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Abstract: Ensuring sustainable levels of rice yield has become a significant concern in recent years. To
improve yields in rice production, it is essential to increase factor inputs and productivity. However,
current research primarily focuses on general grain productivity, rather than rice. In this study,
utilize the DEA-Malmquist index to present a comprehensive temporal and spatial analysis of
rice productivity and its determinants in China. Our findings reveal that the overall efficiency of
rice production in China exhibits a fluctuating upward trend, with technological progress being
the primary driver of improvement in production efficiency. Moreover, rice production efficiency
demonstrates a distribution pattern that decreases from east to west, with resource endowment,
production conditions, socioeconomic development levels, and the political system being crucial
factors influencing efficiency. This study proposes novel ideas for structural adjustments and regional
divisions within China’s rice industry and provides a theoretical foundation for governments to
develop evidence-based policies.

Keywords: rice production efficiency; Malmquist index; DEA model

1. Introduction

Under the influence of climate change, water scarcity, and urbanization, global food
security faces major challenges [1–4]. In recent years, the decline in sustainability of cereal
production in China has been a major issue [5–8]. In rice, the use of production factors
and improving their productivity are important factors for increasing yield [9,10]. With
the urbanization in China, the resources of cultivated land are decreasing. In terms of
rice production, the supply of cultivated land has reached its limit [11–14]. It is necessary
to secure rice yield by improving production efficiency. Therefore, this paper aims to
comprehensively measure rice production efficiency and its influencing factors.

Currently, research on the efficiency of rice production focuses on two aspects: the
measurement of production efficiency and the factors affecting production efficiency. As
for the measurement of production efficiency, the traditional production function method,
stochastic frontier analysis (SFA) and data envelopment analysis (DEA) are the three most
commonly used methods. The traditional production function method is mainly used to
evaluate production efficiency [15,16]. The most common methods are stochastic frontier
analysis and data envelopment analysis. Stochastic frontier analysis assumes that the
production frontier follows a certain functional form, which can avoid the influence of
random disturbances on inefficiency. DEA can effectively avoid model setting errors and
is suitable for multiple input and multiple output analyzes. Considering the advantages
of the DEA model, many researchers use this model to measure agricultural production
efficiency. Chavas et al. [17] used the DEA model and found that Colombia has high
technical efficiency in agriculture. James [18] used the method of combining SFA and
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DEA, to show that technical efficiency is an important factor in increasing grain production.
Watto and Mugera [19] believe that the most effective factor to improve technical efficiency
is to use better quality production factors. In recent years, many scholars have measured
the efficiency of grain production in China. Chen and Zhao [20] used the SFA model to
show that the important factors for increasing grain production include land, fertilizer and
labor. From the perspective of financial support, Zhang et al. [7] used the DEA model to
find that grain production efficiency in China decreases from the center to the east to the
west. Huang et al. [21] measured the eco-efficiency of farms growing rice using both the life
cycle assessment (LCA) and DEA methods based on survey data from 370 farms in China.

Academic circles have also looked at the factors influencing the efficiency of grain
production. Raghbendra et al. [22] used India as an example and found that farm size
is positively correlated with production efficiency. The level of schooling and household
size influence technical efficiency of the farmers [23–25]. McCloud and Kumbhakar [26]
drawing on data from EU countries, find that agricultural subsidies will significantly in-
crease agricultural productivity. Agricultural subsidy policy can alleviate the decline of
agricultural comparative advantage, and it is the source power to promote agricultural
development [27–29]. The cropland is a key factor in improving food production effi-
ciency [30–32]. Land circulation helps to transfer farmland from households with low
APE to households with high APE, thus improving the efficiency and fairness of land
allocation [33,34]. Some researchers concluded that food production efficiency can be
improved by expanding water and transportation infrastructure in agriculture [35,36]. In
addition, studies have shown that biotechnology contributes greatly to agricultural produc-
tion [37,38]. Currently, there are few studies that have investigated the efficiency of rice
production and its influencing factors in China. This paper aims to make a useful attempt
and supplement this research gap.

