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Modeling the Yield of Glycine max (L.) MerrillUsing Mixture Process Variable Model within
anOptimal Split-Plot Design

Abstract

A mixture design has become famous in statistical modeling in a mixture process variable
experiment owing to its usefulness in modeling the blending surface that predicts the response of
any mixture empirical. The Mixture blends included Manure from cows, chickens, goats, and
sheep while the process variable were seeding rate of Glycine max seeds and the PH of the soil.
The effect of variety of the seed used was established through variation of seeds per acre with
uniform application of organic and inorganic fertilizer.This study's main aim was to determine
the best desirable split-plot design for performing the Glycine max experiment with the settings
mixture-process variables. The split-plot design (SPD) was used to solve the problem restricted
randomization. It constituted a simplex centroid design (SCD) of four design points of mixture
components and 22 factorial design with a central composite design (CCD) of the process
variable. We formulated a new Scheffe model and the proposed design for SPD for the combined
second-order mixture process variable model with CCD. We used the restricted maximum
likelihood method to approximate values for P parameter models within the SPD. We also found
the effect of mixture component at vertices of components of the mixtureplus with interaction
effect between mixture and process variable to have the highest impact on the growth and pod
development of Glycine max. The optimum total yield of Glycine max for variety R184 and
Blyvoor used in Bushel per acre was 180.53 and 219. 217, respectively on the Whole Plot with a
PH of soil being 5.4. The mean response maximum optimum vyield for the total number of pods
per plant and seeds per pod of Glycine max were found to be 32.30 and 2.331, respectively. We
recommend using SPDs in experiments involving mixture settings formulations to measure the
interaction effects of both the mixture components and the processing conditions like a PH of the
soil and seeding rate.

Key words: Process variable, Mixture design, Simplex centroid design, Split plot design, Soil
PH

1.0 Introduction

A mixture design has become popular in statistical modeling in a mixture process variable
(MPV) experiment owing to its usefulness in modeling the blending surface that predicts the
response of any mixture empirical (Cook et al.,2004; Cho,2010; Njoroge et al.,2017; Sitinjak, M.
A., and Syafitri, 2019). In MPV, the response is a function of the mixture part proportion and the
process variable. The explanatory variable and response in mixture experiments are dependent
only on the relative proportion of the mixture ingredient, not on the mixture's volume. (Cornell,
1988; Goldfarb et al., 2003). Process variables are variables that do not make up a portion of the



mixture in an experiment but influence the ingredients' blending properties when their levels are
modified. (Cho, 2010; Goos and Donev, 2007).

Glycine max is known as a leguminous seed. It contains a high percentage of high-quality protein
(40-42) and oil (18-20%), and other nutrients such as calcium, iron, and glycine which helps to
prevent diseases like heart disease, cancer, and a slew of others, according to Jackson (2016).1t
also improves soil fertility by fixing significant atmospheric nitrogen levels by root nodules and
leaf fall on the ground at maturity.

Glycine max production in Kenya is still inadequate, according to Mahasi et al. (2011), averaging
2000-5000 metric tons per year. However, due to functional and economic considerations, some
process variables (noise variables) are challenging to modify in some cases. According to
Goldfarb et al. (2004b), these limitations prevent complete randomization of the experimental
runs. Incomplete randomization of experimental runs has become one of the leading causes of
cereal crop yield declines. Many researchers (Chad Lee and Herbek, 2005; Lee et al., 2008;
Tittonell et al., 2008; Wanyama, 2013) believe that other variables are also to blame if they are
not well considered, such as seed row spacing, seeding rates, soil nutrient management
strategies, soil PH. Some factors mentioned above, such as soil PH, row spacing, and seeding
rate, are examples of the process variables affecting the optimum yield of the crop if not well
managed (Pedersen, 2004).

In Africa, natural soil fertility is addressed by applying nitrogen, phosphorus, and potassium
fertilizers at low rates. There is always a general expected response of Cereals to NPK fertilizer
application at current recommendations. However, the response remains far below the potential
level, particularly on-farm due to nutrient deficiencies and imbalances. The predicted responses
of Glycine max to N, P, and K, as well as the scale of macronutrient (N, P, and K) and
micronutrient (Zinc) deficiencies, have been studied and reported in Kenyan Soybean (Glycine
max) growing areas. However, there has been little investment in research to determine the best
method of combining mixture components with simplex centroid design (SCD) of organic
fertilizers derived from livestock manure within split-plot design (SPD) using a 2* factorial
configuration with a central composite design (CCD) of the process variable. As a result, this
study evaluates the impact of MVP design on Glycine max production using farm trials in a SPD.
The SPD is used to solve the problem of restricted randomization on mixture-process variable
layouts in this case.

