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Abstract: Maize cultivation performance, including the efficiency of the input and output of maize,
which reflect the allocation and utilization of resources in the process of maize cultivation, is crucial for
evaluating and improving maize cultivation. This paper adopts the method of quadratic regression
orthogonal rotation combination experimental design to explore the effects of four main cultivation
measures (planting density, nitrogen fertilizer, phosphorus fertilizer and potassium fertilizer) on
maize yield at five levels (=2, —1, 0, 1; 2). The CCR (A. Charnes, W. Cooper and E. Rhodes) model,
which is the basic model of data envelopment analysis (DEA), was used to evaluate the 36 groups
of cultivation measures. The results show that 9 groups are CCR-effective cultivation measures,
but the performance of these cultivation measures cannot be further evaluated. To improve the
evaluation of cultivation performance, a novel method termed as the group decision method of DEA
(GDM-DEA) is proposed to detect the improvement of evaluation performance and is tested using
the measurements of maize cultivation. The results suggest that the GDM-DEA method can classify
and sort the performance of all the cultivation measures, which is more sensitive and accurate than
the CCR method. For the effective cultivation measures that meet the requirements of GDM-DEA,
the optimal cultivation measures could be determined according to the ranking of yield. This method
determined the most effective cultivation measure. Further independent validation showed that
the final optimal cultivation measures fall in the range of the expected cultivation measures. The
GDM-DEA model is capable of more effectively evaluating cultivation performance.

Keywords: CCR model; improved DEA model; optimal cultivation measures; production efficiency
of maize; quadratic regression orthogonal rotation combination experimental design

1. Introduction

Maize (Zea mays L.) is one of the most widely planted cereal crops in the world, which
is used as grain, animal feed, and industrial raw material to ensure the security of national
food, animal husbandry, and the corn processing industry [1,2]. In the past 20 years, the
maize planting area has continuously increased in China [3]. The yield of kernel is a
consequence of the coordinated development between the source and sink, which could
be adjusted by fertilizer and planting density [4]. Therefore, it is of great significance
to explore the effects of different cultivation measures, including nitrogen, phosphorus,
potassium fertilizer, and density, on source-sink properties, and also to reveal the formation
characteristics of a high-yield kernel yield [5,6]. However, a high yield does not mean the

Appl. Sci. 2023, 13, 521. https:/ /doi.org/10.3390/app13010521

https://www.mdpi.com/journal/applsci


https://doi.org/10.3390/app13010521
https://doi.org/10.3390/app13010521
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-6605-8497
https://doi.org/10.3390/app13010521
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app13010521?type=check_update&version=1

Appl. Sci. 2023,13, 521

20f17

high production efficiency of maize. Increases in planting density or the excessive use
of chemical fertilizers are often used to achieve a high yield. However, the increases in
sowing density and fertilization may cause the waste of resources, soil hardening, and
environmental pollution [7]. Many studies have focused on how efficient fertilization can
result in a high maize yield [8-11].

Some studies have developed statistical methods to evaluate the input—-output ef-
ficiency of different cultivation measures [12-15]. The following four types of methods
are commonly used to study productivity: the least square method, price/quantity index
method, stochastic frontier analysis (SFA) and data envelopment analysis (DEA). Among
these, DEA is the most popular method for performance evaluation [16-18]. DEA is a
non-parametric method. The efficiency of DEA evaluation refers to the ratio of the produc-
tivity of the evaluated object to the productivity of the evaluated object on the production
boundary. The production boundary is found by means of mathematical programming
(generally linear programming). The evaluated object located on the production boundary
can be solved by DEA. Its technical efficiency value is 1, and other evaluated objects are
compared with it [16,18].

Pritpal Singh studied wheat cultivation efficiency under rice wheat and cotton wheat
cropping systems in northwest India using the DEA method [19] and proved that rice
residue management (RRM) affects the sustainability of the ecosystem, due to changes in
the energy use, carbon footprint (CF) and net carbon budget (NECB) of the ecosystem [20].
At the same time, a non-parametric production function (data encapsulation analysis)
of DEA was also applied to optimize the energy utilization of rice, which clarified the
efficiency of 20 decision-making units (DMUs), while half of them were classified as
inefficient [21]. Gurdeep Singh and Pritpal Singh studied the resource use efficiency (RUE)
for reduced energy footprints in wheat production using non-parametric measures viz. the
Cobb-Douglas production function (CDPF) and DEA approaches and based benchmarking
helped in reducing the energy input of wheat by 1953.4 + 46.9 MJ ha~! (~7.2%) [22]. In
addition, they used the DEA method to improve the carbon and energy budget of the net
ecosystem of cotton planting in northwest India [23]. Mohammadi, A. et al. used DEA to
improve the energy efficiency and input cost in kiwi production [24]. A non-parametric
method of DEA was used to estimate the energy efficiencies of soybean producers based on
eight energy inputs, including human labor, diesel fuel, machinery, fertilizers, chemicals,
water for irrigation, electricity and seed energy, and the single output of the grain yield.
The study also helps to rank efficient and inefficient farmers and to identify optimal
energy requirements and wasteful uses of energy [25]. Nabavi-Pelesaraei applied the
DEA approach to improve energy efficiency and reduce greenhouse gas emissions from
rice production [26], and they proposed a non-parametric method of DEA and MOGA
(multi-objective genetic algorithm) to estimate the energy efficiency of wheat farmers and
the reduction in greenhouse gas emissions in the Ahvaz county of Iran [27]. Snehasish
Bhunia used the DEA approach by considering two models, namely BCC and CCR models,
with 15 decision-making units and the research results show that energy budgeting and
optimization were carried out for rice-wheat-green gram cultivation in three different
tillage systems, viz. conservation tillage, reduced tillage, and zero tillage, along with five
different residue and fertilizer doses.

