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Abstract

The effect of the omission of intercept term in a linear regression model is considered for a simple
linear regression with pooled explanatory variable, simple linear regression with single
explanatory variable (sugar level) and multiple linear regression with two explanatory variables
(age and sugar level). The study considered estimation of the intercept and slope for a simple
linear model with intercept term and the estimation of slope for a model without intercept. SPSS
software 23 version was applied in the analysis. Student t-test was conducted to ascertain the best
model. Coefficient of determination and correlation were also applied. The model with intercept
was observed to be significant in modelling the Blood pressure and the explanatory variables for
the 100 persons. Age proved to be contributing more to the Blood pressure of human beings as
compared to the sugar level. As the intercept is omitted from a model, the coefficient of
determination, correlation and the sum of square error increases. The plots in Appendix G, H and
| show that there exist unstable relationships between the response variable (blood pressures) and
the explanatory variables (heights weights, ages, sex, sugar levels etc) for the 100 persons studied.

Keywords: intercept, slop, coefficient, correlation, coefficient of determination, t-test, sum of
squares.

1. Introduction

A simple linear regression is a statistical approach (method) that is used in modeling a linear
relationship that exists between the response variable otherwise called the dependent or output
variable and one explanatory variable, known as the independent, predictor or input variable as
seen in lwundu and Onu (2017).

A multiple linear regression model is a linear model that measures the relationship between one
response variable and more than one explanatory variable. See Sameera (2014). The aim of the
study is to investigate the effect of the omission of intercept term in a linear regression model. The
objectives of the study include:

1) Investigating the effect of the omission of intercept term in a simple linear regression model
2) Investigating the effect of the omission of the intercept term in a model with two
explanatory variables, namely, sugar level and age.
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Showing that for model without intercept, the slope obtained by using a least square method is
equal to the slope obtained when the intercept term is substituted as zero in the already known
least square method for intercept term estimation in a model with intercept. The knowledge of the
contribution of intercept term in a linear model has been a serious problem over the years. Kutner
et al (2005) stated that intercept term has no meaning on its own, but can be meaningful collectively
with other variables in a model. As seen in Bremer (2012), Johnson (2003) and Sameera, (2014).
The intercept is equal to E(Y;) when all the values of the explanatory variables amounts to zero,
but if not, intercept says little on its own.

Recently Sameera (2014) has made comparison between models with and without intercept using
full multiple linear regression model and a multiple linear regression model with additional point
called leverage point was also built. The investigation did not consider the effect of omission of
intercept term in

(1) A simple linear regression model with pooled x variables which included the Height, weight,
age, sugar level, sex on the response y which is the blood pressure of 100 persons.

(2) A simple linear regression model with predictor variable x which is sugar level, in order to
study the relationship between the blood pressure and sugar level for 100 persons.

(3) A linear regression model, with two predictor variables x; and x, which respectively represent
sugar level and age of the twenty people on their blood pressure. Against this backdrop this
research is conducted to investigate the effect of the omission of the intercept term in a linear
model based on the above enumerated headings. Finally, the research work will show that for
model without intercept the slope, obtained by using least square method on the model is equal to
substituting the intercept to be zero in the already known least square estimate for intercept, in a
model with intercept. In this study, a full and reduced linear regression model was built. The full
linear regression model contains the intercept and also the slop, while the reduced linear regression
model contains only slope, the intercept is omitted. Using the data of blood pressure and, height,
weight, age, sugar level and sex used by Sameera in 2014. This study considers only simple linear
model with one predictor variable x which is the combination of all the x values called pooled
variables, it also considers a linear regression for a predictor variable which is sugar level and also
considered a linear model with two explanatory variables, and they are sugar level and age on the
blood pressure. The analysis considered the blood pressures for 100 persons and regressed it with
the pooled variables, and with the sugar level and finally with the sugar level and ages of 100
persons. Investigation was also conducted to see whether or not the least square estimation of the
slope in a model without intercept is equal to putting the intercept to be zero in the least square
formula for estimating intercept for a model without intercept.

2. Full and Reduced Linear Model

Iwundu and Albert-Udochukwuka (2014) investigated the behaviour of D-optimal exact designs
using first-order linear model, the study considered two types of linear polynomial model, which
include the model with intercept term and that without intercept term and interaction being
considered in the two model as seen.

