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Abstract

In this research, a factorial experiment 23 was studied through a balanced mathematical model
applied in a complete random design (CRD) to show the effect of the main factors and the interactions
between the factors through the use of the general linear model in which the design matrix (X X) has
less than full rank and thus the parameters vector (/) is neither estimable nor testable. Therefore,
the re-parameter method and conditional inverse were used to transform the design matrix (X' X)
to a full-rank matrix, so that the parameters vector () is capable of estimable and testable, after
analyzing the experiment data and testing hypotheses it was found that the interactions (aﬁ’y);‘jk
and (af);; are not significant, while the factors (a);, (8);, (7), and the interactions (ay);, and
(87);), have significant effects.

Keywords: Three factors, balanced, estimable, treatment, general linear model, testable, less than
full rank, conditional inverse, ANOVA, full rank, test, statistic, generalization, reparameterization.

1. Introduction

Analysis of variance (ANOVA) is a statistical tool used extensively in the biological, psychological,
medical, ecological, and environmental sciences, Design of experiments begins with determining the
objectives of an experiment and selecting the process factors for the study. An experimental design
is the laying out of a detailed experimental plan in advance of doing the experiment, Well-chosen
experimental design maximizes the amount of “information” that can be obtained for a given amount
of experimental effort.

*Corresponding author
Email addresses: wisam.saleem1101@coadec.uobaghdad.edu.iq (Wisam Wadullah Saleem),
drasmaa.ghalib@coadec.uobaghdad.edu.iq (Asmaa GHalib Jaber)

Received: January 2022  Accepted: February 2022


http://dx.doi.org/10.22075/ijnaa.2022.6150

3734 Saleem, Jaber

There are two types of experiments in the design of experiments: first, simple experiments, and
secondly, factorial experiments. The researcher will be interested in a factorial experiment that
contains three factors through the use of a factorial experiment (23) applied in a complete random
design (CRD) to show the effect of the main factors and the interactions between factors through
the use of the general linear model or general multivariate regression model is a compact way of
simultaneously writing several multiple linear regression models. In that sense it is not a separate
statistical linear model.

The general linear model incorporates a number of different statistical models: ANOVA, AN-
COVA, MANOVA, MANCOVA, ordinary linear regression, t-test and F-test. The general linear
model is a generalization of multiple linear regression to the case of more than one dependent vari-
able [8]. The aim of the research is to apply the reparameterization method and the conditional
inverse to a factorial experiment (2%) using the general linear model, as the problem was the impos-
sibility of analysis when using the general linear model because the design matrix with less than full
rank, where the less than full rank of the matrix was treated using two methods of reparameterization
and the conditional inverse, analyze the experiment data and get the results.

2. Factorial Experiments

These are experiments in which the interest is to study the effect of two or more factors in one
experiment, using all possible combinations between many different levels of the factors to be studied.
These experiments are used to study the main effects of each factor individually, as well as study the
interaction at the same time. [1]

The reason for studying the Factorial experiments:

1. The presence of more than one factor affecting the experiment in order to shorten the time
instead of designing an independent experiment for each factor

2. Finding the interplay between the factors affecting the experimental material

3. It is not possible to perform several experiments. [2]

3. Three-factor Interaction Model

In factorial experiments in which each factor has only two levels, the number of treatments will
be equal to 2". If factor A has two levels, Factor B has two levels, and Factor C has two levels. So,
the number of processors used in the experiment (22 = 8). Which (agbocog = 1 . agboc; = ¢ . agbicy =
b . aghic; =be . arbycy = a . arbocy = ac . aybicy = ab . a1byc; = abe)

The mathematical model of the factorial experiment is:

Yijt = B+ i+ B+ + (aﬁ)i]’ + (7)) + (57)jk + (Ofﬁ'y)ijk + Eijkl

. ) (3.1)
i=1,2  j=1,2 k=12

Where, «; denotes the effect of the i*" level of factor A, §; is the effect of the j™ level of factor B,
i, is the effect of the k™ level of factor C, (af), ; denotes the interaction between the ith level of

factor A and the j™ level of factor B, (ay),, denotes the interaction between the i level of factor
A and the k™ level of factor C, (37) ;& denotes the interaction between the j™ level of factor B and

the k' level of factor C, (afy), s denotes the interaction between the it" level of factor A and the