The DEA method is not only used in agriculture, but also used to evaluate the utiliza-
tion rate of medical and other social resources. For example, Mirpouya Mirmozaffari used
the DEA method to evaluate the average technical efficiency assessment in public hospi-
tals during and following the COVID-19 pandemic [28]. Mirpouya, M. et al. developed
a novel integrated generalized DEA method to evaluate hospitals that provided stroke
care services [29], and Pejman Peykani used DEA to evaluate the dynamic performance
assessment of hospitals [30]. Zhou. X. used the DEA method to study the spatio-temporal
characteristics of the intensive use of cultivated land (CLIU), carbon emission efficiency
(CEE), and carbon emissions from cultivated land (CLCE) in the Yellow River basin of
China, as well as the spatial correlation between CLIU and CEE [31]. Nabavi-Pelesaraei,
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A. et al. optimized the energy required by orange producers and greenhouse gas emissions
using DEA [32].

Some performance evaluation methods combine DEA with other methods, such as
the joint use of the life cycle assessment (LCA) and DEA, known as the LCA + DEA
methodology, which is an expanding area of research in this quest. Mohammadi, A. et al.
studied the potential greenhouse gas emission reductions in soybean farming [33] and
the benchmarking of environmental impacts in rice paddy production [34]. Payandeh,
Z. et al. used this method to improve the energy efficiency of barley production [35].
Zhang X. Y. used the LCA/time-series DEA method to evaluate the eco-efficiency of
complex forestry enterprises [36]. Mirpouya, M. et al. proposed a novel machine learning
approach that combined the K-means algorithm with optimization models for eco-efficiency
evaluation [37]; at the same time, Mirpouya, M. et al. compared the machine learning
tools and algorithms of another new artificial intelligence method, and used this method to
evaluate eco-efficiency [38].

For maize yield, Gutiérrez analyzed the production efficiency of organic agriculture
in Spain using the two-stage DEA model and found that the low efficiency of the organic
production model stems from insufficient output [39]. Patrick V. Ndlovu and Bempomaa
used the DEA model to evaluate the technical efficiency and maize production efficiency
of planting in different agro-ecological areas of Zimbabwe and Ghana [40,41]. Aye and
Ogundari employed the DEA model to evaluate the technical efficiency, the economies
of scale, and cost-effectiveness of small-scale corn production in Nigerian traditional
planted maize and hybrid corn [42,43]. Mwambo used an improved DEA model (the EM-
DEA model) to evaluate the resource utilization efficiency and sustainability of the corn
production system in northern Ghana [44]. In some studies, the DEA model was combined
with other methods to conduct the evaluation [45,46]. Nevertheless, these studies used
DEA methods to evaluate the economic or technical efficiency of maize planting in a certain
area, but they did not evaluate the performance of cultivation measures, which could guide
farmers to achieve maximum efficiency. Orthogonal experiments and statistical analysis
are often used to determine the optimal cultivation measures [47,48]. However, whether it
is a quadratic orthogonal rotation combination experiment [49,50] or a quadratic positive
traffic combination experiment [51,52], the final results include the range of planting
density and nitrogen, phosphorus and potassium fertilizer application, but not specific
cultivation measures.

In this study, an evaluation method called the group decision method of DEA (GDM-
DEA) model, as an improved version of the CCR model, was proposed to evaluate the
maize cultivation efficiency. The comparison between the DEA model and GDM-DEA
reported here showed the improvement of the evaluation for field experiments of maize.
Additionally, independent validations were implemented in two groups of publicly avail-
able experimental datasets that have the same experimental environments and design. This
study demonstrated that GDM-DEA is a better evaluation method for an optimized crop
cultivation measure.

2. Materials and Methods
2.1. Experimental Design

A JLASTU experiment was conducted in the experimental field affiliated with Jilin
Agricultural Science and Technology University. The experimental field is located at
43°97' N, 126°48' E, and 200 m above the sea level. It belongs to the northeast China corn
belt, one of the three golden corn belts in the world, which is an alluvial plain. The soil is a
dark brown sandy loam.

The maize variety Zhengdan 958 is used in this study. The maize planting density (x1),
nitrogen application rate (x;), phosphorus application rate (x3), and potassium application
rate (x4) are selected as the decision variables that mainly affect maize yield (y). The effects
of these four main cultivation measures at five levels (-2, —1, 0, 1, and 2) were explored
using the method of quadratic regression orthogonal rotation combination experimental
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design. In the experiment, direct seeding was used. The amount of nitrogen, phosphorus,
and potassium was pre-calculated and applied to a single cell according to our cultivation
experience. The amount of precipitation was the average precipitation value in the past
ten years, and the control of pests and weeds in the local high-yield practices [53]. The test
factors and level codes are shown in Table 1.

Table 1. Decisive variety x and linear coded data.

