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ABSTRACT

This study was conducted to investigate the effects of some plant characteristics on green fodder and dry matter yield in
pea plants. Plant characteristics; height (PH), pod number (PN), number of seeds in pods (SeedP), straw weight per plant
(SeedW), straw yield (STY), seed yield (SeedY), Harvest Index (Hi) and 1000 Seed Weight (SeedWth) were evaluated
for some yield traits: green fodder yield (GreHYi:), dry matter yield (DryHYi) . To estimate green fodder and dry matter
yield in pea plant, two different MARS (Multivariate Adaptive Regression Splines) algorithms were performed. In both
MARS models, a 2nd-degree interaction equation was obtained. To determine the suitability of the model, it has been
considered that generalized cross-validation (GCV), root mean square error (RMSE), Akaike's Information Criterion
(AIC) statistics to be minimum and coefficient of determination (R2) and adjusted coefficient of determination (Adj. R2)
values to be maximum. In two separate MARS models formed to estimate green fodder and dry matter yield, R2 values
were 0.998 and 0.998 respectively; Adj. R2 values were 0.999 and 0.998, RMSE values were 8.268 and 0.571, SDratio
values were 0.037 and 0.019, and AIC values were 241 and 21. The greatest increase in green fodder yield in pea plants
occurred when plant height was less than 42. The contribution of plant height to yield was 332 kg. The biggest increase
in dry matter yield occurred when the harvest index was 20.5%. The contribution of harvest index to dry matter yield
was 16.4. It has been noted that MARS is a good model in terms of predicting yield in pea plants.
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INTRODUCTION

Pea is an important plant in human and animal
nutrition because of its high protein level (23 - 33%). Pea
is cultivated for many purposes. Pea grains are eaten
fresh or processed as canned food. The pea grains have a
high sugar rate. Dry pea grains are broken and used to
make soup. On the other hand, the pea grains are used in
animal feed. Pea is used for seed, hay, pasture, silage, and
green manure (Erac and Ekiz, 1985). It is rich in
phosphorus and calcium; and also, a good source of
vitamins, especially vitamins A and D. These qualities
make field peas one of the best feeds for animals and
almost indispensable for efficient, economical livestock
feeding (Açıkgöz, 2001, Anonymous, 2003).

In Idaho and Oregon varieties among the US
varieties of feed peas, which are subjected to adaptation
trials, it has been reported that yields of 119-241 kg/da,
plant height of 60-75 cm, weight of 1000 seeds around
195-248 g have been obtained (Guy, 2002). In the study
conducted with some feed pea routes; characters, such as
morphological characters, plant height, number of main
branches, number of leaflets on the leaf, stem diameter,
number of seeds in pods, number of broad beans, dry
matter yield, seed yield and protein ratio were different.

The findings showed that the maximum dry matter yield
was 731.9 kg/da and the highest seed yield was 259.0
kg/da (Tekeli and Ateş, 2003). In 2019, 146090 decares
of peas (green fodder) were grown in Turkey, 283928
tons were produced and 1943.5 kg yield per decare was
obtained (TSI, 2019a). In the same year, 7813 peas (dry
seed) were planted and 2193 tons were produced and 281
tons of yield per decare were obtained (TSI, 2019b).

There are studies on feed pea conducted using
path analysis using morphological features of the plants
(Khan et al., 2017; Gautam et al., 2017). Direct and
indirect effects of different traits on yield in peas were
displayed using path analysis by Nawab et al. (2008),
Devi et al. (2017) and Khan et al. (2017).

One of the methods to examine the relationship
between plant yield and other properties utilizing
morphological features of the plant is MARS
(Multivariate Adaptive Regression Splines) algorithm.
The MARS algorithm is a method used to investigate the
effects of independent variables on the dependent
variable in data analysis. MARS algorithm is a method
that was developed by Friedman (1991) using complex
algorithms that can evaluate multiple variables together.
There have been studies conducted in the agricultural
field with the MARS algorithm (Eyduran et al., 2017;
Aksoy et al., 2018; Aytekin et al., 2018).
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The MARS technique is a nonparametric
regression technique and can be seen as an extension of
linear models that automatically models nonlinearities
and interactions. MARS models are more flexible than
linear regression models and they are simple to
understand and interpret. The MARS technique can
handle both numeric and categorical data, and it tends to
be better than recursive partitioning for numeric data
(Bishop, 2006). To adjust ideas, building MARS models
often requires little or no data preparation. The hinge
functions automatically partition the input data, so the
effects of outliers are included. From this point, the
MARS technique is similar to recursive partitioning
which also partitions the data into disjoint regions, using
a different method. MARS models tend to have a good
bias-variance trade-off, and they are flexible enough to
model nonlinearity and variable interactions (García
Nieto et al. 2011; Vidoli 2011; García Nieto et al. 2012).