This paper examines 23 major rice-producing provinces in China from 2007 to 2018
as research objects. The primary objective is to use the DEA-Malmquist index to compre-
hensively measure the efficiency of rice production and identify factors that influence it.
Additionally, we conduct heterogeneity analyses on different regions and rice varieties to
measure rice production efficiency. The ultimate policy goal is to provide new insights for
structural adjustment and regional division of the rice industry, as well as to enhance food
security and reduce poverty by narrowing the rice yield gap in China.

2. Materials and Methods
2.1. Research Methods
2.1.1. Data Envelopment Analysis (DEA)

Data Envelopment Analysis (DEA) was firstly proposed by Charnes in 1978 [39],
which estimates the effective production frontier based on a set of observations on inputs
and outputs, and determines the efficiency status of each point of the possible produc-
tion concentration based on the distance from each point to the production frontier, thus
providing an effective evaluation of the decision making unit (DMU). Suppose there are
i (i = 1, 2, 3, . . . , m) decision units, each with k input elements xi1, xi2, . . . , xik and r outputs
yi1, yi2, . . . , yir, and each input and output is greater than 0, the basic model of DEA is:

min
[
θ − ε

(
eT

1 S− + eT
2 S+

)]

s.t.



m
∑

i=1
λixi + s− = θX0

m
∑

i=1
λiyi − s+ = Y0

m
∑

i=1
λi = 1

λi ≥ 0, i = 1, 2, 3 . . . m

s− ≥ 0, s+ ≥ 0

(1)
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where θ represents the comprehensive efficiency value of the decision unit, S− and S+

are slack variables, S− represents the redundancy value of production factor input, and
S+ denotes the full output value of input factor. ε is a non-Archimedean infinitesimal
parameter value, if θ = 1 and S− = S+ = 0, it means that the decision DEA is effective, if
θ = 1 and S− 6= 0 or S+ 6= 0, it means that the decision unit DEA is weakly effective,
if 0 < θ < 1, it indicates that the decision-making unit is non-DEA effective, that is, the
inefficiency of decision-making unit leads to resource waste. xi and yi respectively represent
the amount of input and output of the ith decision unit, and λi denotes the weight of
decision-making unit.

2.1.2. Malmquist Index

The Malmquist Productivity Index method is based on the DEA model and is a non-
parametric method for measuring the trend of dynamic efficiency changes. When the data
type is panel data, the Malmquist index can be used to measure the change in total factor
productivity. According to Färe et al. [40],

(
xt, yt) is the input-output vector in period t and(

xt+1, yt+1) is the input-output vector in period t+ 1. The Malmquist index is calculated as:

TFPt,t+1
0

(
xt+1, yt+1, xt, yt) =

√
Dt

0(xt+1,yt+1)
Dt

0(xt ,yt)
× Dt+1

0 (xt+1,yt+1)
Dt+1

0 (xt ,yt)
=

Dt+1
0 (xt+1,yt+1)

Dt
0(xt ,yt)

×
√

Dt
0(xt+1,yt+1)

Dt+1
0 (xt+1,yt+1)

× Dt
0(xt ,yt)

Dt+1
0 (xt ,yt)

= E f f ch× Tech
(2)

where TFPt,t+1
0

(
xt+1, yt+1, xt, yt) represents the Malmquist productivity index, which can

be decomposed into the product of the change in technical efficiency (Effch) and the change
in technical progress (Tech). Effch represents the change in technical efficiency, and refers
to the ratio of the distance between the actual level of output the respective optimal level
of output in different periods with constant returns to scale, with Effch > 1 indicating an
improvement in technical efficiency and vice versa, while Tech represents the change in
technical progress, and refers to the ratio of the optimal output levels of the same input
in different periods. Tech > 1 indicates technological progress and vice versa. Further,
Färe et al. [40] proposed that in the case of variable returns to scale, technical efficiency
changes can be decomposed into pure technical efficiency (Pech) and scale efficiency (Sech).
Pech is the capacity of input factor use efficiency. Pech > 1 indicates an increase in pure
technical efficiency and vice versa. Sech reflects the effectiveness of production scale in the
case of variable returns to scale. Sech >1 indicates an increase in scale efficiency and vice
versa. Ultimately, the composition of production efficiency is given by the formula:

TFP = Effch × Tech = Pech × Sech × Tech (3)

A TFP greater than 1 indicates an increase in production efficiency, less than 1 indicates a
decrease in production efficiency, and equal to 1 indicates no change in production efficiency.