Design Level (r)

Variable (X;) Changes in Pitch
-2 -1 0 1 2
Density (X1) 1 (10,000 plants/ha) 5 6 7 8 9
N (X3) 40 (kg/ha) 160 200 240 280 320
P,05 (X3) 20 (kg/ha) 80 100 120 140 160
K70 (X4) 30 (kg/ha) 60 90 120 150 180

2.2. Experimental Data

The sowing time of maize was between 20 April 2006 and 22 April 2006. The sampling
days at the harvest stage were from 20 September 2006 to 1 October 2006. The precipitation
and other climatic conditions of that year met the normal level recorded in previous years.
After natural air drying, the samples were measured in the laboratory from 20 October
2006 to 25 October 2006. The weight of the kernels was adjusted to the standard moisture
content and then calculated as kilograms of the yield per hectare.

The cultivation measures of the JLATSU experiment, including yield production, are
shown in Table 2. The cultivation measures of group codes 25-36 in the table are the control
group and the others are the experimental groups.

2.3. Independent Validation

If the same crops are planted on the same land every year, the soil will become less
fertile. Therefore, secondary rotation combination design experiments are rarely continu-
ously conducted in the same experimental field to determine the best cultivation measures
of corn. Two groups of public experimental data with the same experimental location and
experimental design as the JLASTU experiment were selected to verify the GDM-DEA
method. The experiments were named the Anshun Pan experiment and the Anshun Tang
experiment, respectively [54,55]. The cultivation measures and yield production are shown
in Tables S1-54. As is the case with the JLASTU experiment, the two experiments also have
twelve control groups.

The Chifeng Zheng experiment [56] with different regions and experimental designs
was also selected for verification. The experimental data were collected with the four-factor
five-level quadratic general rotation combination design method in the experimental site of
Chifeng Academy of agricultural and animal husbandry sciences (Table S5). In contrast to
the quadratic regression orthogonal rotation combination design method, the quadratic
general rotation combination design method has 31 experimental groups in this study.
In the Chifeng Zheng experiment, the cultivation measures of group codes 25-31 are the
control group. The cultivation measures, as well as the yield production of the Chifeng
Zheng experiment can be found in Table S6.

Figure 1 is the flow chart of the full text, which is divided into the following two parts:
the corn planting experiment and corn production performance evaluation. The experiment
adopts the quadratic regression orthogonal rotation combination design, and the evaluation
method adopts the CCR model that can evaluate the relative effectiveness of multiple
decision-making units. Based on this model, a new evaluation model is proposed, which is
easier to determine the optimal cultivation measures in corn from the evaluation results.
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Table 2. Experiment structural matrix of the JLASTU experiment.

Group Code X1 X X3 X4 Production (kg/ha)
1 -1 -1 -1 -1 11,486.7
2 -1 -1 -1 1 10,538.1
3 -1 -1 1 -1 11,886.9
4 -1 -1 1 1 11,243.8
5 -1 1 -1 -1 11,059.9
6 -1 1 -1 1 11,430.5
7 -1 1 1 -1 12,093.7
8 -1 1 1 1 12,895.3
9 1 -1 -1 -1 12,043.9
10 1 -1 -1 1 12,043.4
11 1 -1 1 -1 12,006.4
12 1 -1 1 1 12,246.6
13 1 1 -1 -1 12,738.7
14 1 1 -1 1 13,001.6
15 1 1 1 -1 12,063.6
16 1 1 1 1 13,641.3
17 -2 0 0 0 10,151.1
18 2 0 0 0 12,383.8
19 0 -2 0 0 12,997 .4
20 0 2 0 0 13,007.9
21 0 0 -2 0 11,758.3
22 0 0 2 0 12,823.3
23 0 0 0 -2 10,720.7
24 0 0 0 2 11,864.9
25 0 0 0 0 11,4424
26 0 0 0 0 11,969.2
27 0 0 0 0 12,208.1
28 0 0 0 0 11,9115
29 0 0 0 0 11,801.6
30 0 0 0 0 12,032.9
31 0 0 0 0 11,783.5
32 0 0 0 0 11,682.2
33 0 0 0 0 12,082.6
34 0 0 0 0 11,994.8
35 0 0 0 0 11,576.7
36 0 0 0 0 11,8359




Appl. Sci. 2023,13, 521 60of 17

Maize Planting Select
Density Test Field
Nitrogen | z :
Application Rate | nput Experimental e e
Phosphorus |-y Lladex " Design e e
osphorus - SIg Combination Design
Application rate

Potassium Evaluation “;\(_I:]ll:n‘l::‘" : :

Application Rate |7 Indicators * - : :
Maize : Cutput — At : Quadratic General : :
Production . Index L, R '_:5,1',", ,,,,, Rotation : :
: * Combination Design
........... T
Measures
C2R Evaluation Independent
+ Performance Validation

Determine e Sttzl[:)chnl(l;l:l -khc (;[)M‘-E)[- X
the Optimal C:owdcrnuon Effecti S
L - AFParrmBnCe “flective e Evaluation
Cultivation and Mniza Cultivation Performance
Measures Yield ) Measures

Figure 1. Research workflow.