2.0 Research Methodology

2.1 Data source

The data was primarily collected from the field of experiment. The data consist of two response
measurements obtained from Glycine max (L.) Merrill. The two responses measured includes the
number of entire pods per plants(n,) and seeds per pod(n,). The mixture settings included four
components x;, x,, x3, andx,, derived from different organic matter varieties, which represent goat
manure, cow manure, chicken manure, and sheep manure, respectively. The mixtures were the
subplots and process variables the whole plots. The model for the fixed part of this experiment is
represented in model (1).



2.2 Description of experimental sites

The study was conducted in Spande and Munge's villages in Kakamega County, Mautuma Ward,
Lugari Sub-District, and Western Kenya. Both sites are about 8 km apart. The two regions lie
between (0.706373° N,35.0722° E) and(0.695366° N,35.028022° E), with an elevation of
between 1800 and 1900 m above sea level, respectively. The region receives bimodal rains with
an annual mean precipitation of about 1971 mm, and an annual mean temperature of about
20.4%, as reported by Althof (2005) and Mbau et al. (2015). Additionally, prolonged rain
usually occurs between April and July, while short precipitation occurs between August and
December, as described by Mbau et al. (2015). Further, the reliability growth period for Glycine
max (L.) Merrill lies between 75 and 140 days (Jaetzold et al., 2005).

Table 1: Shows the MPV settings in the context of SPD

Run | Whole | Xy Xa X3 X; Zq Zn Run | Whole | Xy Xa X3 X; Zq Zn
plot plot
1 1 0.25| 0.25 | 0.25 | 0.25 | -1 1 28 5 0 0 0 1 0 0
2 1 0 0 0 1 -1 1 29 5 0.25| 0.25 )| 0.25 | 0.25 | O 0
3 1 0 1 0 0 -1 1 30 5 0.25| 0.25 )| 0.25 | 0.25 | O 0
4 1 0.25| 0.25 | 0.25 | 0.25 | -1 1 31 & 05 |0 05 |0 0 1
5 1 0 0 1 0 -1 1 32 & 05 |05 |0 0 0 1
b 1 1 0 0 0 -1 1 33 & 05 |0 0 05 |0 1
7 2 0.25| 025 | 0,25 | 025 (1 -1 34 & 0 05 (05 |0 0 1
8 2 0.25| 025 | 0,25 | 025 (1 -1 35 & 0 05 |0 05 |0 1
9 2 0 0 1 0 1 -1 36 & 0 0 05 (05 |0 1
10 2 0 1 0 0 1 -1 37 7 05 |0 05 |0 0 -1
11 2 0 0 0 1 1 -1 38 7 05 |05 |0 0 0 -1
12 2 1 0 0 0 1 -1 39 7 05 |0 0 05 |0 -1
13 3 05 |05 |0 0 1 1 40 7 0 05 (05 |0 0 -1
14 3 05 |0 05 |0 1 1 41 7 0 05 |0 05 |0 -1
15 3 05 |0 0 0.5 1 1 42 7 0 0 05 (05 |0 -1
16 3 0 05 |0 0.5 1 1 43 8 0.25| 0.25 | 0.25 | 0.25 | —1.414 | O
17 3 0 05 |05 |0 1 1 44 8 0.25| 0.25 | 0.25 | 0.25 | —1.414 | O
18 3 0 0 0.5 | 0.5 1 1 45 8 0.25| 0.25 | 0.25 | 0.25 | —1.414 | O
19 4 0 05 |05 |0 -1 -1 46 8 0.25| 0.25 | 0.25 | 0.25 | —1.414 | O
20 4 05 |05 |0 0 -1 -1 47 8 0.25| 0.25 | 0.25 | 0.25 | —1.414 | O
21 4 0 0 05 |05 |1 -1 48 8 0.25| 0.25 | 0.25 | 0.25 | —1.414 | O
22 4 05 |0 0.5 -1 -1 49 9 0.25| 0.25 | 0.25 | 0.25 | 1.414 | O
23 4 05 |0 0 0.5 |1 -1 50 9 0.25| 0.25 | 0.25 | 0.25 | 1.414 | O
24 4 0.25| 0.25 | 0.25 | 0.25 | -1 -1 51 9 0.25( 0.25 | 0.25 | 0.25 | 1.414 (O
25 5 1 0 0 0 0 0 52 9 0.25( 0.25 | 0.25 | 0.25 | 1.414 (O
26 5 0 1 0 0 0 0 53 9 0.25| 0.25 | 0.25 | 0.25 | 1.414 | O
27 5 0 0 1 0 0 0 54 9 0.25| 0.25 | 0.25 | 0.25 | 1.414 | O