Yy =my+muxy + myx, + myyxix, +e 2.1
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The model in (2.1) contains intercept term S, and interaction term S, as a result, it is a full-first-
order linear model. While

Yy =myXx; +mx, + myyxx, + e (2.2)
is the linear model without intercept term, hence, it is a reduced first-order linear model.

Sameera (2014) studied the comparison between models with intercept term and that without
intercept term in a linear process and here leverage point was applied and it was observed that
evaluating the leverage in the new points was equal to the evaluation when the linear regression
model was forced through the origin, i.e my = 0 in the full model. This was achieved by
augmenting the data. For augmentation of design point, see lwundu and Onu (2017). It was also
discovered that intercept was significant in the full model, but it becomes insignificant when the
leverage point was added, thereby forcing the model through the origin.

If (4,Y;), (4,Y5), ..., (A,Y,,) are r observation according to the model in Sameera (2014).

Y; = My + M, A; + ei where e;~IN( 0, §2) i.e independently and normally distributed random
error with means 0 and variance §2. The least square estimate of M, and M, are given as:

r (2.3)
My =) (@i-D)-7)
ER
z (ai — a)?
i=1
My =y—MA (2.3b)

Where
A=Y andV =32

Sameera (2014) considered the regression line through the origin, i.e M, = 0, then it was obtained
by Sameera that the least square is;

Y ay;
m =<7 —5 (2.4)
1=1"1

by the augmentation of the original data set with the observations

(Xr+1tyr + 1) = (T'*/T,T'*Y)

r

Vr+1-1

Where r* =
It was then observed that applying the full model to the augmented data set is equivalent to

applying the reduced model when the model is from the origin. This is as shown in the verified
identifies.
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In this research work, for model without intercept term, it is assumed that the intercept term M, =
0, hence from (2.3b)

M, = Y — M, A which can be written as:

Mo =i 1%_ M, ‘{=1% (2.6)

1=

Yi _ g ai
iT=17 - M1ZLT=17 =0

Which can be written as

r r
Zyi = Mlzai
i=1 1

i=

Solving for M, we have

M, = 2= @.7)

miai
3. Material and Methods
Estimating the Intercept and Slope in A Linear Model

The estimation of the intercept is considered for a model with intercept and slope, while for a linear
model without intercept, we estimate the slope.

The linear regression given as
Vi = MO + Mlxi + €; (31)

Is a simple linear regression model, where y; is the response variable also known as the dependent
variable whose values or outcome dependents on the input variable or the explanatory variable(s).

x; 1s the input variable or the predictor variable also known as the independent variable whose
values give rise to the estimated value of the response. It gives some level of interpretation on the
response y;.

M, and M, are the parameters of the regression model. Particularly M, is the y-intercept of the
model and M, is the coefficient of the response variable x;, it is the gradient of the regression
model.

e; 1s the measure of the stochastic or random error that may occur in the system under study.

Copyright © authors 2021 347



e-ISSN: 2348-795X

(UR) Vol. 8 Issue 6

JR June 2021

,2 /? B International Journal of Research p-ISSN: 2348-6848
Wi

The multiple linear regression model is as seen in Kutner et al (2005) and Nwagozie (2011) is
given as

and this is called first order model having two explanatory variables. One of the difference between
the simple linear regression and the multiple linear regression is that, the linear regression given
as

E(Y) = My + Myx

is a real line while the multiple linear regression given as

E(Y)= My + Myx; + Myx, (3.3)
is a plane as seen in Kutner et al (2005) and Sameera (2014)

A first order model with more than one explanatory variable is generally given as

Yi= Mo+ Myxyy + Mapxip + -+ Mp_1Xi01 + € (3.4)
Linear and noon linear model

As seen in Bremer (2012), Gujarati, (2004), Shalabh, (2017) and Kanpur (2001) it has been a clear
knowledge that general regression model is not limited to only linear surfaces. The term Linear
simply means that the model is linear in parameters but May or may not be linear in the explanatory
variables. The models of the form are all linear models.

y=mg+mx+e

y=mg+ mx+myx®+e

y = mg+ mx +myx®+mgx® +e

While the models

y=myg+mix+e

y=my+ mx?+mix3+e

y = my+ mymyx + myx?