The current research methods used to determine the efficiency mainly include the
parametric method and non-parametric method. The parametric method includes the
deterministic parameter method and non-deterministic parameter method. The deter-
ministic parameter method has some defects with no explicit assumption for the error
term. Thus, the non-deterministic parameter method has received increasing attention. At
present, the probability frontier construction method and stochastic frontier analysis are the
most common methods. The non-parametric method originates from production frontier
research methods based on the relative measurement of economic efficiency proposed by
Farrell. It does not limit the shape of the efficiency frontier and does not require a clear
definition for the basic production function but locates relatively efficient points on the
production frontier based on the observation of a large number of actual data and particular
production effectiveness standards. Currently, the most popular non-parametric method is
the DEA Method.

DEA is an efficiency evaluation method based on the concept of relative efficiency.
At present, research that uses the DEA method mainly concentrates on economic system
evaluation and analysis, human resource management, technology innovation and technical
progress, financial analysis, financial management, banking management, logistics and
supply chain management and many other fields. The decision-making unit (DMU) is the
most important unit in the DEA model. Each DMU represents some economic significance,
and its basic characteristic involves the possession of certain inputs and outputs. It tries to
achieve its own decision-making goals in the process of transforming inputs into outputs.
The DEA model can not only be used in time-series analysis in which each period is a
decision-making unit, but can also be used in horizontal analysis, in which every individual
is a decision-making unit.

DEA is a method used in the evaluation of the relative efficiency of decision-making
units. This method uses a mathematical programming model for the estimation of the
production frontier of economic systems with multi-inputs and multi-outputs, and judges
whether the observation data of DMU are DEA-effective based on the production frontier.
By the use of DEA in DMU efficiency evaluation, we can obtain a significant amount of
management information with profound meaning and background in economics, which
can provide decision-makers with important management decision information.
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2.4. Models and Tools
2.4.1. CCR Model

The CCR model was the first DEA model proposed by Charnes, Cooper, Rhodes and
some other scholars in 1978 [37], which is widely used to evaluate the relative effectiveness
of the same type of departments or units. The CCR model is a method that is used to study
the relationship between input and output based on the production function. It extends the
efficiency concept of a single input and single output to the effectiveness evaluation system
of similar decision-making units with multiple inputs and multiple outputs.

Assuming that there are n DMUs, each having m types of “input” (denoting the
“resource” consumption of the DMU) and s types of “output” (they are some indexes of
“effectiveness” after the consumption of “resources” by the DMU), the input and output
data of each DMU are as follows:

x;j denotes the ith input of the jth DMU, y,; denotes the rth output of the jth DMU, v;
represents the corresponding weight of x;;, u, represents the corresponding weight of y,;;
xij, and y,j, denote the input and output vectors of the DMU under evaluation, respectively.
Therefore, the CCR model can be expressed as follows:

S
L trrj,
max 7;1 — ‘/]E:CR
X vixij,
i=1
S
L i
S <1 €))
'21 viXjj

(Pecr) s-t. 0:>0,i=1,2,---,m

u>0,r=1,2,---,s
ji=12---,n

The objective function of the CCR model is to find the optimal efficiency value of the
joth DMU—VJECR, and the variables are the weights v; (i =1, 2, ... , m) of the input index
and weights u, (r =1, 2, ..., s) of the output index. The DMU was evaluated using the
CCR model. With the optimum weight, the evaluation result can achieve the best efficiency.
If V]%CR =1, the joth DMU is CCR-effective; otherwise, the joth DMU is not CCR-effective.

The weights used in the CCR model are all optimal weights, which are not necessarily
equal to the actual weights, so they suggest a certain level of idealization. When evaluating
corn production performance, the CCR model can only distinguish which kind of culti-
vation measures are effective or ineffective and cannot compare or rank the production
performance of cultivation measures. Therefore, based on the CCR model, the GDM-DEA
(group decision method of DEA) model is proposed.

The GDM-DEA model can not only ensure that the obtained GDM-DEA-effective cul-
tivation measures are CCR-effective but can also reduce the number of effective cultivation
measures, reduce the workload of the actual calculation, and select environment-friendly
cultivation measures on the premise of ensuring the effectiveness and high yield of the
cultivation measures.

2.4.2. GDM-DEA Method

GDM-DEA adds a new DMU average decision unit j, .1, by taking the average value
of each input and output of n evaluated DMUs as the input and output value of j, .. If the
evaluated cultivation measures jj are removed, the remaining n — 1 original cultivation
measures and mean cultivation measures ;1 can form a new group with n evaluated
cultivation measures.

If jp has a great influence, the efficiency of the new group will change greatly after
removing jo; otherwise, it will not change or will change very little. In short, the removal
and retention of jy can reflect the degree of its impact on the efficiency of new groups, and
can also reflect the role of jj.
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Each DMU also has m kinds of “input” and n kinds of “output”; Xij denotes the
ith input of the jth DMU; x;;; denotes the ith output of the joth DMU; v; represents the
corresponding weight of x;;; y,; denotes the rth output of the jth DMU; y,;, denotes the
rth output of the joth DMU; u, represents the corresponding weight of y,;. For n DMUs,
X; denotes the average value of the ith input, and 7, denotes the average value of the rth
output. E;; represents the GDM-DEA efficiency of jo. The below expression represents the
GDM-DEA model used for calculating the GDM-DEA efficiency value of the joth DMU.