Further, as Isaev et al. (2020), the best period for sowing Glycine max is when the temperature in
the 0 — 10 cm layer of soil is about12 — 14° ¢. According to Tsikhungu et al. (2016), the Lugari
sub-county grounds are predominantly well-drained deep red to dark, sandy loams to sandy clays
that are not very fertile. Still, well-drained soils with moderately to slightly condition with soil



PH, lie between 5.3 to 5.9. However, some part of this region contains low inherent fertility as
evidenced by low amounts of Nitrogen, soil organic carbon and exchangeable base as described
by Ayuke et al. (2007). The experimental site encompasses farmlands adjacent to the Lugari
forest. The area was initially inhabited by a sparse population of former forest residence
communities who practiced shifting cultivation, hunting, and gathering. The study sites have a
settlement history dating more than a hundred years with relatively intensive sedentary mixed
subsistence agriculture as reported by Kimetu et al. (2006) for over the last sixty years. Pender et
al. (2006) found that landholding per household has reduced drastically because of the high
population growth rate and immigration into the area.Currently, most agricultural land is
characterized by low soil fertility, low crop yields, and low farm income (Ayuke et al., 2007).
However, cereals (maize), legumes (beans), and sugarcane have become the primary crops, with
most fields described by Mbau et al. (2006).

2.3  Method of Analysis

We formulated a second order Scheffe polynomial model within SPD as shown in model (1) and
Figure 1 by extending the model proposed by Kowalski et al. (2002), Cho (2010) and Njoroge et
al. (2017) from 3 to 4 mixture blends in the presences of two process factors as in Equation (1).
The process variable in the model were Z; and Z, where Z;the control is process variable
(seeding rate (seeds per acre) at a constant row spacing of Glycine max seed) and Z, is the noise
process variable (soil PH).

Y(x,2) = B1X1 + B2 Xy + B3X3 + BaXy + B12X1 Xy + P13 X1 X5 + fraXi Xy (D)
+ B23 X2 X3 + B2a XXy + B34 X3Xy + 011 X121 + 012X12;
+ 194,2X4Z2 + o + €

Where f; is the vector of fixed effect resulting from mixture blend of the vertices of component
X;, Bijis the vector of random effect resulting from the interaction between mixture components,
¥;; is the vector of random effect resulting from the interaction between mixture components
and process factors, o~N (0, a#),represent the random error associated with the whole-plot factor
by itself during the randomization level, and e~N(0,02) indicate the random error that is
associated with sub plot randomization level. However, 67 and o are assumed to be statistically
independent and distributed. The model 1 was formulated basing on the design shown in Figure
1. Figure 1 depicts the newly generated design for SPD to Support Fitting the Combined Second-
Order MPV model where the center point [z, z,] = {0,0}, and v, k is the number of times that
treatment combination is replicated.

The model (1) is an empirical model that corresponds well with the experience and plots of the
data. The random component effect of the model has a whole plot and split-plot contribution.
The whole plot error is nested under xq,x;,x3, andx,, while the subplot error is the standard
residual error term. The model was analyzed using restricted maximum likelihood described in
Njoroge et al. (2017) to account for the split-plot random structure.



However, the model (1) under split plot design was further simplified to

Yie = X B+ djpe 5 + g )

here Y represents whole plot j at k" measurement response variable subject to split-plot
factors and process variable. n, denotes the number whole plot while n;number of
measurements in whole plot j. dj, indicates a covariate vector of jt  whole plot at k"
measurement for random effects §; € R? associated with whole plot effect where q is the
number of factor components applied in split plot layout experiment.
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Figure 1: shows a newly developed Design for Split-Plot layout for combined 2" order MPV with CCD

Figurel shows the same design produced in table form shown table 1. The design in table 1 was
generated using the candidate set free algorithm described in Jones and Goos (2007) and
implemented in JMP version 15.1(Jones and Sall, 2011) based on the design shown in Figure 1.
However, the split plot structure constituted a simplex centroid design (SCD) of four design
points of mixture components and 22 factorial design with a central composite design (CCD) of
the process variable.