Are non-linear model because they are not linear in parameters see also Kutner et al (2005).
Least square estimation of parameters for model with or without intercept term and proof

In the research done by Sameera (2014), for model without intercept term, to obtain the estimates
of the slope parameters, the model was built and least square method was applied to obtain

31 _ XXy

- 2
in
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In this work, having looked in word, we saw the need to reduce the stress in computing Y. x;y; and
alsoY. xZ. This will be equivalent to substituting 8,=0 in 2.3b to obtain the $, which have been
applied in this research work and the result obtained was equal to the result obtained when we used

B, = sz,gi , there was no loss of information.
i
Lemma

Given a linear model without intercept term which is a reduced model, applying the least square
method in obtaining the slope of the regression line, is equal or approximately equal to substituting
the intercept term as zero in (2.3b) to obtain the slope.

Proof:

Let m, be the intercept term in a model with intercept and let m, be the slope, let x be the predictor
or explanatory variable and let y be the response variable predicted by x.

Given: The linear model with intercept term

y=myg+mx+e

And the model without intercept term as

y=mx+e

We want to show that, is not a mere cancelation of the variables in the numerator
rxy _ Ly
»x2  yx'

obtain slope, you can simply substitute the gradient as zero in the already known least square
formula containing intercept and slope and hence solve for slope directly. i.e

the theorem is aimed at revealing that without going back to least square method to

From
yi=mx; te
applying least square estimate, to obtain the estimate of m, which is the slope, we have;

_ Xxiy
17 yxi2

From

y; = my+m, + e applying least square to obtain the intercept m,, we have

_ 2y XX
Mo =S SE

Letting m, = 0, we have

O=Zyi—mlzxi
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Then we have

2yl =my X xi

. _ Ly

Lmy = $5

If you multiply the numerator and denominate by ) xi, we have m, = ZZJ;?;I , hence yielding the

same result with the least square method.
Coefficient of correlation and Determination

According to kutner et al. (2005) and Nwagaozie (2011), the coefficient of correlation is defined
as the measure of the degree of linear relationships or association that exists between the response
variable Y and the predictor variable X provided the two variables are random in nature. It is the
square root of the coefficient of determination attached with plus or minus sign. It is given as

r = +VR2 (3.5)

The value of r = +1 or — 1 is attached in consideration of whether the slope of the model so far
fitted is positive or negative. If the slope M, is positive then the value of » = +1, if the slope is
negative, the value of r = —1. The coefficient of correlation has the range -1 <r < 1.

Coefficient of Determination R? is the proportionate decrease in the total variation associated with
the explanatory variable X. The higher the value of R?, the higher the total variation in Y variable
is reduced. It is given as

2 _  SSR
SSTotal

(3.6)

SSE
SSTotal

Coefficient of Determination has the range 0 < R? < 1
Estimating the intercept and slope for a simple linear model in one variable

For a model with Intercept and slope, as given in (1.1) expressed in some well-organized literature
like, Sameera (2014), Ijomah and Wali (2017) and Kutner et al (2005)

The model in (3.1) is given as:
Yi=mg t+mx; +e;
In obtaining the parameters of the linear model in (3.1), we apply

(1) Matrix notation
(2) Least square estimation
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Matrix notation

From the model in, (3.1) we obtain the matrix X using the column of the intercept m, as the column
of 1’s and the column of x;’s will be replaced by the values of x used in this research. The response
values will be written in the column of the y;, them, the model will be re-written as:

Vi =My + My x;

Vi = 1Yz s V)

Yi= G192 9)
And

xX; = (X1, X5, . Xp)

my = (1,1,..1)'

This can be written in matrix form as;

1 x
1 x,
y=0uY2moy) =1 3.7)
1 Xp
1 xq
1 x,
"‘anzz
1 x,

We obtain the transpose of X, written as X', which can be given as:

! —
nxz2 —
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Making the first column the first row and the second column the second row.