2.2. Data Sources and Explanations
2.2.1. Sample Selection and Data Source

In this paper, 23 major rice-producing provinces (autonomous regions and municipali-
ties directly under the Central Government) in China from 2007 to 2018 were selected as
the study sample. The rice-growing provinces were classified into three regions: eastern
(Jiangsu, Liaoning, Hebei, Shandong, Zhejiang, Fujian, Guangdong, Guangxi, and Hainan),
central (Heilongjiang, Jilin, Henan, Hubei, Hunan, Anhui, Jiangxi, and Inner Mongolia),
and western (Chongqing, Sichuan, Yunnan, Guizhou, Shaanxi, and Ningxia). The input-
output data of each province from 2007 to 2018 were mainly obtained from the National
Compilation of Information on Cost and Benefits of Agricultural Products in previous years,
and the data on per capita arable land area, education level of rural residents, amount of
employees per mu, agricultural planting structure, effective irrigation rate, agricultural
machinery density, disaster rate, urbanization rate, per capita disposable income of rural
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residents and financial support for agriculture are obtained from the China Rural Statistical
Yearbook [41], and information from the National Bureau of Statistics [42].

2.2.2. Explained Variables

The explanatory variable in this study was rice productivity efficiency measured using
DEA-Malmquist index method. This paper constructs 2 primary indicators of inputs and
outputs, and 3 secondary indicators of direct cost, labor input and rice output (Table 1),
and selects the main output value of rice in each province in the corresponding year as the
output indicator (specifically expressed as the main output value of rice per unit area (unit:
yuan/mu)), and the input indicators include direct cost and labor input. Among them, the
direct cost includes the sum of seed cost, fertilizers, pesticides, agricultural films, rental
operations per unit of rice production (unit: yuan/mu), and the labor input is expressed as
the labor cost consumed per unit area of rice production (unit: yuan/mu).

Table 1. Index System of Rice Production Efficiency.

Classification Variable Mean Std Min Max

Input index Direct cost 715.3485 401.7618 160.26 1920.17
Labor input 726.9291 472.1947 138.21 2188.44

Output index Rice yield 2125.279 1111.323 559.26 5478.01

2.2.3. Explanatory Variables

At present, there is no standard model on the factors influencing production efficiency.
Established studies have found that the farmers’ education level, income level and disas-
ter impacts are important factors affecting rice production efficiency [43,44]. In addition,
Srisompun and Boontang [45] argued that production efficiency is determined by farmer
traits, land characteristics and farmland management. Considering the characteristics and
data limitations of rice production in China, this paper analyzes resources endowment,
production conditions, socioeconomic development level and policy system. For resource
endowment, per capita cultivated land (PCL) is selected to characterize land resources
and education level of farmers (ELF) to characterize human capital. For production con-
ditions, we have used amount of employees per mu (AEP) where “mu” is a Chinese unit
of land measurement equivalent to 666.7 square meters commonly used in agriculture.
Agricultural planting structure (APS), effective irrigation rate (EIR), agricultural machinery
density (AMD) and disaster rate (DIR) are also selected as indicators. For socioeconomic
development level, urbanization rate (URR) and per capita disposable income of rural
residents (PDI) are selected as indicators. For policy system, fiscal support for agriculture
(FSA) is selected as a measure. The specific indicators are set as follows:

Per capita cultivated land area (PCL). Land factor inputs directly affect food productiv-
ity efficiency [46]. The increase in per capita cultivated land is conducive to the expansion
of planting scale and has a positive impact on production efficiency. However, in the case
of limited cultivated land resources, the increase of land factor in “crude” production may
have a negative impact on production efficiency. In this paper, the ratio of cultivated land
area to total population in each provinces is used to characterize the cultivated land area
per capita.

Education level of farmers (ELF). The level of education of farmers an important de-
terminant of productivity improvement [47]. We measure the number of years of education
per capita in the rural areas in each province, and the formula is as follows: (Population
of primary school education × 6 + junior high school × 9 + high school × 12 + college or
above × 16)/total population over six years old.

