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One of the essential requirements for smooth /:GBST.R-ACT ,
method is normality of the data. When the da'mf”@”l?n anaiysis /?fx.S'ed on ordinary least squares (OL3)
observations, (OLS) method can then be ap;;;e[;as;s ﬁtlh..e ‘normahly /es{, it is virally free from unusual
regression paramelters and imake inference, It is thfreL-ciJZ:;l'!vc{y/ . {)b“’m " ”‘3‘/5.'“""/' coimare 1 ’./"f
inference when non rohust methods are used IT/ s arti m“:‘ ’T?I e i it
the analysis of regression models b )d. . This article /ugfh,[zglzled on the consequences of outlicr in
psvae Si;me prewm- i ased on lh.r.: 1 test 'sfafm'lic.s‘ for testing significant of regression
i I. itlier could dL.S‘ll/'H‘LT significant test which in turn may lead 10
- / : on of the final resuli. Standard deviation (SD) method were employed in measuring the
;ﬁr ect of o'urher.mz [ test statistics taking into account the sample sizes and the number of regressor f.s') el
ifferent intensity of outlier both using real examples and simulation study. Ir was cli.s'(:()lvered that ontlier
Q.fft"fl the estimaie of regression coefficient negatively which in return render the classical regrevviﬁn
?sumatom inefficient. In addition it can alter the odds of making hoth type [ and type Il error as wé)/ as
influence the estimate of regression that are of essential interesl. | |

Keywords: Outlier, Regression, Standard Deviation, ¢ Statistic, Smoothing Regression Analysis and

normality test

L(x.y, )= (¥ - xB) @

Consider the general linear regression model i=l
Although several methods can be used to find the

INTRODUCTION

}’=30+31x1+"‘+ﬁp—1xp—1+8i (D

Which can also be written in matrix form
asY =X +¢

whereY is an n X p + 1 matrix of the predictor
variables (the first column takes values 1), p is the
number of regression parameters (including the
intercept Bp) and n is the sample size, f is @
vector of the unknown regression
¢ a column vector of unobservable
The solution of equation (1) can be
the difference between
d response which can be
loss function

column
parameters, & i
random errors.
achicved by minimizing
the estimated and observe
obtained using the least square

defined by;
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estimates of regression coefficient in (2), ordinary
least square (OLS) method is the most commonly
used in practice due to its simplicity and elegant
properties. The (OLS) estimator is defined as p=
("X" AT "X" N1 X AT "Y", where X is a
matrix of predictors and y is the observed
response which often contain some outlier that
have unusual small or large. data point when
compare (o the remaining values in a dataset.
When a dataset contain some outlier and other
uncleanness, the OLS method produces corrupt

estimates and may lead to wrong inference

(Mielke2016). Outliers arise for several reasons,
such as data from the heavy tail distribution
functions or erroneous measurements (Kanhere
and Khanuja (2014). andSuykens et al (2002)).
Outlier can cause a lot of damages in statistical
data analysis. According (o Osbome and Overbay
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can alter thepodd ro stau.sucal test. In addition 1t
8 ] o s of making both type T and type

‘s influence the estimate of regression
that are of essential interest. Olewuezi (2011)
compared some outlier labeling techniques which
include Standard Deviation (SD), the MAD and
the Median formulas. Hodge and Jim (2004)
conducted a survey on the outlier detection
methodologies and identify their advantages and
disadvantages in data analysis. For detail on
outlier detection method and effect in data
analysis see (Hawkins et al., (2002), Dodge
(1997), Rousseeuw and Leroy (2005) and Stevens
(1984)). There are ‘commonly two types of
hypothesis that can be used in multiple linear
regression analysis (t and F test statistic). The t
test checks the significance of the individual
regression coefficients while F test is used to
simultaneously check the significance of a number
of regression coefficients. It can also be used to
test individual coefficients. It can also be used to
test individual coefficients. This paper considered
Standard Deviation (SD) method in measuring the
effect of outlier on the t statistics taking into
account the sample sizes and number of regressor
at different intensity of outlier.

1.1 Procedure for test of significance of
regression coefficients using F test statistic

The following steps are used for the
implementation of F test statistic:

Step I: Set the  hypothesis
(Ho):ﬁo =p =5 =A=p,

H,:f3; #0 foratleastone j

that
versus

MS,
MS,

where MS, is the regression mean square and

Step2: Compute the F test statistic as F,=

MSis the error mean square. If the null
hypothesis, (Ho)ls true then the statistic Fj
follows the F distribution with kdegree of
freedom in numerator and n—(k +1) degree of
freedom in the denominator.