X, IS change to X, .,

The hat matrix of the design is given as

X'X=
1 x)
1 Xy
1 1 1
X1 X Xn
1 Xn
o %
a v I
PR
i=1
n n
Xi xlz
i=1 i=1
\ %
We obtain X'Y as shown
X'y =
ry1\
Y2
1 1 1
X1 X Xn
\ynJ
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s R

n
Xi
i=1
n

Z XiYi

=
\‘ Y,

We use the least square equation as expressed in Iwundu and Onu (2017), Sameera, (2014), Kutner
et al. (2005), and Huaglin & Welsch (1978).

m=(X'X)"'(X'Y) (3.9)
We obtain the determinant of (X’X)~* as shown;

__ AdJ(x'x)

ryy—1

(3.10)

but Adj(X’X)= transpose of the matrix of co factors of X'X, but the (X'X)~1 is a little bit easier
fora 2 x 2 matrix i.e

. oy (G110 Q12
|f(XX)—(a12 azz)

Determinant of (X'X) given as:
|X'X| = a;1a,, — a;2a4, for symmetric matrix if not symmetric it will be

|X'X| = a;1a,, — aq,a,7, but here we are interest in symmetric matrix, in fact, multiplication of
a matrix X’ and it’s corresponding matrix X makes it symmetric.

.. Adj(X'X) for 2 x 2 is obtain by interchanging a,, and a,, and making a,, negative, i.e.

Adj (X'X) = ( az2 _‘112)

—a12 Q19

xx)t=—t (S ") (3.11)

a11Q32—012a12 \—A12 aiq

See Cohen et al (2003), Helsel and Hirsch (1991) and Iwundu and Onu (2017), for application of
the alias matrix, and it is seen as;

Mg
A=l | = 1 (azz alZ)(ZYn)
ot = 1 - —
~ A11022—0A12012 Az 04y anyn
my
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(mO) — a22XYn—0d12 X Xn¥n
ml 11 A2~ 4120712

—a223¥yn+a11 YXXn¥n
ai1dzz—aizaq2

a22 2 Yn—%2 XXnYn

My = 222¥n-21z 259 s the intercept term (3.12)
A~ 2 n— 2 n

my = aéil ayzz—aalfzaf; (3'13)
is the slope

The outlined approaches shall be employed in obtaining the estimate of the model parameters for
a simple linear regression model, the approaches are applied in modeling the blood pressure of 100
persons as sampled for response variables over the explanatory variables x ranging from the height,
weight, age, sugar level and sex for the same 100 persons. In order to maintain a simple linear
regression analysis and for the purpose of studying the joint effect of all those variables on the
response y, we added the values of each of them to obtain a single value and this is done for all the
100 persons. The summation of all these variables is referred to as pooled variables. The research
also considers the contribution of sugar level as a predictor variable on the response y (Blood
pressure). The study considers both model with or without intercept, in each case, the approaches
outlined above are followed.

Least Square Estimation Method

The method of least square requires re-arrangement of the model that is to say, the model in (1.1)
is re-arranged as;

Yel =@y —mo— myx)? (3.14)
To obtain the estimate of the intercept term, m,
to obtained the estimate of m, is as seen below:

ax e’
!-ﬁ = =2 X(y; —mp—myx;) =0
Divide through by —2, we have

X(yi—my—mux;) =0
Open the bracket in the L.H.S, we have:

.’.Zyi—nmo —mlzxi = 0
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nmy = X X; — My X X;

—ma S xs
“my = 2Yi 12X

My = Y — myx (3.15)
Also, to obtain m, i.e the slope, we differentiate (3.14) with respect to m,, as seen;

d Zeiz
6m1

==2X;—my— myx)(x;) =0
Xi—my— myx)(x;) =0

Open the bracket in the L.H.S, we have
X yi—meXx;— my Y x;° =0

XXYi— Mo L X; = my ), xiz

— LXiYimMo X Xi (3.16)

™ L xi?

These are for linear model with intercept term. For model without intercept term the least square
method is expressed in chapter 2 of this work.