Assumptions such as continuity of all variables,
absence of significant outliers in the data, equality of
variances, normal distribution of residual variables, and
absence of significant multi-linearity between
independent variables should be provided to create a
multiple regression or multivariate regression model.
However, the MARS model is a non-parametric method
that does not require assumptions about the functional
relationship between variables. The MARS method
creates a flexible regression model using basic functions
that correspond to different ranges of independent
variables. Thus, it is an alternative method that can be
used in many data sets instead of regression analysis. The
present study aims to investigate the green fodder and dry
matter yield estimation model using morphological
features of the plant.

MATERIALS AND METHODS

This study was conducted in the Agricultural
Faculty, Bingöl University (38°53´55.86´´ N,
40°29´15.07´´ E, altitude 1166 m) in Bingöl (Turkey)
province, during the growing season of 2015. Soil sample
was collected at a depth of 0-20 cm. The soils texture was
clay loam, available P2O5 327.5 kg ha-1 and available
K2O 1150 kg ha-1, quite weak in organic matter content
(0.26%), pH 6.85. Average temperatures of 12.2 and
21.5°C were recorded between April and July during the
growing season of 2015 and long-term averages in
Bingöl, respectively. Average long-term total
precipitations of 947.3 mm were recorded, 223.2 mm
between April and July during the 2015 and long-term
periods in Bingöl, respectively. Six pea lines (88PO38-4-
3-683, SPRİNGPEA3638, P57B, P57K, P101, P104) and
six genotypes (ATOS and ÖZKAYNAK) were obtained
from Institute of Southeastern Agricultural research, two
genotypes (ÜRÜNLÜ and GÖLYAZI) from the
Agricultural Faculties of Uludag, University. “Variety’’

regard as cultivar species and “line’’ is usually a product
of breeding that is not officially registered yet at a
national level. Field experiments were designed
according to randomized complete block design (RCBD)
with three replications during 2015. Seeds were sown on
the first of April, 2015 in Bingöl conditions.

Plot size was 5 x 1.8 m. Sowing rate was 120 kg
ha-1. 30 N kg ha-1 and 80 P2O5 kg ha-1 were uniformly
applied to the soil before sowing. In trial parcels, 50%
vegetative properties in bloom and generative properties
were detected in the harvest maturity period; studies were
conducted with ten plants selected randomly from each
parcel. In this study, several hay quality, traits such as
plant height (cm), green herbage yield (green fodder
yield) and dry herbage yield (dry matter yield) (kg da -1),
cut yield (kg da -1), number of pod per plant, number of
seed per plant, number of seed per pod, seed weight per
plant (g), straw yield per plant (g), straw yield (kg da -1),
seed weight (kg da -1), 1000 seed weight (%) and harvest
index (%), were analyzed.

MARS technique not only examines the
relationships of each independent variable with the
dependent variable, but also determines the interactions
among the independent variables and reveals the effects
of interactions on the dependent variable (Hastie et al.,
2001; Tunay, 2001).

In the MARS algorithm, assumptions are not
required about functional relationships between the
dependent variable and independent variables. Instead,
this relation is uncovered from a set of coefficients and
piecewise polynomials of degree q (basis functions) that
are completely driven by the regression data (x, y). The
MARS algorithm is established by fitting basis functions
to distinct intervals of the independent variables
(Friedman, 1991; Vidoli 2011; García Nieto et al., 2012).

The spline forming the basis for MARS is a new
mathematical process in complex curve drawings and
function estimates. Spline straightening method is a
method enabling the control of the non-parametric error
variance obtained when two or higher-grade polynomials
are used (Kaki et al., 2004).

In MARS terminology, the joining points of the
polynomials are called nodes. A model can be estimated
with a sufficient number of nodes (Hastie et al., 2008).

