬁh
different proportion of outlier (0, 5, 10, and 15)
for each sample sizes. We vary the prog;ortion ;)f
the out‘lier as to have prior information about
contaminated and uncontaminated case. The
response ?bservations were generated using the
next equation:

v, =0.5+2x, +e,¢ ~ (11,25,2)

While the predictor observations were generated
fromx, ~ (1,90,5) for i=LK nthe number of

observations for each sample sizes Wwith
corresponding proportion of outlier as given in
Table 4, for the multiple regression case Wwe
generated the response as:

y, =0.5+2x, +6x; +¢;, ¢ ~ (n;25,2)

And the corresponding predictors were generated
as Mg H (n,90,5), R (n,75.1 0)i =1K nfor
each set of data at different proportion of
contamination. These experiments Were repeated
1000 times in each case and the results ar¢
summaries in Table 4. The results of Table 4,
show that the performance the newly developed
algorithm 18 consistent with increase in the
number of predictor since there is no significant
difference between the power of the for simple
and multiple linear regression model. Although
when the sample size (n=15) at 10% and 15% the
proposed algorithm  gives less efficient results
compare to when the sample sizes are large
(n=25,50 and 50) at 10% and 15% contamination
respectively. We can therefore conclude that the

newly propose'd algorithm  for testing the
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Table 4: Power test for 1000 iterations

n Outlier proportion (1 — ﬂs,ﬂ) (] - ,BM,,R)
15 0 0.000 0.000
5 0.904 0.932
10 0.906 0.929
15 0,901 0.934
25 0 0.000 0.000
5 0.916 0.921
10 0.921 0.940
15 0.922 0.945
50 0 0.000 0.000
5 0.880 0.777
10 0.903 0.932
15 0.904 0.945
100 0 0.000 0.000
5 0.783 0.063
10 0.895 0.822
15 0912 0911 |

significant of the regression is more powerful in
the presence of outliers.

CONCLUSION

A two-step F test statistic for testing the
significant  of regression coefficient were
proposed and presented. The method is resistant to
outlier for both simple and multiple linear
regression Cases when the sample sizes are fairly
large. Our simulation study shows that the
established algorithm is consistent and powerful
in testing the significance of regression when the
data is contaminated. Hence, it is therefore
necessary for researchers especially the end user
of statistical tools to check the presence of outlier
before conducting the F statistic test of significant
otherwise it may lead to wrong estimation and
misleading conclusion, which 'may cause more
harm than good to decision makers and

practioners.
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