Estimating the intercept and the slope of a model with two explanatory variables with or
without intercept term

This approach follows from 3.1.1, but since the model have been added another predictor variable,
the model becomes as seen:

Vi = my+myx; + myx, +e; (3.17)
Re-arranging and squaring both side, we have,
> eiz =Xy —mp—myx; — mzxz)2
Differentiating w.r.t. m,, we have

2
Zei

amg = =22 —myg —myx; —myx,) =0

nMy = X y; —my NxX; — My XX,

Ry = Lyi—my Y X1-mp ¥ Xp (3.18)

n
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where m, and m,, are the slopes
The x,; and x, respectively.

Differentiating w.r.t m, we have;

aye?
e —22(y; —mp —myx; —myx;) =0
1

DX Yi— Mo L X;— My, xiz—mszixz =0
my ) xi2 = XX Vi — My uXy —My N X1 Xy

_ 2X1Yi—Mo L X1—My ¥ X1X1

m
1 Zx%
Also
~ X1Yi—Mg Y. Xo—Mq X X1X
M, = X X1Yi 02 X2 12 X1

2
sz
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(3.19)

(3.20)

Following from the above, the parameters for a multiple linear model can be obtained.

If for;

N~ XYiTMiY X M XXy _Mp Y Xp
my = n

A~
m n v
! Li=1 Vi mozn xXij—m Zn xX;y m
N xi—mo=Y  xiyi—.. n
=17 A= n¥iz1Xn-1%n

- n 2
Zi:lxn

~
m n v

N Yi—1%Yi-m_n n
0Xj=q Xi~M2~Xj=1 X{Xj41 =M

n 2
Yi—1%n

n
_ n-13i-q1X¥n-1%n

Application of analysis of variance (ANOVA).

(3.21)

(3.22)

Analysis of variance popularly known as ANOVA is applied to both the model with intercept and
that without intercept. We obtain the sum of squares of the regression, between treatment, error
sum of square and the sum of square total, see Keller and Warrack (2003). Sum of square treatment
is the test statistic that is used to measure the similarities of the mean samples to each other. It is

given as;

SSrrear = Zi:l n; (fi - 3?)2
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If a large difference is experienced in the between treatment means known as the sum of square
treatment, it means that one and above sample means will considerably differ from the grand mean
as see in Keller and Warrack (2003) in order to know whether or not to reject the null hypothesis,
it is advisable to know how much variation that exist within treatments variation, and this in order
word called sum of square error denoted as SSE. It is given as;

_\2
SSE = 37y 2ty (x5 — %) (3.24)
Which can also be written by expansion as;

SSE = (ny — 1)SZ + (n, — 1)S2. . .+(ng — 1)S?, this is as expressed in Keller and Warract
(2003), Nwaogazie (2011) and Egbule (2008). We proceed to computing the mean squares, for
which mean square for treatment is obtain as;

MSireqr = % that is to say, the sum of square treatment is divided by the number of treatments
in the sample minus 1.

While mean square error = ;ﬂ (3.25)

Where N is the total sample and n is the number of treatments.

We finally compute the F statistic given as

_ MStreat
F =t (3.26)

The hypothesis is built and conclusion drown as shown;
HO: mo = 0
Hl: my *0 (327)

The Fstatistic tell us whether the value of SS;,..4: IS large such that the null hypothesis can be
rejected.

We reject null hypothesis if F > Fa,n —1,u —n (3.28)

t test statistic was applied when interest shifted from observing whether their means u, equal u,
or not to testing if u, is greater than p, and verse versa.

The t statistic used in this research is given as;

A~

Mo
t =
S(Mo)

(3.29)

Where 7, is the estimate of the intercept term in a model with intercept and S(m,,) is the standard
deviation of the intercept term. For slope term 7, the T statistic is given as;
_ M

t
NGEY

see Kutner et al (2005)
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PN 1 x
But S(o) = MSE |-+ Z(xi_f)z] (3.30)
According to Kutner et al (2005).
SSE = X(y; — $1)°
SStotal = Y.(y; — ¥)?
And
SSR =X — )"
And