The model installation takes place in two phases.
Primarily, the MARS model is described one and only
input variable x. Candidate knots are placed at random
situations within the range of each predictor to define a
pair of basic functions. At each step, the knot and its
corresponding pair of basic functions are fitted to yield
the maximum reduction in sum-of-squares residual error.
New basic functions are added until the threshold value is
achieved. The forward phase selection of the basic
function causes a very complex and over-fitted model.
Even if this resulted function fits the training data well, it
has a low predictive capacity for the new dataset. The
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generalized cross-validation error is calculated in each
step, which considers both the residual error and the
model complexity as well. Generalized Cross
Verification (GCV) was introduced by Craven and
Wahba (1979) and expanded for MARS by Friedman
(1991).

GCV considers both the residual error and the
model complexity and GCV;= 1 ∑ [ − ]1 − ( )
Calculated from
C=1+cd equations. In the equality,
N: shows the number of observations in the data set,
c: The c is the penalty term for adding an independent
variable that does not affect the dependent,
d: is the efficient degree of freedom and the number of
independent basic functions,
C: Cost-complexity of added basic functions and
B: shows the number of regression models established by
MARS model.
As a result of the calculations, it was found that the value
of 2 <d <3 was the best for the C value. (Briand et al.,
2000).
The MARS Model consists of the results of the
determinants that give basic functions and model
parameters (estimated by the least-squares method) data
entries. General MARS model is as follows.( ) = + ( ) +
Here;
k: The number of nodes,
K: The number of basic functions,
X: Independent variable,

: k. Basic function coefficient,
: Fixed term in model( ): t. For the independent variable, k. is the basic

function (Hill and Lewicki, 2006).
This function consists of the cutting parameter

and the weighted sum of one or more basic functions
(Oğuz, 2014).

The MARS method uses a fragmented
polynomial function to determine the basic functions.
Regression sections passing through the points closest to
all values can be formed. Regression section functions
are a continuous function that can be obtained by
combining partial polynomial basic functions in nodes.
The constants in the basic functions are found by the
method of the smallest squares. They are described as
basic functions( ) = − = 1,2, … ,

Here : Interaction degree, [. ] = [0, . ] ,: [∓1],
: node value indicates : independent variable value

(Hill and Lewicki, 2006).
The MARS model was built by the basic

functions fitting of different ranges of independent
variables. Polynomials, often referred to as splines, have
neat pieces connected together. In MARS terminology,
the joining points of the polynomials are called nodes and
shown with t. MARS ( − ) and ( − ) piecewise
linear use expansions in the basic functions. The
parameter is the node of the basic functions. Therefore,( − ) = ( − ), <0, ℎ( − ) = ( − ), ≥0, ℎ
equations are used (Hastie et al., 2008).

Each function value is a piecewise linear with a
node. They are linear chains. MARS creates flexible
models using piecewise linear regression and uses
separate regression trends in different ranges of the
independent variable to eliminate non-linear states. The
points where the regression slope changes and passes
from one range to another is called a node (Chen and Lee,
2005).

To determine the predictive performance of the
MARS algorithm, the following goodness of fit criteria
were investigated (Willmott and Matsuura, 2005; Takma
et al., 2012; Ali et al., 2015):
1. Coefficient of Determination: The coefficient of
determination, R2, is used to analyze how differences in
one variable can be explained by a difference in another
variable. = 1 − ∑ ( − )∑ ( − )
2. Adjusted Coefficient of Determination: Adjusted
coefficient of determination is the adjusted value of the
coefficient of determination in which the number of
variables of the data set is taken into consideration.. = 1 − 1− − 1∑ −1− 1∑ ( − )
3. Root-mean-square error (RMSE) presented by the
following formula:

= 1 ( − )
The root mean square error (RMSE) has been

used as a standard statistical parameter to measure model
performance in several sciences. The parameter indicates
the standard deviation of the residuals or how far the
points are from the modelled line.
4. Standard deviation ratio (SDratio):
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= 1− 1∑ ( − )̅1− 1∑ ( − )
SD ratio estimates should be less than 0.40 for a

good fit explained in some studies (Grzesiak et al., 2003;
Grzesiak and Zaborski, 2012).
5. Akaike Information Criteria (AIC): AIC test how well
model fits the data set without over-fitting it.= + 2

where: RSS: Residual sum square, n is the
number of cases in a set, k is the number of model
parameters, Yi is the observed value of an output
variable, Yip is the predicted value of an output variable,

is the residual values of model, ̅ is the average of
residual values.
Statistical evaluations on the MARS algorithm were
specified using the R software (R Core Team, 2018)
program.

RESULTS

Descriptive statistics belong to pea are given in
Table 1. Simple correlation coefficients calculated among
characteristics in the pea plant are presented in Table 2.