5" level of factor B and the k** level of factor C, and eiji the error term associated with v [4].
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4. Determining Interactions for a Completely Randomized Factorial Design

The interactions in a design can be determined by writing down all combinations of treatment
letters while preserving the alphabetical order of the letters. For example, the letters for treatments
A, B, and C can be combined as follows: AB, AC, BC, and ABC. Interactions that involve two letters
are called two-treatment interactions, first-order interactions, or double interactions. If three letters
are involved, the interaction is a three-treatment interaction, second order or triple interaction, and
so on [B]. Three treatment letters (A, B, C) can be combined as follows:

Tow treatment interaction: AB AC BC

Three treatment interaction: ABC

In general, the number of two-, three-, and so on treatment interactions in completely randomized
factorial designs is given by the combination of (t) treatments taken (1) at a time:

t!
t_ 4.1
G It —1)! (4.1)

where (t) is the number of treatments in the design, and () is the number of letters in the interaction.
For example, a three-treatment design has two-treatment interactions:

3!

TCE) (42)

for three-treatment interactions: 31

31(3—3)
The Figure |1{ shows the levels of the three factors with interaction [9].

Cy = 1 (4.3)
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Figure 1: factorial experiment (23)

This design enables a researcher to test hypotheses concerning treatments A, B, and C and the
AB, AC, BC, and ABC. interactions [5].

5. Tests of Hypotheses

To test hypotheses for a factorial experiment 23, where i = 1,2, j = 1,2, k = 1,2 and
i#i,7#7, k#FK there are three cases of tests which are [6]:
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Main Effects Hypotheses For each of the factors, we consider the comparison of the mean over
all levels of the factor. Thus the three main effects hypotheses are.

Hop : pi. = py  (Equal levels of factor «)
Hog i pij. =iy, (Equal levels of factor f)
Hos:pp=p o (Equal levels of factor =)

. Two-Factor Interactions

For each pair of main effects (Binary interactions), we consider the two-factor interaction con-
straints, when averaged over all levels of the other factors. Thus the three Binary interactions
hypotheses are.

Hyp o puig — . — pyy +pyy. =0 (No interaction for all i and j)

His g, — pyy, — iy + e =0 (No interaction for all i and k)

Hoz @ pujr. — g, — g+ pyy. = 0 (No interaction for all j and k)

Three-Factor Interaction Hypothesis For each of the three-factor interaction, we consider the
three-factor interaction constraints, when averaged over all levels of the other factors. Thus
the three interactions hypotheses are.

: :u’bjk' + :Uz‘j’k:’ + Iui/jk, —+ lui/j/k — /J/Z]k’/ — /_j,wlk — /J’Z,]k — /J,Z./j/k_/ =0 (NO interaction fOl” all 7 and j)

For the purpose of testing the model in equation (3.1)), we take into account a factorial experiment
(three factors and two levels for each factor) with a frequency (4.1]) for each factorial treatment as
shown in the Table [Tl

Table 1: Data layout for a three-factor design with 23 and r = 2

A
1 | 2
B
Replicate 1 2 1 2
1 1 Y1111 Y1211 Y2111 Y2211
c 2 Y1112 Y1212 Y2112 Y2212
2 1 Y1121 Y1221 Y2121 Y2221
2 Y1122 Y1222 Y2122 Y2222

6. General Linear Model

The General Linear Model (GLM) underlies most of the statistical analyses that are used in
applied and social research. It is the foundation for the t-test, Analysis of Variance (ANOVA), Anal-
ysis of Covariance (ANCOVA), regression analysis, and many of the multivariate methods including
factor analysis, cluster analysis, multidimensional scaling, discriminant function analysis, canonical
correlation, and others [§].
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1. Design Model.
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Consider the general linear model Y = X B +¢, where Y is an observable ( n x 1) random
vector, X is an (n x p) matrix of rank K of observable nonrandom variables (where
n>p > K), Bisa (px 1) vector of unknown parameters, and (¢) is an (n x 1) non
observable random vector. This model is defined to be a design model if and only if the

elements of X consist of the numbers 0 and 1.