X(i=Yi _ SSE
MSEgror = % = n—z
MSEpey = 22220 = 55 — §R
x( i~ _)2 SSEtota

MSEyonq = =2 = =t
A typical example of a one way ANOVA is as shown in table 3.1
Table 3.1: A clear ANOVA table containing E(MS) one way
Source of Variation | Df SS MS E-(MS)

i ~" = SSR 2
Regression (Treat) | 1 SSR=) (=9 | $5.= = | &4mi ) (-9

— R SSE 2
Error n=21 ssg= Z(yi —9)% | SSE = 0
n—2
Total -2 —
n S$Srotal = Z(yl - y)Z
The clearer and more simple table for ANOVA is presented in table 3.2 as seen below;
Table 3.2: One Way ANOVA
Source of Variation | Df SS MS Fcal
Treatment (B/W) (k-1) SSireat MS,roar MSreqr
MSE
Error (within) (u—k) SSE MSE
Total (u—k) SST
358

Copyright © authors 2021




bienusrous o of ety . p-ISSN: 2348-6848
J%@ International Journal of Research D SoN: 7348.795X
(UR) Vol. 8 Issue 6
UR June 2021
Results and Discussion
4. Investigating the omission of intercept term using pooled explanatory variables

The computations for pooled explanatory variables are presented in table 1

Investigating the omission of intercept term using single variable x = sugar level without
compressing the variables

The computations for sugar level are presented in table 2

Investigating the effect of the omission of the intercept term for two explanatory variables
(age and sugar level).

The computations for age and sugar level are presented in table 3
testing of hypothesis by evaluating the standard deviation of the intercept term
The computations for the testing of hypothesis are presented in table 4
Application of Coefficient of Correlation and Determination
The computations for coefficient of correlation and determination are presented in table 5
Table 1:
(a) Result summary for model with intercept for blood pressure and pooled variable
Intercept(m,) Slope(m,) Xy —9)
163.88 -0.06 7.78

(b) Result summary for model without intercept for blood pressure and pooled variable
Slope(m,) X(y—-79)
0.308 1.72

Table 2:

(a) Result summary for model with intercept for blood pressure and sugar level

Intercept(m,) Slope(m,) 2 -9)
81.40 0.324 16.84

(b) Result summary for model without intercept for blood pressure and sugar level
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Slope(m ) (-9

0.806 0.734
Table 3:
(a) Result summary for model with intercept for blood pressure and two predictor
variables
Intercept(m,) Slope(m,) Slope(m,) Xy —9)
55.778 0.235 0.202 6.5% 10?2

(b) Result summary for model without intercept for blood pressure and two predictor

variables
Slope(m;) Slope(m,) X0 -9)
0.49 1.25 -25.14
Table 4:

(a)

ONE WAY ANOVA FOR MODEL WITH INTERCEPT FOR COMPRESSED
EXPLANATORY VARIABLES

ONEWAY y BY x
/POLYNOMIAL=1
ISTATISTICS EFFECTS
/PLOT MEANS
IMISSING ANALYSIS.

Oneway
ANOVA
Sum of
Squares Df Mean Square |F Sig.
Between Groups (Combined) 27775.000 19 1461.842 1.33.
Linear Term Contrast |7964.350 1 7964.350 7.24.
Deviation |19810.650 18 1100.592
Within Groups .000 0
Total 27775.000 19
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(b)

ONE WAY ANOVA FOR MODEL WITH

International Journal of Research
(UR)

EXPLANATORY VARIABLES

ONEWAY y BY x
/POLYNOMIAL=1

ISTATISTICS EFFECTS

p-ISSN: 2348-6848
e-ISSN: 2348-795X
Vol. 8 Issue 6
June 2021

INTERCEPT FOR UNCOMPRESSED

/[PLOT MEANS
IMISSING ANALYSIS.
Oneway
ANOVA
Sum of
Squares df Mean Square |F Sig.
Between Groups (Combined) 27775.000 |19 1461.842
Linear Term Contrast 7964.350 1 7964.350
Deviation 19810.650 |18 1100.592
Within Groups .000 0
Total 27775.000 |19
Means Plots
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(c)
ONEWAY y BY x
/[POLYNOMIAL=1
ISTATISTICS EFFECTS
/[PLOT MEANS
IMISSING ANALYSIS.
Oneway
[DataSet0]
ANOVA
Sum of
Squares df Mean Square | F Sig.
Between Groups (Combined) 25125.000 |17 1477.941 1.115 574
Linear Term Weighted ]11485.630 |1 11485.630 8.668 .099
Deviation ]13639.370 |16 852.461 .643 .758
Within Groups 2650.000 2 1325.000
Total 27775.000 |19
Means Plots
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ANALYSIS OF VARIANCE FOR

VARIABLES

International Journal of Research

UNIANOVA y WITH X2 X1
IMETHOD=SSTYPE(L)
/INTERCEPT=INCLUDE

IEMMEANS=TABLES(OVERALL) WITH(X2=MEAN X1=MEAN)

ICRITERIA=ALPHA(.05)
/IDESIGN=X2 X1.