Positive significant relationships were obtained between
green fodder yield and dry yield (r=0.780**), the number
of pods (r=0.535**), number of seeds in pods (r=0.313*)
and straw weight per plant (r=0.422**). Also, positive
significant relationships were found between dry matter
yield and green fodder yield (r=0.780**), number of pods
(r=0.307**) and harvest index (r=0.355**).

Table 1. Descriptive statistics for pea plant.

Character Mean Std. Deviation N
PH 62.44 19.504 42
GreHYi 958.10 226.161 42
DryHYi 148.07 31.140 42
PN 15.33 7.234 42
SeedP 67.64 30.433 42
SeedW 8.813 6.317 42
STY 486.500 259.594 42
SeedY 184.238 140.759 42
Hi 27.019 8.461 42
SeedWth 121.491 17.405 42
PH: Plant height (cm), GreHYi: Green fodder yield (kg da-1),
DryHYi: Dry yield (kg da-1), PN: Number of pods per plant,
SeedP: Number of seeds in pods, SeedW: Straw Weight per
plant, STY: Straw Yield, SeedY: Seed Yield, Hi: Harvet Index,
SeedWth: 1000 Seed Weight.

Table 2. Correlation coefficients among the characteristics in pea plant (r).

Character 1 2 3 4 5 6 7 8 9 10
1-PH 1 0.145 0.272 0.012 -0.202 -0.098 0.338* 0.042 0.274 -0.441**

2-GreHYi 0.145 1 0.780** 0.535** 0.313* 0.422** 0.205 0.283 0.166 0.166
3-DryHYi 0.272 0.780** 1 0.307* 0.046 0.147 0.239 0.173 0.355* 0.031

4-PN 0.012 0.535** 0.307* 1 0.787** 0.756** 0.064 0.388* 0.061 0.421**

5-SeedP -0.202 0.313* 0.046 0.787** 1 0.863** 0.028 0.426** -0.049 0.514**

6-SeedW -0.098 0.422** 0.147 0.756** 0.863** 1 0.208 0.604** 0.176 0.537**

7-STY 0.338* 0.205 0.239 0.064 0.028 0.208 1 0.755** 0.362* -0.130
8-SeedY 0.042 0.283 0.173 0.388* 0.426** 0.604** 0.755** 1 0.376* 0.499**

9-Hi 0.274 0.166 0.355* 0.061 -0.049 0.176 0.362* 0.376* 1 0.080
10-SeedWth -0.441** 0.166 0.031 0.421** 0.514** 0.537** -0.130 0.499** 0.080 1

*(p<0.05), **(p<0.01), ***(p<0.001). t test was used for testing the significance of correlation.

Model 1: To estimate green fodder (GreHyi), the MARS
algorithm was created by selecting the following
independent variables, plant height (PH), number of pods
in the plant (PN), number of seeds in pods (SeedP), seed
number in the pod (SeedN), seed weight in the plant
(SeedW), straw weight in plant (StW), straw yield (STY),
seed yield (SeedY), 1000 seed weight (SeedWth) and
harvest index (Hi). Here, dependent variable is GreHyi.
The independent variables are PH, PN, SeedP, SeedN,
SeedW, StW, STY, SeedY, SeedWth and Hi.

The generated algorithm was a model with 32
basic functions, including second order fixed term. For
this model, it was estimated GCV=1206, R2=0.999, Adj.
R2=0.995, SDratio=0.037, RMSE=8.268 and AIC=241.
These results pointed out very high goodness of fit for the
MARS model analyzed. To warrant the prediction ability
of the MARS model, the cross-validation was used. The
basic functions and coefficients, according to the model,
are presented in Table 3.
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Table 3. Model 1- MARS algorithm results in pea estimation of green fodder yield.