2. Design Matrix.

An (n x p) matrix (X) is defined to be a design matrix if and only if (X) can be partitioned

as Xo,Xl, ..

1. the elements of the matrix are the numbers 0 or 1.

., Xy, where X, is an (n x ¢;), matrix and satisfies the following:

2. for each susmallmatrix X;,7 = 0,1, ..., ¢, every row contains exactly one element equal to 1 (the
remaining elements in each row are zeros).

3. for each X;,i = 0,1, ..., ¢, every column contains at least one non-zero element. [3]

In matrix form the model with 2% and r=2 is:

where:

Q
=

Q
M
™
iy
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The matrix (X) is order (16x27), vector (/3) is order (27x1), vector (y) is order (16x1), and vector (e)
is order (16x1), it is assumed that (¢) is a normally distributed random vector with mean (0) and
variance o21.

We note that the matrix (X) has less than full rank, that is, the first column of the matrix is
equal to the sum of the remaining columns, so the columns are linearly related, and thus neither the
inverse nor the determinant of it can be found because it is unique. Therefore, the following equation
(6.7) will be used to show the possibility of estimating and testing the vector (/).

LH=1L (6.7)
Where:

000000010001000100010000000
0000000100001 00010001000000
000000001001000001000100000

L = 000000001000100000100010000 (68)

000000000100010100000001000 :

000000000100001010000000100
00000000001 0010001000000010O0
000000000010001000100000O0O01
roooooo000000000000000000000M7
00000000000000O00O0O00OD0OD0OOOOOOOOO
000000000000000000000000000
00000000000000O00O0OD0OD0ODOOOOOOOOO
000000000000O0000O0ODO0D0ODODOODODOOOOO
000000000000000000000000000O0
00000000000000O00O0OD0OD0ODOOOOOOOOO
000000000000000O0ODO0D0ODODOD0ODODOOOOO
000000000000000000000000000
00000000000000O00O0O0D0OD0ODOOOOOOOOO
000000000000O000O0OD0O0ODODO0ODODOOOOO
000000000000000000000000000O0
00000000000000O00O0O00OD0ODOOOOOOOOO

H: 00000000000000O0OO0O0OOODOOOOOOO (69)
000000000000000000000000000O
00000000000000O00O0O0OD0ODOOOOOOOOO
000000000000O0000O0OD0O00OD0ODO0ODODOOOOO
0000000000000000000O00O0000O00O
000000000000000O00O00O0O0OOOOOOOOO
110100110000100010001000000
110000010000100010001000000
110011001001000001000100000
110010101000100000100010000
101101000100010100000001000
101100100100001010000000100
101011000010010001000000010
L10101010001000100000000000 14

! c !
H= (X X) <X X) (6.10)

After applying the formula it was found (LH # L), the vector (/3) cannot be estimated, i.e.
every part of the vector (parameters) is unestimable and untestable, in the full-rank model the system
of regular equations has exactly one solution; In the less-than-full form, there are many solutions
to the system. The immediate problem is to find a general method for solving ordinary equations
in a less than complete order model. For the purpose of addressing this defect in the rank of the
matrix, Statisticians have developed a number of techniques for obtaining parameter estimates that
circumvent the rank deficiency of X. The three most widely used techniques involve the following:

1. Placing restrictions on the unknown parameters

2. Reparameterization solving for (r) linear combinations of the original parameters, where (r) is

the rank of X

3. Using a generalized inverse. [7]
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7. Reparameterization and Generalized Inverse

This method is used when a matrix (x) is of less than full rank, and thus the model cannot be
estimated and therefore cannot be tested. The aim of this work is to obtain a matrix that is of
full rank, and therefore the design model is a regression model, and thus the model can be used
for estimation and testing, and to obtain a matrix with A full rank is by integrating the effect
of the general trend in addition to the effect of the treatments, meaning that the model (3.1 is
Reparameterization to the model (7.1)) as follows [3 [12]

Yijki = Mijk + €ijki (7.1)
where as
pijk = p+ o+ B+ + (aﬁ)ij + (7)), + (57)]'1@ + (aﬁ’y)ijk (7.2)

we can write the following identity in ( ;%)

pir =1+ @ —n.)+ (B, —6.)+ @ —5)+ (B — . — R, +0.)+
(Big — M. —Fp +0)+ (B —Fy — B, +0.)+