S
max ), Urlr
r=1
m 5 . . .
Ui > X WY ] =12, 1, # jo
i=1 r=1

i\ 2
Yox=1i=12--,m ()
(Pepm)st.q i=1

Ui, Uy Zor:]vz/"' /S

—_1¢ — _1¢
Xi = 5.2 Xijs Yr = E‘E Yrj
]:1 ]:1

S
E UrYrjy
Ep="3—— (o=12n) ©)
Y viXij,
i=1
Firstly, taking the optimal efficiency of the average decision unit j,;,1 as the goal, and
the efficiency of the jth DMU (=1, 2, ..., n, butj # jy) as the constraint condition, Pgpym
should be solved to obtain weights v; and u,. Then, the weights can be regarded as the
weights of the corresponding input and output indicators of jy. Lastly, the GDM-DEA
efficiency value of ]'O—E]-O can be calculated. If E]-O > 1, the joth DMU is effective in the
GDM-DEA model; otherwise, the joth DMU is ineffective in the GDM-DEA model.

2.4.3. Min—Max Standardization

To compare the yield and production performance of maize cultivation, the min-max
standardization method is used to standardize the kernel yield. The min—-max standardiza-
tion method is used to linearly transform the original data. The formula is as follows:

% x—Min A

= Max A— Min A @)

where Min A and Max A represent the minimum and maximum values of attribute A,
respectively. Using this formula, we can map an original value x of A onto the value x* in
the interval [0, 1] through min-max standardization.

2.4.4. Orthogonal Design

Quadratic orthogonal rotation combination design and quadratic general combination
design belong to the field of orthogonal design, which is an experimental design method
used to study multiple factors. In multi-factor experiments, the number of treatment
combinations will increase sharply with the increase in the number of experimental factors
and levels. For example, there will be 4* = 256 treatment combinations in a test with 4 factors
and 4 levels, and 4° = 1024 treatment combinations in a test with 4 factors and 5 levels. It is
quite difficult to fully implement such a large experiment. Therefore, D. J. Finney proposed
a partial experimental method [57]. In addition, many Japanese scholars prefer to use the
orthogonal style to design the experiments, which are called orthogonal experiments.

The results of quadratic orthogonal experiments are expressed, analyzed, simulated,
predicted and controlled by the quadratic polynomial regression model. Therefore, the
quadratic polynomial regression analysis model is widely used in the optimal design of
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scientific experiments [58]. The structure of the multivariate quadratic polynomial model is

as follows: o
m m 1<]

Y= by + Z bixﬁ-z b,'ix;;?'—l-z bijxxxj 5)
i=1 i=1 i=1

where, x; represents the independent variable, y represents the dependent variable and
bo, b1, ..., b, b11, baa, ..., by, b1z, b3, ..., and by, _q 4, are the regression coefficients.
In this experiment, m = 4, xq represents the maize planting density, x, represents the
nitrogen application rate, x3 represents the phosphorus application rate, x4 represents the
potassium application rate, and y represents the maize yield. According to the experimental
design scheme and the experimental results, each regression coefficient in the quadratic
polynomial regression equation is estimated.

2.4.5. Solution Software

For the JLASTU experiment, the Data Processing System (DPS) v18.10 [59] was used to
calculate the quadratic regression orthogonal rotation combination design. Lingo 18.0 [60]
was selected to solve the CCR and GDM-DEA models.

3. Results
3.1. Generalized Summary of JLASTU Experiment

When determining the optimal cultivation measures, the high-yield frequency analysis
method is usually used to determine the high-yield standard of the quadratic regression
orthogonal rotation combination design test, and the average yield of 36 groups of culti-
vation measures is used as the high-yield standard. DPS v18.10 was used to obtain the
best combination of cultivation techniques and measures for a high yield in the JLASTU
experiment. The planting density was 74,300-77,000 plants/ha; the nitrogen application
rate was 235.64-248.75 kg /ha; the phosphorus application rate was 121.56-127.81 kg /ha;
and the potassium application rate was 123.47-131.44 kg /ha.

3.2. Comparative Analysis with CCR Model and GDM-DEA Method for JLASTU Experiment

The CCR model and GDM-DEA method were used for the performance comparison
of the data collected from the JLASTU experiment. The results were obtained and are listed
in Table 3.

Table 3. GDM-DEA efficiency value of the JLASTU experiment cultivation measures.

Group Code 1 2 3 4 5 6 7 8 9 10 11 12
CCR efficiency
. 1.000 0917 1.000 0944 0963 0995 1.000 1.000 1.000 0973 0997 0815
GDM-DEA 1.045 0917 0961 0.878 0956 0952 0938 1.064 0852 0852 0799  0.792
efficiency value
Group Code 13 14 15 16 17 18 19 20 21 22 23 24
CCRj:fféency 1.000 0941 0887 0877 0951 0852 1.000 0962 1.000 0919 1.000 0.878
GDM-DEA 0869 0887 0776 0877 0934 0766 1.039 0927 0971 0890 0793  0.878
efficiency value
Group Code 25 26 27 28 29 30 31 32 33 34 35 36
CCR‘f:Ifllf;e“Cy 0846 0885 0903 0881 0873 0.890 0872 0864 0894 0887 0856 0.876
GDM-DEA

. 0.846 0.88 0903 0.881 0.873 0.890 0.872 0.864 0.894 0.887 0.856 0.876
efficiency value
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For the JLASTU experiment, the evaluation results of the CCR model indicated that
the CCR model could only distinguish whether the group of cultivation measures was
CCR-effective or not (Table 3). The CCR model could only divide the groups into two
parts but could not classify or rank all the decision-making units. Roughly, half of the
cultivation measures were CCR-effective, but the best cultivation measures could not be
determined. In contrast, the results from the GDM-DEA model showed that if a cultivation
measure is GDM-DEA-effective, it must be CCR-effective. Otherwise, it may not be true.
The GDM-DEA model can classify and rank all the cultivation measures in the JLASTU
experiment (Table 3). Therefore, the GDM-DEA model demonstrates better performance
than the CCR model in evaluating the effectiveness of cultivation measures.