Coefficients Estimate Std. Error t value Pr(>|t|)
(Intercept) 6.502e+02 1.199e+02 5.423 0.000292 ***

bx[, -1]h(PN-12) -1.246e+02 1.485e+01 -8.394 7.71e-06 ***

bx[, -1]h(12-PN) -4.774e+01 5.258e+00 -9.079 3.82e-06 ***

bx[, -1]h(StW-22.76) -3.871e+01 9.559e+00 -4.050 0.002323 **

bx[, -1]h(22.76-StW) -7.464e+01 6.812e+00 -10.956 6.84e-07 ***

bx[, -1]h(PH-42) 5.369e+00 7.006e-01 7.662 1.71e-05 ***

bx[, -1]h(42-PH) 3.320e+02 2.120e+02 15.656 2.32e-08 ***

bx[, -1]h(SeedWTh-130.3) -1.132e+01 2.735e+00 -4.140 0.002011 **

bx[, -1]h(130.3-SeedWth) 7.780e+01 3.720e+00 20.912 1.39e-09 ***

bx[, -1]h(42-PH)*Hi -1.120e+02 7.237e+00 -15.474 2.59e-08 ***

bx[, -1]h(22.76-StW)*STY -3.285e-01 1.950e-02 -16.842 1.14e-08 ***

bx[, -1]SeedN*h(StW-22.76) -1.442e+01 9.482e-01 -15.205 3.07e-08 ***

bx[, -1]SeedP*h(StW-22.76) 4.856e+00 3.044e-01 15.954 1.93e-08 ***

bx[, -1]h(22.76-StW)*STY*SeedWTh 2.205e-03 1.494e-04 14.762 4.08e-08 ***

bx[, -1]SeedN*h(130.3-SeedWTh) -7.967e+00 4.493e-01 -17.730 6.95e-09 ***

bx[, -1]SeedP*h(22.76-StW)*STY 1.651e-03 1.271e-04 12.983 1.39e-07 ***

bx[, -1]h(PH-42)*h(StW-12.22) -2.578e-01 5.060e-02 -5.094 0.000468 ***

bx[, -1]h(PH-42)*h(12.22-StW) 1.863e+00 1.706e-01 10.919 7.06e-07 ***

bx[, -1]h(42-PH)*SeedWth -3.462e+01 2.051e+00 -16.883 1.12e-08 ***

bx[, -1]h(42-PH)*SeedWth*Hi 1.184e+00 7.011e-02 16.890 1.11e-08 ***

bx[, -1]h(SeedW-6.02) -8.472e+00 2.192e+00 -3.865 0.003133 **

bx[, -1]h(6.02-SeedW) 4.355e+01 5.344e+00 8.150 1.00e-05 ***

bx[, -1]PN*SeedN*h(StW-22.76) -3.435e+00 2.758e-01 -12.456 2.06e-07 ***

bx[, -1]SeedN*h(22.76-StW) 5.339e+00 6.071e-01 8.795 5.09e-06 ***

bx[, -1]h(SeedY-150) -4.394e-01 8.537e-02 -5.147 0.000433 ***

bx[, -1]h(150-SeedY) -2.177e+00 1.773e-01 -12.276 2.36e-07 ***

bx[, -1]PH*h(130.3-SeedWth) -2.554e-01 2.973e-02 -8.591 6.27e-06 ***

bx[, -1]h(PN-13) 1.153e+02 1.474e+01 7.821 1.44e-05 ***

bx[, -1]h(12-PN)*SeedP*STY 3.381e-03 3.407e-04 9.924 1.70e-06 ***

bx[, -1]h(SeedWth-107.1) 1.159e+01 2.807e+00 4.130 0.002043 **

bx[, -1]SeedN*SeedW*h(130.3-SeedWth) 9.162e-02 2.494e-02 3.674 0.004289 **

bx[, -1]h(StW-10.33) 2.141e+01 6.750e+00 3.171 0.009966 **

The most effect results obtained in accordance
with Model-1 in Table 3 are described below.
 When PH≤42, green fodder yield increases by 332

kg (the contribution of this basic function to the
model is 332)

 When PN>13, green fodder yield increases by 115
kg (the contribution of this basic function to the
model is 115),

 When SeedWth ≤ 130.3 g, green fodder yield
increases by 77.8 kg,

 When SeedW≤6.02, green fodder yield increases
by 43.6 kg,

 When StW>10.3, green fodder yield increases by
21.4 kg,

 When PN>12 and SeedWth, green fodder yield
decreases by 125 kg (the contribution of this basic
function to the model is -125),

 When PH≤42 and Hi, green fodder yield decreases
by 112 kg,

 When StW≤22.8, green fodder yield decreases by
74.6 kg,

 When PN≤12, green fodder yield decreases by
47.7 kg,

 When StW>22.8, green fodder yield decreases by
38.7 kg,
The MARS equation of Model 1 is as follows.