(1ijn — P, — Pik — B Ty, T 1+ [ — ) (7.3)
g = o) 4 B A+ (aB)y; A+ ()i, + (875 + (@BY)5 (7.4)

where =7,
&\f = (f;. — 1) (7.6) (@’Y)ik; = i — My — g T (7.9)
@By = Fiy — T — g+, (17)  Oi= Ex=h) 7-10)
A;f — (ﬁ.j. — ﬁ) (7_8) (BW)jk = Mg —H; — PR+ (7-11)
(0457)1']'14 = Mijk — Pyj. — Hig — Hjp T My [ T [ — [ (7.12)

and

a b c
A= S S = w4 B 4T 4 @B), 4 () + B+ @B, (T13)

i=1 j=1 k=1
1 b c _
i, = 3 SN wigp=pn+oi+B+7 + (@B), + (@), + (B7). + (aB);. (7.14)
j=1 k=1
1 a C
Bj=— SN mgp=pt+a+ B+ + (@) + (ay) + (B, + (aBy) . (7.15)
i=1 k=1
1 a b .
fr= — SN i =p+a+B8 ++ (@B)_+ (@), + (BY) s+ (@By) (7.16)

i=1 j=1
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g, = %Z i = pto+ B +7 + (aB)y; + (), + (B7) ;. + (aby),;
k=1
b
Hi g = % Z Hijk = Jb+ Q; + B+ + (@B); + (a7);y + (BY) & + (af)y,
j=1
B = %ZMM = p+a + B+t (af),; + () 4+ (BY) i + (@BY) ju
=1
where
- dm w20 G, =Yy
"
B.= b (7.21) (o) L= Z (« a)i.k
= 22:1 7.k i=1
vy o= - (7.22) )
N (67)jk
L a b (&B)Z] (B7) k= b
(@) =>.> — (7.23) st
=t BT = - Zb:( BY) i
(o). = ZZ azclk (7.24) ==
i=1 k=1 L a Zb: (Oz,@)
e — (OéB)z = =
By). = ZZ Bv 2 (7.25) P ab
oA “(aBY) i
a b (aBv), = <
(@) =32 Z aizc”’“ (7.26) 2
ey @)y
(@), =
S b, (ap) EA ac
(aB);. =) — (7.27) = k(l |
=1 B7)i;
’ () (@) = Z - Z :
(ay); =)~ (7.28) = "
7j=1 I Y ik
a BN = ’
@, =y e (7.29) toEE
ijl a —<056’>/> _ - (Oéﬁ’}/)”k_
B, = (ﬁz)f’“ (7.30) e a
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(7.17)

(7.18)

(7.19)

(7.31)

(7.32)

(7.33)

(7.34)

(7.35)

(7.36)

(7.37)

(7.38)

(7.39)

(7.40)
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Thus, the model ([7.1)) can be expressed using equations from ([7.3)) to (7.40)) as follows:

v = (p+a +B.+7 + (@B )+ (@7 )+ (Bv.)+ (aBv.))

+(w—a +(af;) = (B )+ (@7,) — (@7 ) + (afv,) — (aBy.))

+ (B =B+ B,)— (@B )+ (By,)— (Br.)+ (afy,;)— (afy.))

+ (e =+ (@) — @7 )+ By.h) — (Br.) + @By 1) — (aBy.))

=+ (a_ﬁz‘j. + (04_%]> — (af;.) — (afy;) — (045_3‘.) - (0‘_57;> +(aB.)+ (04_57))

+ (@) + (@Byip) — (@7,) — (aBy,) — (@7.4) + (@7 ) + (aB7.))