Mambilla: Journal of Sciences and the Environment 52
Vol. 5 No. 1: june, 2018

1

e by

Step3: The hypothesis, H is rejectey it
!

calculated statistic 5 is stich

Fn > Fa,k.n—(k*')

12  Procedure for test of Sig”iﬁCanceu
e ’
the ¢ test statistic

The t statistic is used to check the significyp,,
the coefficients in multiple linear fegrex;
models. It is a well-known fact that addin;
significant variable to regression model make,
model more efficient and effective, whe.
adding an insignificant variable makes the
worse. The hypothesis statement to teg -
significance of a particular regression cocffici;

,B,- is employing using the following steps:
Stepl: set the hypothesis Hy: /0, =0 ag;
H :p,#0

A

Step2: Compute the t statisticT, = —-

Se(ﬁ

where Se(ﬁj) is the standard error
Step3: the null hypothesis, H, is rejected if |

statistic =g, 5 <To <laan- lies within
acceptance region
<

Numerical Examples and Simulation Study

In this section two real life example ¢
simulation are discussed. The first dataset w:
used in Becker (1988) and the second exam:
dataset in Harrison and Rubinfeld (1978), Bels
et al. (1980) and Tsung (2011) respectively
study outlier related issues. The simulat
procedure is based on 6 different size regress
models with one, two, three, four and °
regressor. Observations of the explandt
variables were generated from the unifo:
distribution. The errors &were taking from
standard normal distribution, with mean zer0
variance one (g;~N (0, 1)). The parameters of !
model in each case were set as fo =0 "

W

(hence each parameter is significant)
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conducted f-test on the last parameter in each
case. Two Qutlicr levels (5% and 10%) at different
sample sizes and different intensities of outliers
were considered. Outlier intensity in this case
refers to degree or extent of deviation of thé
outlying observations from the normal mean. Six
outlier intensities in succession at SSD (5 standard
deviation of the mean), 6SD, 7SD, 8SD, 9SD and
10 SD were considered. The results displayed in
the table are for power of the 7 test (in percent)
and each is based on 10000 replications using R.
Power of a test refers to the ability of a test
statistic to reject the null hypothesis (Hg) when it
is false. In this case, Hy is always false, the effect
of outlier is apparent therefore with non-rejection
of Hp or less power. This means reduction in
power is proportional to the outlier effect. One
can deduce from the results obtained that outlier
negative effect on the inference relies on the
following factors:

I. Number of Outliers per Sample
The more the number of outliers relative to the
sample size, the less the resistant of the test
statistic to the effect of the outliers in the
inference. For example, in the single regressor
case, at n = 40, 5% outlier at 85D, 9SD and 10SD,
the powers are 86.19, 78.12 and 70.58
respectively; in the same case but at 10% outlier,
the powers reduced to 59.1, 50.69 and 43.52

respectively.

II. Degree/ Intensity of the Outlier
The further the deviation of outlying observations
from the normal observations, the greater the
effect of the outlier, in distorting the inference.

III.  Sample Size
The test statistic resists more, the negative effect

of outliers in the inference in large samples than
in small samples. For example, in two regressor
case, at n = 60, 10% outlier at 5SD, 6SD and 7SD,
the powers are 84.21, 72.31 and 59.9 respectively;
under the same circumsltance, but at n = 80, the

Mombilla: Journal of Sciences and the Environment
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powers improved to 93.18, 84.07 and 72.97
respectively.

IV.  Number of Regressor ,

The test statistic resists more, the ncgative cffect
of outliers in the inference when there is less
regressor than more. This means, smaller sized
regression models resist outlier in the inference
more than larger sized ones. For example, in two
regressor case, at n = 60, 5% outlier at 73D, 8SD
and 9SD, the powers are 86.22, 77.82 and 69.64
respectively; under the same circumstance, but
with three regressor, the powers reduced to 71.37,
62 and 52.68 respectively.

Two real data sels were considered. In each data,
two levels of outliers at approximately 5% and
10% were used in turn. The outliers are inserted in
place of original observations to contaminate the
data. At each level, we considered 5SD - 10SD
outlier intensities.

In the first data (Freeny Data), threc of the
parameters are significant at 95% (at least); but
with both the 5% and 10% outliers, none is
significant at each of the outlier intensity. The
effect of the outlier is clear in this regard.

In the second real data set (Boston Housing Data),
six of the parameters are significant at 95% at
least. With 5% outliers in the data. the numbers of
significant parameters at 90% level (at least) are
5,5,3,2,2and 2 respectively for SSD, 6SD, 7SD,
8SD, 9SD and 10SD. With 10% outliers in the
data, the numbers of significant parameters at
90% level at least are 3, 1, I, I, | and I
respectively for 58D, 6SD, 7SD, 85D, 95D and

10SD.
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B“l\,
Simulation results for power test of t statistic

Power of test

Number of Qutlier =

regressor intensity  N=20(5) N=20{10) ___ N=40(5) n= 40(10) N=60(5) n= 60{10) N-80(3) 0= S?HO] N=100(5) ..