GreHYi = 650
+ 332 * max(0, 42 - PH)
+ 5.37 * max(0, PH - 42)
- 47.7 * max(0, 12 - PN)
- 125 * max(0, PN - 12)
+ 115 * max(0, PN - 13)
+ 43.6 * max(0, 6.02 - SeedW)
- 8.47 * max(0, SeedW - 6.02)
+ 21.4 * max(0, StW - 10.3)
- 74.6 * max(0, 22.8 - StW)
- 38.7 * max(0, StW - 22.8)
- 2.18 * max(0, 150 - SeedY)
- 0.439 * max(0, SeedY - 150)
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+ 11.6 * max(0, SeedWTh - 107)
+ 77.8 * max(0, 130 - SeedWth)
- 11.3 * max(0, SeedWTh - 130)
- 0.255 * PH * max(0, 130 - SeedWth)
- 34.6 * max(0, 42 - PH) * SeedWTh
- 112 * max(0, 42 - PH) * Hi
+ 4.86 * SeedP * max(0, StW - 22.8)
- 14.4 * SeedN * max(0, StW - 22.8)
+ 5.34 * SeedN * max(0, 22.8 - StW)
- 7.97 * SeedN * max(0, 130 - SeedWth)
- 0.328 * max(0, 22.8 - StW) * STY
- 0.258 * max(0, PH - 42) * max(0, StW - 12.2)
+ 1.86 * max(0, PH - 42) * max(0, 12.2 - StW)
+ 1.18 * max(0, 42 - PH) * SeedWTh * Hi
+ 0.00338 * max(0, 12 - PN) * SeedP * STY
- 3.44 * PN * SeedN * max(0, StW - 22.8)
+ 0.00165 * SeedP * max(0, 22.8 - StW) * STY
+ 0.0916 * SeedN * SeedW * max(0, 130 -

SeedWth)
+ 0.00221 * max(0, 22.8 - StW) * STY * SeedWth

According to the equation obtained in Model 1,
green fodder yield can be calculated by giving various
values to the independent variables. For example, when

PH=58 cm, PN=15, SeedP=65, SeedN=4, SeedW=7,
StW=15, STY=500, SeedY=190, SeedWTh=125 g and
Hi=24(%), in other words, when these values were put in
their places in the equation, GreHYi = 839.423 kg was
obtained.

Model 2: The MARS algorithm was developed again to
estimate dry matter yield (DryHyi) in peas. Here,
dependent variable is DryHyi. The independent variables
are PH, PN, SeedP, SeedN, SeedW, StW, STY, SeedY,
SeedWth and Hi. The MARS algorithm is 2nd degree and
consists of 34 basic functions. For this model, it was
estimated GCV=9, R2=0.999, Adj. R2=0.998,
SDratio=0.019, RMSE=0.571 and AIC=21. The MARS
model with the smallest GCV, SDratio, RMSE, AIC and
the highest coefficient of determination (R2), and adjusted
coefficient of determination (R2 Adj.) between observed
and predicted values was adopted as the best one. It could
be suggested that the algorithm whose SD ratio was less
than 0.40 or between 0 and 0.10 had a good fit or a very
good fit (Grzesiak and Zaborski, 2012). According to the
model obtained, the basic functions and coefficients are
presented in Table 4.

Table 4. Model 2- MARS algorithm results in the pea dry matter yield estimation.

Coefficients Estimate Std. Error t value Pr(>|t|)
(Intercept) 3.798e+02 8.861e+00 42.859 9.68e-11 ***