3.3. Cultivation Measure Selection

The results of the yield were transformed by min-max normalization, and the output
from the CCR and GDM-DEA efficiency values of the JLASTU experiment are represented
in Figure 2.

1 23 456 7 8 91011121314151617 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36

s Yield ®— CCR efficiency value ~ —#@— GDM-DEA efficiency value

Figure 2. Output and efficiency analysis for the JLASTU experiment.

In Figure 2, the red bar represents that the yield corresponds to the cultivation mea-
sures that are both CCR-effective and GDM-DEA-effective. The yellow bar represents that
the yield corresponds to the cultivation measures that are CCR-effective only. The red
broken line indicates the efficiency trend of GDM-DEA, and each broken point represents
the efficiency value of GDM-DEA. The green broken line represents the efficiency trend of
CCR, and each broken point represents the CCR efficiency value.

The values of V'R were all 1s in groups 1, 3,7, 8,9, 13, 19, 21, and 23. Groups
1, 8, and 19 were both CCR-effective and GDM-DEA-effective (Figure 2). The order
of yield for these three groups of cultivation measures from high to low is as follows:
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19 (12,997.4 kg/ha) > 8 (12,895.3 kg/ha) > 1 (11,486.7 kg/ha). To determine the op-
timal cultivation measures, the cultivation measures of the three groups need to be
contrastively analyzed.

The planting density and the amount of nitrogen, phosphorus, and potassium applied
for group 1 were all at the —1 level, which was lower than the previous planting density
and fertilization rate in this area. It not only reduces the investment in the economy, but
also reduces the negative impact on the soil and other environments due to the reduction in
the fertilization rate. However, the yield of group 1 was also lower than the average yield
of the 36 groups of cultivation measures in the JLASTU experiment. Therefore, group 1 has
a high production efficiency, but is not a high-yield cultivation measure.

The planting density of group 8 was at the -1 level, which was lower than the previous
planting density standard in the region, and the amount of fertilization was at the level
of 1, which was higher than the previous fertilization standard in the region. Although
the yield under this cultivation measure exceeded the average yield of the 36 groups
of cultivation measures in the JLASTU experiment, it was still not the best cultivation
measure because excessive fertilization will lead to soil hardening and environmental
pollution. Consequently, group 8 is a high-performance and high-yield measure, but not an
environment-friendly cultivation measure.

If only considering the perspective of high yield, group 16 (yield: 13,641.3 kg/ha)
should be selected as the optimal cultivation measure, but its planting density and the
amount of nitrogen, phosphorus, and potassium application for this cultivation measure
were all at the +1 level, which was much higher than the previous standard level in this area.

The planting density and the amount of phosphorus and potassium applied in group
19 were the same as the previous standard level in the region, while the nitrogen application
rate was at the —2 level, which was far lower than the standard level. Although its yield was
not the highest one among the 36 groups of cultivation measures, it was much higher than
the average yield. Thus, group 19 is the most environment-friendly cultivation measure
with a high production efficiency and high yield, and also the best cultivation measure of
the JLASTU experiment.

3.4. Independent Validation

The publicly available experimental data previously generated from the same location
with same experimental design [54-56] were used to validate the GDM-DEA model. The
yield data of three independent experiments were processed by min—-max normalization.
Lingo 18.0 was used to solve the CCR and GDM-DEA efficiency values of each cultivation
measure in the three independent experiments. It was found that groups 12, 15, 19, and
35 met the criteria of CCR and GDM-DEA effectiveness. Among those, group 35 had the
highest yield (Table S7 and Figure S1).

The published results of the Anshun Pan experiment used the average yield of
36 groups (10,527.15 kg/ha) as the high-yield standard [54,55]. Obviously, group 35 was
the best cultivation measure, which met the standards of high performance and high yield.
In the Anshun Pan experiments, the cultivation measures of groups 25-36 were the same.
Except for groups 25 and 35, the efficiency value and GDM-DEA efficiency value of the
other 10 groups were close to 1, and the yield was much higher than the standard high-
yield value. The explanation for the differences between the Anshun Pan and JLASTU
experiment in performance and yield may be that the effects of previously grown crops,
environmental effects and /or the edge row could affect the experimental data.

Groups 6, 12, 14, 16, 20, and 24 were CCR-effective only, and groups 15 and 35 were
both CCR-effective and GDM-DEA-effective. Taking CCR and GDM-DEA effectiveness as
the standard, the yield was reported as follows: 35 (13,502.1 kg/ha) > 15 (12,471.6 kg/ha).