Single 55D 82.87 61.32 9978  90.74 100.00  98.50 100.00 91373 100,00

regressor 6SD 72.29 49 29 97.42 80.34 99,92  94.17 100.00 38.5.51 100.00
78D 63.59  40.16 92.79 68.65 99.03  86.47 99.91 8;:407 100.00
8SD 56.04  33.74 86.19  59.10 96.88  77.11 99.41 ol 99.95
9SD 4930  28.69 78.12 50.69 93.06 67.54 97.90 8 99.44
10SD 4550  25.03 70.58 43.52 8725  58.63 9526 73. 98.35

2regessor 58D 62.74  39.79 0036 66.75 98.33  84.21 9980 93.18 99.97
6SD 5264  31.26 80.42 53.27 9388 7231 9839  84.07 99.70
78D . 4528  24.70 70.02  43.31 8622  59.90 9476  72.97 9820
8SD 3748  20.89 60.78 35.24 77.82  50.02 89.09  60.72 94.7]
9SD 34.11 1744 5191 29.55 69.64  41.64 8228  52.90 89.14
10SD 28.28 15.11 4498 25.35 62.85 3548 73.21 4567 82.9]

3regressor- 58D 50.02 28.65 7820 52.02 92.62 69.31 98.07 80.78 99.36
6SD 4095  21.92 66.25 39.75 82.85 -55.13 91.88  68.24 96,64
7SD 3403  17.76 5526 31.90 7137 4321 83.69  55.89 91.62
8SD 2876  15.02 4543 25.07 62.00 36.16 74.98  45.66 84.37
9SD 2450  12.77 3891 21.83 52.68  30.24 65.69  38.87 74.85
10SD 20.54  12.33 3282 18.44 4696  26.20 56.94  32.20 67.14

Aregressor SSD 4122 2241 66.92  40.66 8452  57.09 93.43  70.36 97.32
6SD 3242 1822 5373 3211 73.14 44.21 83.92  56.43 91.66
78D 2722 1397 4457  24.02 6028  34.91 7312 45.73 82.61
8SD 21.94  12.23 37.41 19.99 5028  28.37 62.49  36.2] 72.94
9SD 1825  10.16 3137 1712 4304  23.89 5353 30.75 63.28
10SD 15.34 9.23 26.14 1545 36.37 2068 4788 . 2524 55.95

"10regressor  5SD 14.54 9.07 47.04  26.04 47.04  26.04 28.67 24.98 69.85
6SD 10.94 7.67 36.06  19.63 36.06 19.63 16.01  18.13 56.02
78D 9.02 6.89 2872 16.58 28.72 16.58 14.80 1245 45.53
8SD 8.08 5.90 23.18  13.81 23.18 13.81 13.09  11.65 3653
9SD 7.34 6.12 1965 11.23 19.65 11.23 8.22 9.08 30,44
10SD 6.87 5.67 16.97 10.40 16.97 10.40 11.55 10.11 2541

Freeny dataset

_ with outlier (S) With outlier (10)
Without 5SD 6SD 7SD 8SD 9SD 10SD 58D 6SD 7SD 8SD 9SD -
outliers ’

P values  0.091 0.735 0.756 0.773 0.786 0.796 0.805 0.641 0.661 0.675 0.686 0.695
0.390 0.796  0.801 0.805 0.808 0.810 0.812  0.901 0912 0920 0927 093
0.000 0.788  0.800 0.810 0.817 0.823 0.828 0910 0922 0.930 0.936 094
0.000 0.862 0.846 0.834 0.825 0817 0.811 0.622 0.600 0.585 0.573 o(‘
0.013 9 1 0.673  0.673 0.691 0.705 0717 0.727 0577 0.598 0.614 0.627 0062
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In both the simulation and the real life examples
different intensity of outlier using the standard
deviation (SD) method were used at different
sample sizes, number of regressor and percentage
of outlier planted in each data set to study the
consequences of presence of outlier in analysis of
rechssion (t test statistics). Our result
demonstrates categorically that outlier affects the
value of regression estimate and power of the test
for the hypothesis test as well as other inferences.
Tt was also discovered that the power of the test of
significant depends on the percentage of outlier
planted, number of regressor, sample sizes and the
intensity of outlier used. It’s therefore important
to check for the presence of outlier before
carrying out any statistical data analysis to avoid
committing type I and or type IT error
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