+ ((By ) + (@B ) — (Br,) — @By ;) + (By.s) — (aBvy.i) + (By.) + (aBy.)) +

(@BY) i — (@By35) = (aBv,4) — aBy i+ (@By,) + (aBy ;) + (@B ) — (Oéﬂ'y,..)) (7.41)
LYk = 1ol + 87+ g+ (aB)y + ()i + (B7) 5 + (@B + Eim (7.42)

Model ([7.42)) is the result of reparameterization model (3.1]) as in the above steps.
The sum of the main effects of the factors and the binary and triple interactions are as follows:

a b c a b
i=1 j=1 k=1 i=1 j=1
a c b c a b c
Z Z (@) =0, Z Z (57); =0, Z Z Z (aﬁv);}k =0
=1 k=1 j=1 k=1 i=1 j=1 k=1

After doing the reparameterization process for matrix (X) and model , if a full-rank model
is obtained, the vector () will be testable and estimable. If a full-rank model is not obtained, we
use the conditional inverse method, which states that the smallest matrix of (X) whose determinant
is not equal to zero is chosen and is of full rank according to the following steps

Let (X'X) be less than full rank. To find a conditional inverse (X X)

1. Find any nonsingular (r*r) minor (M) from (X X)

/

2. Find (M) and (M~1) .
3. In (X'X) Replace each element of (M) by the corresponding element of (M) |
4. Replace all other element in (X X) with zeros.

5. Transpose the resulting matrix.

6. The result is (G), a generalized inverse of (X' X) .[12][13]

As the rank of the matrix (X X) with dimensions (27%27) is less than the full rank and its rank
is (8), we apply the steps of the conditional inverse.

1. We choose an matrix with rank (8) from the matrix (X X) let it be (M) be an nonsingular
matrix.
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1
[elelolelolalala]

[e]elelolelalo jen]
OO OoNOO
SCOOONOOO
SOONOOOO
[ejeio) [en]er]e]enlen]
(=] [es]enjen]en]enlen]

[a\[elelenjenlenlenlen)
I —

I
=

Replace all

/

3. In (X'X) Replace each element of (M) by the corresponding element of (M) .

other element in (X' X) with zeros. Transpose the resulting matrix.

2. Finding the inverse and transpose matrix (M).
4. The result is (G), a generalized inverse of (X' X).

O
Il

I 1

[elelaelalelalolelelalolelaloelelelololololololololola o]
[elelelolelalolelelalolelalololelelolololololelololo ]
(elelelelelelolelelelolelelaololelelololelololelololo ]
(elelelelelelolelelololelelololelololole]elolelololol]
[slelelelelalalelelalalelalslelolalalololalolelalla o]
[clelelelelalalelelalolelalslelelalalololololololola o]
[eleleloelelalolelelalolelelolelelelololololololololo o]
(elelelolelalolelelalolelelaelolelelololelolololololo ]
(eleleleleleloelelelaelolelelololelelolole]ololelo]olo ]
[slelalelelalalelelalalelalnlalalalalololelelelalla o]
[slelelelelalalelelalolelalslelelolalolololololalla o]
[elelolalelalolelelalolelelolelelelololololololalola o]
(elelelelelalolelelalolelelololelelolololololololololo]
(eleleleleleloelelelelolelelaololelelolole]ololelo]olo ]
(elelelelelelolelelololelelololelelolole]ololelololo ]
[slelelelelalalelelalalelalslelelalalololo o]l o]
[elelaelalelalolelelalolelelolelelelololololololalola o]
[elelelolelaloelelelalolelalololelelololelololelalolo o]
(elelelelelelolelelalolelelololelelololo]olololololo ]
L ]

Il
O

0

0

) are estimable and testable.
0

=0

ijk —

*
ijk
*
ij
= (),
* —_—
ik T
0,
*
ik
*
Y

!

(aB)
()
(B7)
(af37)
BYX

d(aBy)
B

JEan
Hy:a; =0,
Hy
Hy
Hy -

Hy:~
Hy
Hy

*

(B7)
SS (Full)

*
ik

(a7)

*
ij

(ap)
It is noted from the above that the whole previous process is a reparameterization and conditional

inverse now it is possible to test the following hypotheses:

*
k

*‘/.y

B

J

*

Then (u*.c

(2

The regression sum of squares for the reparametrized full rank model is thus given by [I1]:
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Or
b
Z?:l Zj:l 2221 y?gk

r

SS (Full) = (7.51)

B =GX'Y (7.52)

The reduced model is calculated according to the tested hypothesis, for example if the following
null hypothesis is required to be tested:

Hy : (), =0

The interference to be tested according to the above null hypothesis must be deleted from the model,
so that the model ((7.42)) becomes as follows:

Yijiw = "+ af + B7 + i + (aB)i; + (87) 5, + (aBy)i + €ijm (7.53)