bx[, -1]h(StW-12.22) -5.244e-01 1.261e-01 -4.159 0.003171 **

bx[, -1]h(12.22-StW) -1.329e+01 9.320e-01 -14.257 5.71e-07 ***

bx[, -1]h(SeedN-4) -6.406e+00 1.708e-01 -37.494 2.81e-10 ***

bx[, -1]h(4-SeedN) -3.555e+02 1.265e+01 -28.111 2.77e-09 ***

bx[, -1]h(PH-42) -2.832e+00 1.193e-01 -23.744 1.05e-08 ***

bx[, -1]h(42-PH) -6.409e+01 1.911e+00 -33.537 6.82e-10 ***

bx[, -1]h(SeedWTh-117.4) 1.127e+00 3.723e-01 3.028 0.016370 *

bx[, -1]h(117.4-SeedWTh) -1.817e+00 2.551e-01 -7.122 9.99e-05 ***

bx[, -1]PH*h(4-SeedN) 4.251e+00 1.603e-01 26.519 4.40e-09 ***

bx[, -1]h(SeedY-180) -3.041e+00 8.822e-02 -34.471 5.48e-10 ***

bx[, -1]h(180-SeedY) -1.918e+00 8.487e-02 -22.602 1.55e-08 ***

bx[, -1]h(SeedY-180)*Hi 8.578e-02 1.912e-03 44.875 6.71e-11 ***

bx[, -1]h(STY-318) 3.451e-01 4.175e-02 8.264 3.45e-05 ***

bx[, -1]h(318-STY) 4.742e-01 8.744e-02 5.423 0.000628 ***

bx[, -1]PH*h(4-SeedN)*SeedW 7.079e-02 3.322e-03 21.309 2.47e-08 ***

bx[, -1]PN*h(SeedY-180)*Hi -6.426e-04 1.983e-05 -32.400 8.97e-10 ***

bx[, -1]SeedW*h(12.22-StW) 1.048e+00 3.056e-01 3.430 0.008960 **

bx[, -1]h(42-PH)*Hi 2.446e+00 9.359e-02 26.137 4.93e-09 ***

bx[, -1]h(Hi-20.49) -1.168e+01 4.038e-01 -28.927 2.21e-09 ***

bx[, -1]h(20.49-Hi) 1.635e+01 7.438e-01 21.986 1.93e-08 ***

bx[, -1]h(318-STY)*SeedWTh 5.342e-03 6.963e-04 7.672 5.89e-05 ***

bx[, -1]h(PH-42)*h(StW-12.22) 9.140e-02 5.598e-03 16.327 1.99e-07 ***

bx[, -1]h(PH-42)*h(12.22-StW) 3.912e-01 2.863e-02 13.662 7.93e-07 ***

bx[, -1]h(42-PH)*SeedP*Hi -2.923e-03 6.026e-04 -4.851 0.001271 **

bx[, -1]PH*h(SeedY-180) 2.569e-02 1.175e-03 21.870 2.02e-08 ***

bx[, -1]h(SeedY-180)*SeedWTh -4.489e-03 2.908e-04 -15.435 3.09e-07 ***

bx[, -1]h(STY-371) -7.665e-01 5.123e-02 -14.962 3.93e-07 ***

bx[, -1]h(SeedWTh-107.1) -1.269e+00 3.411e-01 -3.719 0.005878 **

bx[, -1]h(PH-74) -7.253e-01 1.740e-01 -4.168 0.003132 **

bx[, -1]PN*SeedW*h(12.22-StW) -1.833e-01 2.094e-02 -8.751 2.28e-05 ***
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bx[, -1]h(SeedP-50) 3.401e-01 5.242e-02 6.488 0.000191 ***

bx[, -1]h(50-SeedP) 2.597e-01 4.566e-02 5.688 0.000461 ***

bx[, -1]SeedP*h(180-SeedY) -4.428e-03 8.735e-04 -5.070 0.000966 ***

The most effect results obtained in accordance with Model-2 in Table 4 are described below.
 When Hi≤20.5, dry matter yield increases by 16.4 kg,
 When SeedN≤4 and PH, dry matter yield increases by 4.25 kg,
 When PH≤42 and Hi, dry matter yield increases by 2.45 kg,
 When SeedN≤4, dry matter yield decreases by 355 kg,
 When PH≤42, dry matter yield decreases by 64.1 kg,
 When StW≤12.2, dry matter yield decreases by 13.3 kg,
 When Hi>20.5, dry matter yield decreases by 11.7 kg,