The experimental sites and design of the Anshun Tang experiment and the Anshun
Pan experiment were the same, so the same cultivation measure in the two independent ex-
periments had a similar performance and yield. This published research took 12,000 kg /ha
as the high-yield standard of maize in the Anshun Tang experiment [54,55]. Consider-
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ing GDM-DEA efficiency and the yield, group 35 was the best cultivation measure in
our analysis.

The 12th, 16th, 18th, and 20th cultivation measures were all CCR-effective, while the
CCR efficiency value of the 14th, 22nd, and 24th cultivation measures were both CCR-
effective and GDM-DEA-effective. The yield of the shared three groups was ranked as
22 (14,222.85 kg /ha) > 14 (13,147.05 kg /ha) > 24 (12,652.35 kg /ha).

In contrast to the first two independent experiments, in the Chifeng Zheng experiment,
we used DPS software to determine that the high-yield standard was 12,134.98 kg/ha.
Groups 14, 22, and 24 all met the high-yield standard. The amount of nitrogen, phosphorus,
and potassium fertilizer applied in group 22 was at level 0, and the planting density was
level—2. The input of group 22 was lower than the other two groups, and the yield was
larger than the other two groups, so it was the best cultivation measure.

Here, the optimal cultivation measures from the GDM-DEA model and other statistical
methods were compared (Table 4). The Anshun Pan experiment and Anshun Tang experi-
ment used the high-yield frequency analysis method to obtain the optimal combination
scheme of agronomic measures with a higher yield than the average yield. This scheme only
determined the range of planting density, nitrogen application rate, potassium application
rate, and phosphorus application rate, but did not give the best cultivation measure. In
the Chifeng Zheng experiment, DPS was used to process the data and regression analysis
results. Finally, the optimal solution of the quadratic regression model was obtained, and
the highest yield cultivation measures were obtained at the theoretical level.

Table 4. Comparison of two kinds of results from the statistical method and GDM-DEA method.

Planting Nitrogen Phosphate Potash
Independent Experiment Density Fertilizer Fertilizer Fertilizer Yield (kg/ha)
(Plants/ha) (kg/ha) (kg/ha) (kg/ha)
Results obtained by 52,830-55,170  160.5-187.5 142.5-157.5 154.5-175.5 >10,527.15
Anshun Pan statistical method
experiment GDM-DEA optimal
cltivation mrsures 54,000 174 150 165 11,943
Results obtained by )0 05055 045553513 187.65-2445  278.4-340.5 >12,000
Anshun Tang statistical method
experiment GDM-DEA optimal 64,035 360 240 240 13,502.1
cultivation measures ! T
Results obtained by 52,500 750 375 187.5 16,072.35
Chifeng Zheng statistical method
experiment GDM-DEA optimal 52,500 600 25 150 1422285

cultivation measures

In the Anshun Pan experiment and Anshun Tang experiment, the optimal cultivation
measures selected by the GDM-DEA model concorded with the range of optimal cultivation
measures given in the experiment. The Chifeng Zheng experiment demonstrated the culti-
vation measures with the maximum theoretical yield. Compared with the best cultivation
measure calculated by the GDM-DEA model, the maximum theoretical yield is necessary to
increase the fertilization amount of nitrogen, phosphorus, and potassium, which negatively
impacts the environment and soil. At the same time, from an economic point of view, it
increases investment, but its economic benefit has not been greatly improved.

In the JLASTU experiment, there are nine groups of CCR-effective cultivation measures
and three groups of GDM-DEA-effective cultivation measures. In the validation experiment,
the Anshun Pan experiment has 11 groups of CCR-effective cultivation measures and
4 groups of GDM-DEA-effective cultivation measures; the Anshun Tang experiment has
8 groups of CCR-effective cultivation measures and 2 groups of GDM-DEA-effective
cultivation measures; there are 7 groups of CCR-effective cultivation measures and 3 groups
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of GDM-DEA-effective cultivation measures in the Chifeng Zheng experiment. The number
of effective cultivation measures of GDM-DEA is 1/4-3/7 of the CCR model. Therefore,
the calculation efficiency of the GDM-DEA model is 2—4-times higher than the CCR model
when determining the best cultivation measures for maize.

4. Discussion

In this study, we proposed and applied a new model named GDM-DEA model for
the evaluation of cultivation measures in maize. We also compared the performance of the
GDM-DEA model with other models.

Taking the JLASTU experiment as an example, nine groups of CCR-effective maize
cultivation measures can be determined by the CCR model. Three groups of effective
cultivation measures can be selected by the GDM-DEA model, and the three groups of
cultivation measures meet the desired level of CCR effectiveness. Only by analyzing the
cultivation measures and yield of the three groups, it could be determined that group 19 is
the best cultivation measure for the JLASTU experiment, which has an unchanged yield,
planting density and phosphorus, and potassium application at the previous standard level
in the same region, while its nitrogen application is at the —2 level. The optimal cultivation
measures are the same as the measures that were determined by the CCR model. Therefore,
the evaluation results of the GDM-DEA model and CCR model are the same, but they can
reduce the workload of determining the optimal cultivation measures.

As demonstrated in the JLASTU experiment and the three independent experiments,
the GDM-DEA model outperforms the CCR model when determining an optimized estima-
tion. Therefore, the GDM-DEA model is good enough for predicting the maize yield output
under different cultivation measures. It also may be applicable for other crops, although it
needs to be tested in the future.