And the sum of squares of the reduced model (7.53)) contains all the coefficients and interactions
except for those to be tested in the null hypotheses ((a);, ), as follows:

a b c a c
D i Zj:l > ket y?jk _ D it Dkt Yik.
br

r

a 2 c 2 2
Ei:l Yi.. + Zk:l Yk Y. (7.54)

S5 (Reduced) = ber abr aber

_|_

And the sum of squares of the reduced model in the case of hypothesis testing (Hy : o = 0) is as
follows:

a b C a
D1 21 Dbt Vi, Cialil n Y.
T ber aber

The sum of the reduced squares for the hypotheses (([7.45)),(7.47)),(7.44]),(7.48]),(7.49)) is as follows,
respectively:

SS (Reduced) = (7.55)

a b c b
Zizl Zj:l Zk:1 y?jk B Zj:l ZUQJ n y2

SS (Reduced) = 7.56
(Reduced) r acr aber (7.56)
¢'1, b c 2 c 2 2
S (Reduced) | iz 2 2k Vi Y W (7.57)
r abr aber
a §b oy @ yb 2 a2 b 2
SS (Reduced) :Zzzl 23:1 Zkzl yl]k. B Zzzl Z]:l yzg.. + Zz:l Yi + 23:1 y] B Yy (758)
r cr ber acr aber
a b c 2 b c 2 b2 c 2 2
SS (Reduced) :Zzzl Z]:l Zk:l Yijk. o Zg:l Zk:l Yik. 4 Z]:l Y. I Zk:l Yk _ Yy (759)
r ar acr abr aber
a b 2 a c b ¢ 2 a b 2
SS (Reduced) :Zizl ijl Yij.. n D i1 Dok Yk n Zj:l 2 k=1 Y. _ D Vi _ Zj:l Y.
or br ar ber acr
c 2 2
_ 2 Yo Y (7.60)

abr aber
The sum of squares of the tested hypothesis is the product of subtracting the sum of squares for the
total regression and the sum of squares for the reduced model, as follows:

SS (Hypothesis) = SS (Full) — SS (Reduced) (7.61)
SSe(error) =YY — 8" X'y (7.62)
2
/ )
T vy — Yo .
SST (corrected) o (7.63)
SST (uncorrected) = Y'Y (7.64)
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And the computed value (F,;) is as follows:

SS(Hypothesis)
df (Hypothesis)
SSe(error)

Fdf(Hypothesis) df (error) —

df (error)

Saleem,

The analysis of variance tables for the tertiary, binary, and main interactions are as follows:

Table 2: Analysis of Variance for Interaction (af7)

*

Jaber

(7.65)

Sources of variation Degrees of freedom Sum of squares Mean square F
Regression abe SS(Full) MS(Full)
Reduced ab+ac+bc—a—b—c+1 SS(Reduced) MS(Reduced)
Hypothesis (a—1D(b-1)(c—1) SS(Hypothesis) MS(Hypothesis) F = %‘W
Error aber — abe SSe(error) Mse (error)
Total(Uncorrected) aber
Total(corrected) aber — 1 SST
Table 3: Analysis of Variance for Interaction (ay)7,
5.0.V D.F S.S M.S F
Regression abc SS(Full) MS(Full)
Reduced abc—ab+a+b—1 SS(Reduced) MS (Reduced)
Hypothesis (a=1)(b—1) SS(Hypothesis) MS (Hypothesis) F = %
Error aber — abe SSe(error) Mse (error)
Total(Uncorrected) aber
Total(corrected) aber — 1 SST
Table 4: Analysis of Variance for main Factor ()]
S.0.V D.F S.S M.S F
Regression abe SS(Full) MS (Full)
Reduced abc —a+1 SS(Reduced) MS (Reduced)
Hypothesis a—1 SS(Hypothesis) MS (Hypothesis) F = %
Error aber — abe SSe(error) Mse (error)
Total(Uncorrected) aber
Total(corrected) aber — 1 SST

And the analysis of variance tables for the hypotheses ((7.45)),(7.47),(7.44),(7.48),(7.49)) are the
same as the tables above, taking into account the degrees of freedom according to the coefficients

used in the hypothesis.