The MARS equation of Model 2 is as follows.
DryHYi = 380
- 64.1 * max(0, 42 - PH)
- 2.83 * max(0, PH - 42)
- 0.725 * max(0, PH - 74)
+ 0.26 * max(0, 50 - SeedP)
+ 0.34 * max(0, SeedP - 50)
- 355 * max(0, 4 - SeedN)
- 6.41 * max(0, SeedN - 4)
- 13.3 * max(0, 12.2 - StW)
- 0.524 * max(0, StW - 12.2)
+ 0.474 * max(0, 318 - STY)
+ 0.345 * max(0, STY - 318)
- 0.766 * max(0, STY - 371)
- 1.92 * max(0, 180 - SeedY)
- 3.04 * max(0, SeedY - 180)
- 1.27 * max(0, SeedWTh - 107)
- 1.82 * max(0, 117 - SeedWTh)
+ 1.13 * max(0, SeedWTh - 117)
+ 16.4 * max(0, 20.5 - Hi)
- 11.7 * max(0, Hi - 20.5)
+ 4.25 * PH * max(0, 4 - SeedN)
+ 0.0257 * PH * max(0, SeedY - 180)
+ 2.45 * max(0, 42 - PH) * Hi
- 0.00443 * SeedP * max(0, 180 - SeedY)
+ 1.05 * SeedW * max(0, 12.2 - StW)
+ 0.00534 * max(0, 318 - STY) * SeedWTh
- 0.00449 * max(0, SeedY - 180) * SeedWTh
+ 0.0858 * max(0, SeedY - 180) * Hi
+ 0.0914 * max(0, PH - 42) * max(0, StW - 12.2)
+ 0.391 * max(0, PH - 42) * max(0, 12.2 - StW)
- 0.00292 * max(0, 42 - PH) * SeedP * Hi
+ 0.0708 * PH * max(0, 4 - SeedN) * SeedW
- 0.183 * PN * SeedW * max(0, 12.2 - StW)
- 0.000643 * PN * max(0, SeedY - 180) * Hi

For example, when PH=60 cm, PN=14, SeedP=63, SeedN=5, SeedW=8, StW=14, STY=480, SeedY=195,
SeedWth=122 g and Hi=23(%), in other words, when these values were put in their places in the equation DryHYi =
253.925 kg was obtained.

DISCUSSION

In recent years, the MARS algorithm has been
used in the agriculture field. However, the results
obtained in the current study contain more descriptive

findings than commonly used models. The model has
been successfully used in prediction of macronutrient
related plant quality, multiplication, and leaf color (Akin
et al., 2020), assessment of egg-laying behaviour of
alfalfa weevil, hypera postica (Gozuacik et al, 2021),
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description of the relationships between different plant
characteristics in soybean (Çelik and Boydak, 2020).

In their study Khan et al. (2017) have measured
various plant characteristics in pea and the results of this
study were similar concerning the mean values of
"number of pods per plant" and "plant height". In the
study of Togay et al. (2008), significant positive
correlations were obtained among them "number of
branches", “Number of pods per plant”, “Biological
yield” and "1000 seed weight". In another study, Singh et
al. (2011) determined that there was a positive correlation
between plant yield and "plant height".

The average harvest index value was 27.019%.
This value was close to the value determined by Turk et
al. (2007) and Nisar et al. (2008), different from the
value obtained by Uzun et al. (2005), and lower than the
values determined by Annicchiarico and Lannucc (2008),
and Assefa et al. (2013). The differences in the values
may stem from the use of different genotypes, different
drought and irrigated levels.

The mean 1000-seed weight of pea was 121.491
g. This value is lower than the values declared by Wang
et al. (2006), Ahmed et al. (2007), Georgieva et al.
(2016) and Lakic et al. (2019). The differences in the
values may stem from inoculation methods and
mycosphaerella blight.

The average plant height of pea was 62.44 kg,
which was inconsistent with those reported by some
previous studies (see Uzun et al., 2005 and Azmat et al.,
2011). The difference in yield values is due to the use of
different lines and contrasting leaf types in the studies.

In another study, path analysis was used to
estimate the direct and indirect effects of various
characters in dry grain yield (Vange and Voses, 2009). In
the study, the path analysis indicated that the direct effect
of dry pod weight on dry grain yield was high and
positive (0.84171). Despite the high correlation and direct
effect on dry grain yield, the indirect effect of dry pod
weight via pod length (0.004227), via days to maturity
(0.019223) and the number of pods per plant (0.010928)
were low.

In another path analysis study, the highest
positive direct effects on yield were seeds per plot (0.67),
leaflets (0.33) and numbers of pods (0.25) in the
meantime stipule presented the highest negative direct
effect (-0.34). The indirect effects were observed via
seeds per plot, stipule and leaflets (Andrea et al., 2009).

Conclusion: As a result of the MARS algorithm, the
greatest positive effects on pea yield were as follows in
Model 1; PH≤42, PN>13 and SeedWth ≤ 130.3,
respectively. The contribution of these basic functions to
the model is 332, 115 and 77.8, respectively. In Model 2,
the greatest effect on dry matter yield was SeedN≤4. The
contribution of this basic function to the model is
negative and -355. In this study, the dry matter and green

fodder yield have been clearly explained with an
interactive MARS model. In accordance with the
goodness of fit index, the MARS model can also be
recommended to be used as a very good model in
agricultural studies as well as in other areas.
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