(UR)

Analysis of Variance for model with two predictor variables

Tests of Between-Subjects Effects
Dependent Variable: vy

INTERCEPT MODEL WITH

p-ISSN: 2348-6848
e-ISSN: 2348-795X
Vol. 8 Issue 6
June 2021

TWO PREDICTOR

Type | Sum of
Source Squares df Mean Square |F Sig.
Corrected 118735372 |2 5936.769  |6.347  |.009
Model
Intercept 378125.000 |1 378125.000 |404.247 |.000
X2 1535.620 1 1535.620 1.642 217
X1 10337.917 1 10337.917 11.052 |.004
Error 15901.463 17 935.380
Total 405900.000 |20
Corrected Total |27775.000 19

a. R Squared = .427 (Adjusted R Squared = .360)
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ANALYSIS OF VARIANCE FOR MODEL WITHOUT INTERCEPT FOR TWO PREDICTOR
VARIABLES

UNIANOVA y WITH X2 X1
IMETHOD=SSTYPE(1)
/INTERCEPT=EXCLUDE
/EMMEANS=TABLES(OVERALL) WITH(X2=MEAN X1=MEAN)
/ICRITERIA=ALPHA(.05)
/DESIGN=X2 X1.
Tests of Between-Subjects Effects
Dependent Variable: vy

Type | Sum of
Source | Squares df Mean Square |F Sig.
Model |381142.6272 |2 190571.313 |138.556 |.000
X2 348350.626 |1 348350.626 |253.270 |.000
X1 32792.001 1 32792.001 23.842 .000
Error |24757.373 18 1375.410
Total 405900.000 |20

Squared =.939 (Adjusted R Squared = .932)
. R Squared = .939 (Adjusted R Squared = .932)

Table 5: summary of result for coefficient of correlation and determination
(@) Model with intercept for pooled variable

R R?
-0.536  0.287

(b) Model with intercept for sugar level

R R?
0.664  0.441

( ¢) model with intercept for two predictor variables ( age and sugar level)

2 2 2
rxl rXZ Rx1 sz Rxle rxle

0.610 0.235 0.372 0.055 0.427 0.654

(d) ) model without intercept for two predictor variables ( age and sugar level)
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2 2
rxl 2 Rx1 sz

0.926 0.858 0.284 0.081

4.6 Discussion of Result

For model with intercept with pooled x variables for a simple linear regression, it was discovered
that the intercept term is positive and is equal to 163.88 which signifies a 50.12 reduction in the
value of the intercept obtained by Sameera (2014) when a multiple linear regression of all the
variables were considered. It was also discovered that the slope of the predictor variable (sugar
level) is equal to -0.06, while that of the Sameera (2014) was estimated at 0.0839. the coefficient
of correlation for -0.06 is negative and that of 0.0839 is positive. This shows that the combination
of all the explanatory variables in a simple linear regression gives a contracting or opposite result
to that obtained when the variables are fitted using a multiple linear regression. For model without
intercept, using the pooled x variables for a simple linear regression model, it was observed that
the slope of the data without intercept was 0.308 and that obtained by Sameera (2014) with a
multiple linear regression for sugar level was 0.0850 both being positive. This shows that the
estimation of the slope for a simple linear regression with pooled variables has better slope than
that obtained by Sameera (2014) for multiple linear regression without intercept. It was observed
that by omitting the intercept term, the value of the slope increases to 0.308 from -0.06 which
shows a 24.4 percent increase in the slope.