2.4 Composting Farmyard manure through the framework of Mixture design
Four agro-organic wastes commonly found in the test sites were selected for our study. The
selection criteria for the required farm manure (FYM) obtained from livestock were based on the
region's availability of material. FYM includes goat manure, poultry manure, sheep manure, and
animal manure derived from the Spande farm. Compound composting was done using the pit
method using the structure of the mixture design under control

X1 +xy+x3+x4 =1,
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in reference to the design in Table 1.Composting was done in line to the literature using Pit
method whereeach pit was measuring 3 X 3 x 2 m (Agromisa et al., 2005, Mbau et al., 2008).

2.5 Treatment combinations Manure in the context of MPV within SPD

Field trials were performed on two farms. The experiment was carried out using a well
randomized complete block in a split-plot arrangement with replication, as shown in Table 1.
The split-plot structure comprised nine whole plots, with each field having six sub-plot
treatments. Each plot's plot size was 95.5 ft X 170 ft, while each experimental subplot unit
was 15.5 ft x 50 ft. Split plot treatments were applied based on the proposed design in figure
1 using composite compost manure from the 11 compost pits. They were four lime treatments
(0,1.7,5,and 15 — ton aglime /acre) being applied to 9 main plots with at least twice at axial
part as shown below with correspondence of soil PH obtained after the application.

Table 2: showing scaled seeding rate (z,) and soil PH (z,) according to 22 factorial design
with CCD

Whole plot Lime application Un coded Un coded Coded Z, Coded Z,

(tons/ acre) A Zy
1 15 125000 7.0 -1 1
2 1.7 225000 6.0 1 -1
3 15 225000 7.0 1 1
4 1.7 125000 6.0 -1 -1
5 5 175000 6.5 0 0
6 15 175000 7.0 0 1
7 1.7 175000 6.0 0 -1
8 0 100000 54 -1.414 0
9 0 275000 5.4 1.414 0

After initial testing of soil pH at the farm was 5.4, we prepared five different soils for selected
plant growth at optimal pH values, as shown in Table 2. PH chosen deals from the initial 5.4 pH
of the soil using a control method according to the literature (De Bruin and Peterson, 2008):

The whole plots consisted of five primary seeding rates (100000, 125000, 175000, 225000, and
275 000 seeds per acre) applied to sub-plot experimental units taking into account row spacing
whole plot as shown in Table 2. According to the literature review, we used the seeding rate and
row spacing (De Bruin and Pedersen, 2008). The Glycine max varieties were R 184, and Blyvoor
were planted on April 24th, 2020. The seeds were first inoculated with Bradyrhizobium
Japonicum, and each subplot was grown using row spacing specified in table 2 and 1- inch
depth. Plots were harvested on August 27th, 2020. Grain yields obtained were then adjusted to
13 % moisture.

3.0 Result and Discussion



Table 3: shows the t student test for the fitted Scheffe model for the total Number of Pods of Glycine max
per plant stem using REML analysis

Term Estimate Standard t value p value
Error

X1 21.8741 1.2191 17.94 0.0001
Xy 23.3074 1.2191 19.12 0.0001
X3 23.5741 1.2191 19.34 0.0001
Xy 21.54074 1.2191 17.67 0.0001
X1X 39.36272 2.7087 14.53 0.0001
X1X3 40.8294 2.7087 15.07 0.0001
X1X4 47.5961 2.7087 17.57 0.0001
XpX3 38.9627 2.7087 14.38 0.0001
X9 X4 41.6515 3.0267 13.76 0.0001
X3X4 38.7299 2.6341 14.70 0.0001
X121 2.9268 1.2446 2.35 0.0420
X271 1.4991 1.2580 1.19 0.2615
X371 1.3146 1.2454 1.06 0.3175
X421 2.5141 1.2503 2.01 0.0433
X12p 1.7823 1.3687 1.30 0.2299
X9 2y 2.8601 1.3801 2.07 0.0516
X327 2.1625 1.3679 1.58 0.1535
X429 2.1221 1.3743 1.54 0.1614