8. Application

A 23 factorial experiment was carried out on methods of cultivating cauliflower. The factors were
1. Fertilizers applied in spring or summer
2. Spraying or nonspraying
3. Irrigation or lack of irrigation

The experiment was performed twice, and the percentage of poor quality cauliflower was observed

in each case. The data for the experiment was as in the following Table [10].
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Table 5: Data from 2% a factorial experiment on cauliffower cultivation methods

A
Spring I Summer
B
Replicate Spray Nonspray Spray Nonspray
. 1 20.5 28.7 26.2 37.5
Irrigated
c 2 19.7 31.3 29.9 35.0
1 24.8 21.8 19.7 29.
Nonirrigated 4 4
2 26.5 26.0 27.0 26.6

The results of the application using equations ((7.50)),(7.51)),(7.52)),(7.54)-(7.65)) ) and according
to each hypothesis (7.43))-(7.49) are as in the following tables:

*

Table 6: Results of the analysis of variance for Interaction (af7)

ijk
5.0.V D.F S.S M.S F
Regression 8 11926.46 MS(Full)
Reduced 7 11910.06 MS (Reduced)
Hypothesis 1 16.41 16.41 2.41™5
Error 8 54.50 6.81
Total(Uncorrected) 16 11980.96
Total(corrected) 15 392.438

Table 7: Results of the analysis of variance for Interaction (a3);;

S.0.V D.F S.S M.S F
Regression 8 11926.46 MS (Full)

Reduced 7 11920.94 MS (Reduced)

Hypothesis 1 5.523 5.523 0.81™#
Error 8 54.50 6.81

Total(Uncorrected) 16 11980.96

Total(corrected) 15 392.438

Table 8: Results of the analysis of variance for Interaction (ay)j,

S.0.V D.F S.8 M.S F
Regression 8 11926.46 MS(Full)

Reduced 7 11964.9 MS(Reduced)

Hypothesis 1 38.44 38.44 5.64*
Error 8 54.50 6.81

Total(Uncorrected) 16 11980.96

Total(corrected) 15 392.438
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Table 9: Results of the analysis of variance for Interaction (37);
5.0.V D.F S.S M.S F
Regression 8 11926.46 MS(Full)
Reduced 7 11984.22 MS (Reduced)
Hypothesis 1 57.76 57.76 8.48*
Error 8 54.50 6.81
Total(Uncorrected) 16 11980.96
Total(corrected) 15 392.438
Table 10: Results of the analysis of variance for main Factor ()]
S.0.V D.F S.S M.S F
Regression 8 11926.46 MS(Full)
Reduced 7 11862.46 MS(Reduced)
Hypothesis 1 64 64 9.4*
Error 8 54.50 6.81
Total(Uncorrected) 16 11980.96
Total(corrected) 15 392.438
Table 11: Results of the analysis of variance for main Factor (6):
S5.0.V D.F S.S M.S F
Regression 8 11926.46 MS (Full)
Reduced 7 11816.21 MS (Reduced)
Hypothesis 1 110.250 110.250 16.18*
Error 8 54.50 6.81
Total(Uncorrected) 16 11980.96
Total(corrected) 15 392.438
Table 12: Results of the analysis of variance for main Factor (v),
S.0.V D.F S.S M.S F
Regression 8 11926.46 MS(Full)
Reduced 7 11880.89 MS(Reduced)
Hypothesis 1 45.56 45.56 6.69*
Error 8 54.50 6.81
Total(Uncorrected) 16 11980.96
Total(corrected) 15 392.438
9. Results

*

1. From the Tables 6{and |7} we notice that the interactions (a37);;, and (a3);; are not significant,
that is, the null hypothesis that assumes that the interaction is equal to zero is not rejected.

2. From the Tables ' ,

and we notice that the factories («)

*
1

(8); and ()

*

p an

d

the interactions (avy);, , (87);, have significant effects, i.e. rejecting the null hypothesis that
imposes equality with zero.

10. Conclusion

The reparameterization and conditional inverse methods were used for a factorial experiment (2°)
applied in the complete random design to treat the less than full rank of the design matrix in the
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general linear model, and the results were obtained by estimation and testing after converting the
design matrix to the full rank and the results of the effects of the main coefficients and the interaction
between factors were obtained.
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