For model with intercept for sugar level x for a simple linear regression, the intercept is estimated
as 81.40 and the slope was 0.324, while for model without intercept for sugar level, the slope is
0.806, this also shows that by omitting the intercept term, the value of the slope increases to 0.806
from 0.324 showing a 48.2 percent increase in the slope. For model with intercept for sugar level
and ages of the 20 persons, it was discovered that for model with two explanatory variables sugar
level and age, the intercept is estimated at 55.778 and the slope for age is 0.235 and that of sugar
level is estimated at 0.202, while for Sameera (2014), the intercept was estimated at 214 and the
slope for age was 1.39 and slope for sugar level was 0.0839. this shows that the slope for age is
greater than the slope for sugar level for both Sameera (2014) and this current work. This means
that the age of a person contributes more to the person’s blood pressure than the sugar level. But
sugar level is seen contributing more than the age on the basis of coefficient of correlation and
determination for model with intercept also, the opposite is the case for model without intercept,
where the age out performs the sugar level on the basis of coefficient of correlation and
determination. This generally reveals that, the model without intercept is opposite in performance
to the model with intercept.

For model without intercept for in two explanatory variables (sugar level and age). The slope for
age from Sameera (2014) is greater than that obtained in this research with about 20 percent
increase while the slope for sugar level from this research is seen greater than the slope for sugar
level from Sameera (2014) with about 40.95 percent increase. It is seen here that the age has higher
slope than that of sugar level which have been interpreted above.

By testing hypothesis, it was observed that the model with intercept is significant, which means
that, it is advisable to build a model with intercept term when modeling the blood pressure of
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people with their sugar level and age. This is also true for the model with intercept term for blood
pressure against the sugar level. Whereas for model without intercept, it is discovered that the
intercept term is insignificant in modeling the blood pressure against the explanatory variables.
That is to say, the exclusion of the intercept term forced the model through the origin. The analysis
revealed that the data used for sugar level is better than the pooled data in fitting the blood pressure
of human beings, this means that the addition of the explanatory variables to get a single
explanatory variable amounts to loss of information. This was revealed by the value of mean square
error of 1100.592 for pooled variable and 1325 for single variable which is sugar level. This clearly
explains that it is better to conduct a simple linear regression for each of the explanatory variables
under study against the response y, than to add all the explanatory variables to make then a single
variable in order to use simple linear model, especially when multiple linear regression is not to
be used for one reason or the other. When intercept is removed from a model, it was discovered
that the mean square error increases than when intercept is not removed. The higher the mean
square error, the smaller the F value. This research also proves both theoretically and numerically
that obtaining least square estimate for the slope m, in a model without intercept yields the same
result with that, when you substitute intercept m, = 0 in a least square estimate of the intercept in
a model with intercept. Finally, as revealed in the plots for the blood pressure against the pooled
explanatory variables in Appendix G, the blood pressure against the sugar level in Appendix H
and the blood pressure against two explanatory variables (age, and sugar level) in Appendix I, the
relationships between the response which is the blood pressure and the explanatory variables are
not stable. This could be

Conclusion

The effect of the omission of intercept term in a linear model was considered using least square
estimate and matrix approach in estimating intercept and slope for model with intercept and for
estimating only slope for model without intercept. It was discovered that estimating the slope by
method of least square yields the same result with substituting intercept as zero in the least square
estimation of intercept in a model with intercept and the theorem was proposed to this respect and
the prove was shown. It was revealed that the combination of all the predictor variables in a simple
linear regression gives opposite result to what is obtainable when the combined predictor variables
were used for a multiple linear regression. It was also observed that this research was in agreement
to what was obtained by Sameera (2014) for both model with or without intercept, except for the
pooled variables for linear regression and the multiple linear regression model built by Sameera
(2014). sugar level is seen contributing more than the age on the basis of coefficient of correlation
and determination for model with intercept also, the opposite is the case for model without
intercept, where the age out performs the sugar level on the basis of coefficient of correlation and
determination. This generally reveals that, the model without intercept is opposite in performance
to the model with intercept.

The study reveals that there exists high level of unstable relationships between the response
variable (blood pressures) of human beings and the explanatory variables which are, height,
weight, sex, sugar level, age, it is evident in the plots seen in Appendix G, H AND I. The unstable
relationship witnessed could be as a result of different body chemistry for different individuals.
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