The estimate, standard errors, t values and p values of the fitted Scheffe model for the total
number of pods of Glycine max per plant stem observed. The fitted Scheffe model is therefore,

? = 21.8741 x; + 23.3074x, + 23.5741%; + 21.54074 x, + 39.36272 x,x, 3)
+ 40.8294 x5 + 47.5961 x1x, + 38.9627x,x5 + 41.6515 X, %,
+ 38.7299 x3x4 + 2.9268 x1z; + 1.4991 x,2; + 1.3146x32,
+ 2.51413(421 + 1.7823 X1Zp + 2.8601 X2Zy + 2.1625 X3Zy
+ 2.1221 X4Zy

The significant factors were xy, x5, X3, X4, X1 X2, X1X3, X1X4, X2X3, X3X4aNnd x;2z; as shown in
table (3). Thus, the final model is

Y = 21.8741 x; + 23.3074x, + 23.5741x3 + 21.54074 x, + 39.36272 x, X, 4)
+ 40.8294 x;x3 + 47.5961 x;x4 + 38.9627x,x3 + 41.6515 x,x,
+38.7299 x3x, + 2.9268 x,7;

Table 4: shows the t student test for the fitted Scheffe model for the Number of seeds per pod of Glycine
max per plant stem using REML analysis

Term Estimate Standard t value p value
Error

X1 2.0597 0.03460 59.52 0.0001

X3 2.0597 0.03460 59.52 0.0001

X3 2.0597 0.03460 59.52 0.0001

Xy 2.0597 0.03460 59.52 0.0001




X1%; 1.2119 0.10790 11.23 0.0001

X1 %3 1.1119 0.10790 10.30 0.0001
X%, 1.1119 0.10790 10.30 0.0001
Xy X3 1.2119 0.10790 11.23 0.0001
Xy, 1.2207 0.12058 10.12 0.0001
X3X, 1.0695 0.10491 10.19 0.0001
X2 0.0719 0.03396 2.12 0.0491
X2 0.0426 0.03473 1.23 0.2352
X327 0.7634 0.03400 1.86 0.0546
X4z 0.0795 0.03429 2.32 0.0326
X12; 0.0431 0.03511 1.23 0.2434
X, 0.0097 0.03581 0.27 0.7916
X327 0.0462 0.03505 1.32 0.2120
X427 0.0492 0.03545 1.39 0.1898

The estimate, standard errors, t values and p values of the fitted Scheffe model for the total number of
seeds per pod of Glycine max per plant stem observed. The fitted Scheffe model is therefore,

Y =2.0597 x; + 2.0597x, + 2.0597x5 + 2.0597 x4 + 1.2119 x;x, + 1.1119 x; x5 (5)
+1.1119 X1X4 + 1.2119XZX3 + 1.2207 Xy X4 + 1.0695 X3X4 + 0.0719 X121
+ 0.0426 X271 + 0.0634‘X3Z1 + 0.0795X421 + 0.0431 X1Zy + 0.0097 X2Zp
+ 0.0462 x3z, + 0.0492 x4z,

The significant factors were xq, x5, X3, X4, X1X2, X1 X3, X1 X4, X3 X3, A3 X4, X121 andx,z; as shown in
table (4). Thus, the final model is

Y =2.0597 x; + 2.0597x, + 2.0597x5 + 2.0597 x4 + 1.2119 x;x, + 1.1119 x; x5 (6)
+1.1119 X1X4 SR 1.21193(,'23(3 + 1.2207 XXy + 1.0695 X3X4 + 0.0719 X1Zq
+ 0.0795X4Z1.

The results shown in table 3 and 4 were obtained by using a REML. The results in both tables
clearly shows that x;, x,, x3, x4, and all the interaction x;, x,,x5 and x, are all significant and have a
great impact on the number of pods on the main stem per plant. Also, the interaction between the
process variable and mixture component factor x; z;and x4z, are significant at 5%. However, we
can also observe that the interaction between x;z;, and x,z,are almost significant at the same
level with p = 0.0546 and 0.0516, respectively. Further, this is indicating a possible effects of
the mixture process variable interaction resulting from soil PH (z,) and the number of seeds used
per acre (z;). The whole plot error variance and sub-plot error variance was found to be

2
0.0048252 and 0.0018023, respectively corresponding to 2.677 Variance ratio (d = ﬁ) with Wald P —

2
aS
value= 0.109. This shows that random effect resulting from MPV interaction was not significant at 5%
level and therefore, restricted randomization was completely solved with SPD.