The CCR model is commonly used to evaluate performance. However, the CCR model
can give only a general range of planting density and fertilization data but not specific
planting guidance. The CCR model is only dependent on the original data and analyzes
the data objectively. In the CCR model, each DMU selects the subjective weights that are
propitious to their own. It means that a DMU only needs the original data of the input
index and output index when the CCR model evaluates the DMU. The solution results of
the model include both the efficiency value of the DMU and the corresponding weight of
each input and output index. When evaluating a group of cultivation measures, in view of
the “uncertain weight” of the CCR model, the cultivation measures will choose a weight
to maximize their own efficiency. In other words, when evaluating a group of cultivation
measures of four indicators, the greater the input, the smaller the index weight, and the
smaller the input, the greater the index weight, so that this group of cultivation measures
will achieve the maximum efficiency value. Therefore, when evaluating maize cultivation
performance, it should be noted that there are many CCR-effective cultivation measures,
and the cost of calculation will be relatively high in the process of determining the optimal
cultivation measures.

GDM-DEA could solve the above problems. The principle of this model is to add an
average decision unit as the “control group”. When calculating the GDM-DEA efficiency
value of a group of cultivation measures, the group of cultivation measures should be
removed from the model, and the remaining original cultivation measures and mean culti-
vation measures will form a new group. If the removed cultivation measure has a great
influence, the efficiency of the average decision unit will change greatly and vice versa.
In short, the removal and retention of the removed cultivation measure could reflect the
degree of its impact on the efficiency of new groups, which could also reflect the role of
the removed cultivation measure. Therefore, by optimizing the index composition of the
average decision unit in the new evaluation set, and then taking the sum of the optimal
weighting coefficient of the average decision unit as the standard for the evaluated cultiva-
tion measures, we can not only establish a relationship between the average cultivation
measures and the evaluated cultivation measures, but also make the evaluation results
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more reasonable. Meanwhile, the effective cultivation measures of GDM-DEA must meet
the effectiveness of CCR, but the opposite is not necessarily true. Therefore, the GDM-DEA
model could reduce the workload of determining the optimal cultivation measures.

During the comparison among the cultivation measures, a high yield should not be
the only criterion used to determine the cultivation performance. The optimal cultivation
measures not only have high performance in production, but also have high yield with
minimal environment impacts. In this way, the problems of resource waste and environ-
mental pollution caused by high investment could be avoided, and the planting efficiency
could be improved from an economic point of view. Using the CCR model to evaluate
performance, the cultivation measures could only be preliminary classified as effective or
ineffective. At the same time, many effective cultivation measures were obtained. Although
the cultivation measure of CCR is effective and demonstrates a high yield, it negatively
impacts the environment. The evaluation of the GDM-DEA model not only ensures that
the obtained GDM-DEA-effective cultivation measures are CCR-effective, but also reduces
the number of effective cultivation measures. At the same time, we could also choose
environment-friendly cultivation measures on the premise of ensuring the effectiveness
and high yield of the cultivation measures.

In addition, as an improved performance evaluation model, GDM-DEA may be used
to evaluate not only the production performance of grains such as wheat and sorghum,
but also the production performance of other crops. However, this needs to be tested in
future experiments. The current conclusion was based on one-year field data, and more
experimental data from additional years will be needed for a practice purpose.

GDM-DEA also has shortcomings. If the GDM-DEA efficiency value is Ej; > 1, the
joth DMU is GDM-DEA-effective. However, when the GDM-DEA model evaluates the
removed cultivation measure, the removed cultivation measure could reflect the degree
of its impact on the efficiency of new groups, and it will select the subjective weights that
are propitious to its own. Although the GDM-DEA model is more objective than the CCR
model, it cannot completely eliminate the influence of the “self-interest” of the DEA perfor-
mance evaluation model. For the follow-up study of the DEA model in evaluating maize
cultivation performance, we will conduct a more objective evaluation of the performance
of each evaluated cultivation measure as a further research goal.

5. Conclusions

Through the specific cultivation measures and corresponding yields of the four groups
of experiments, as well as the performance evaluation results, it can be observed that a
high yield should not be the only criterion to determine the cultivation performance when
guiding the actual production of crops. The selection of optimal cultivation measures
should take high efficiency, high yield and environmental friendliness as the criteria to
determine the optimal cultivation measures through experiments, which can avoid the
problems of resource waste and environmental pollution caused by high investment, and
improve the planting benefits from an economic point of view.

Using the CCR model to evaluate performance, we can only preliminarily classify cul-
tivation measures as effective or ineffective. There are many effective cultivation measures,
and the situation of “effective cultivation measures and high yield, but not friendly to the en-
vironment” will appear when evaluating these measures. The evaluation of the GDM-DEA
model can not only ensure that the obtained GDM-DEA-effective cultivation measures are
CCR-effective, but can also reduce the number of effective cultivation measures, reduce the
workload of the actual calculation, and select environment-friendly cultivation measures
on the premise of ensuring the effectiveness and high yield of the cultivation measures.

The GDM-DEA model has the following two advantages over the CCR model: (1) the
GDM-DEA model can rank all cultivation measures; (2) combined with a high yield
and GDM-DEA efficiency value greater than 1, the optimal cultivation measures can be
determined, and the amount of calculation can be reduced in the calculation process.
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