Table 5: shows the summary fit of the two responses obtained using MPV setting model structure

Summary of fit Pods per plant Seeds per pod
Multiple R? 0.9857 0.9711
Adjusted R? 0.9790 0.9575

Mean response 32.30 2.331

The averagely adjusted R? from table 5 shows that 96.83% of the variation in the response was
explained by the model. The result shows clearly that the model fits the data well for the two
responses. Also, the results indicate that the second-order MPV model (1) formulated adequately
represents the growth and pod development of Glycine max. We can also observe that the model
has a reliability of 96.83% on averagely which can also provide some vital information regarding
germination of Glycine max. The result also shows that average number of pods per plant and
number of seeds per pod is 32.30 and 2.331, respectively.

Table 6: Estimation of Glycine max yield of variety two (Blyvoor and R 184) in Bushel per acre max

Whole Mo Mp N2 Mg N Bushels per acre Bushels (1 bushel =
plot for Blyvoor 25.4 K g) per acre for R 184
1 125000 322 24 312 23 644 59.8

2 225000 326 24 316 23 117.36 109.02

3 225000 379 25 369 24 14213 132.84

4 125000 29 23 28 2.3 5558 53.67

5 175000 332 24 322 23 9296 86.4

6 175000 351 24 339 23 9828 90.97

7 175000 305 23 295 23 8184 79.16

8 100000 404 25 394 25 6733 65.67

9 275000 46 2.6 45 2.7 219.27 180.53

The table 6 shows the predicted Glycine max yield per acre in Bushelsfor each variety basing on the yield
obtained from each whole plot in terms n¢, 171 and n, that represents plant per acre, Pods per plant
and seed per pod, respectively. On the other hand, the subscript B and R denotes the variety
Blyvoor and R 184. We used the formula described in Chad Lee and Jim (2005) to estimate
anticipated total yield per acre in Bushel where one bushel of Glycine max (L.) Merrill
weighs 60 pounds. The result shown in Table 6 indicates the Glycine max growth and pod
development increase with the application of MPV settings used. Averagely, the variety Blyvoor



does well as compared to variety R 184. The result also shows that the maximum Glycine max
yield of the two variety is directly proportional to the number of plant per acre. In addition, the
result also indicates that the variety of the seed used has also the impact on the optimum vyield
obtained.

4.0  Summary, Conclusions and Recommendations

We formulated the proposed design for a split-plot layout structure for the combined second-
order mixture process variable model with CCD. We used the restricted maximum likelihood
method to approximate values for P parameter models within the SPD. We also found the effect
of mixture component at vertices of component x;, x5, x3 and x,to have the highest impact on
the growth and pod development of Glycine max together with permutation interaction of these
mixture components at 5 % significance level. The two-process variable used included various
seeding rate of two varieties of R 184 and Blyvoor and soil PH. The variety Blyvoor was found
to perform better than variety R 184 in terms of the yield of seeds harvested and the same
condition mixture setting and PH of soil as evidenced in Tables 5. The optimum total yield of
Glycine max for variety R184 and Blyvoor in Bushel per acre was 180.53 and 219. 217,
respectively on the 9t Whole Plot with a PH of soil being 5.4. The two source errors that result
from main treatments (Whole plots) and a subplot treatment for each of the two responses were

measured and fitted using the same model formulated. We found the average whole plot error
variance (o )and average subplot (split-plot) error variance (g2) to be 0.0048252 and 0.0018023,
2

respectively corresponding to 2.677 Variance ratio (d = %) with Wald P — value= 0.109. Normally,
the Whole Plot error variance larger than the split-plot (Residual) error variance, as shown by
Box and Jones (1992). Therefore, this implies that the model adequately represented the mixture
data collected from the field, and also, restricted randomization was completely solved with the
SPD layout. The least square mean response maximum optimum vyield for the total number of
pods per plant stem of Glycine max was 41.083. We thoroughly investigated the interpretation
and estimation of parameters from MPV settings in conjunction with CCD within SPD in the
context of the Scheffe polynomial. We recommend using SPDs in experiments involving mixture
settings formulations to measure the interaction effects of both the mixture components and the
processing conditions like a PH of the soil and seeding rate.
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