Amount of employees per mu (AEP). Higher labor input in rice cultivation means
that it can benefit from the mastery of various skills, which is conducive to improving
efficiency [48]. However, a large labor input may also indicate a low technical input in
rice cultivation. Due to the uncertainty of its impact, the amount of employee per mu
is selected.
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Agricultural Planting Structure (APS). Agricultural production efficiency is closely
related to sown area and layout adjustment. The ratio of rice planting area to the total crop
planting area in each province is used to measure the agriculture planting structure.

Effective irrigation rate (EIR). Water availability is a determinant of agricultural
production [49], and an increase in effective irrigated area implies the full utilization
of water resources, which is conducive to improving rice production efficiency. The effec-
tive irrigation rate is measured as the ratio of effective irrigated area to cultivated area in
each province.

Agricultural mechanization Density (AMD). The application of technology in the
agricultural production process has a significant impact on production efficiency [50], and
mechanized agricultural production can fill the gap of labor withdrawal and thus enhance
rice production efficiency. The ratio of total agricultural machinery power to rice planting
area in each province is used to measure agricultural mechanization density.

Disaster Rate (DIR). Agricultural natural disasters greatly constrain food production [51].
The ratio of rice disaster area to rice planting area is chosen to measure the disaster rate.

Urbanization Rate (URR). In the urbanization process caused soil pollution and the
productivity of land cultivation was negatively affected [52]. The urbanization level is mea-
sured by choosing the proportion of urban population to total population in each province.

Per capita disposable income of farmers (PDI). Higher disposable income of farmers
implies that households have sufficient funds to purchase production materials and equip-
ment, which helps to increase the efficiency of rice production. However, an increase in
per capita disposable income of farmers may come from an increase in non-agricultural
income, which can bring about a decrease in production efficiency [16]. The specific mea-
sure selected for this paper is the logarithm of disposable income per rural resident in each
province (in thousands of yuan).

Financial support for agriculture (FSA). The intensity of government intervention in
agricultural production is an important influencing factor of production efficiency. We
choose the proportion of fiscal agricultural expenditure to total fiscal expenditure in each
province to measure the intensity of fiscal support to agriculture.

2.2.4. Tobit Model

In this paper, the DEA-Malmquist index was used to measure the production efficiency
and its decomposition index. Mostly values concentrate between 0 and 2. The estimation
results of OLS for such limited dependent variables may be biased, and the Tobit model
using the maximum likelihood estimation (MLE) method can improve the validity and
robustness. In order to explore the factors influencing rice production efficiency and the
degree of influence, this paper uses a random effects Tobit model, which is set as follows:

TFPi.t = α0 + αi

t

∑
1

Xi,t + εi,t (4)

where TFPi,t is the explanatory variable in this paper, α0 is a constant term, Xi,t is a series
of factors affecting rice production efficiency, including per capita cultivated land (PCL),
education level of farmers (ELF), Amount of employees per mu (AEP), agricultural planting
structure (APS), effective irrigation rate (EIR), agricultural mechanization density (AMD),
disaster rate (DIR), urbanization rate (URR), per capita disposable income of farmers (PDI),
and financial support for agriculture (FSA). εi,t is the error term. Since the random effects
Tobit model estimates do not reflect individual and period differences, this paper adds year
dummy variables and province dummy variables for control in the model regressions. The
descriptive statistics for each variable are shown in Table 2.
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Table 2. Descriptive Statistics.

Variable Mean Std Min Max

TFP 1.0242 0.1175 0.6760 1.9343
Tech 1.0210 0.0905 0.7364 1.3777
Pech 1.0081 0.0954 0.6821 1.8900
Sech 0.9991 0.0662 0.7189 1.3910
PCL 1.0979 0.8352 0.2328 4.1877
ELF 8.5925 0.6555 6.5940 10.1049
AEP 2.5748 0.5495 1.0818 3.6677
APS 0.3062 0.2680 0.0005 0.9997
EIR 0.5188 0.2043 0.1644 1.4976

AMD 0.7624 0.4554 0.0456 2.4787
DIR 0.2571 0.1642 0.0018 0.9894
URR 0.5101 0.0936 0.2746 0.6985
PDI 0.6826 0.7293 0.1715 3.8834
FSA 0.1082 0.0287 0.0139 0.1897

3. Results
3.1. Basic Characteristics of Overall Rice Production Efficiency in China

The trend of rice production efficiency, technical progress change, pure technical
efficiency change and scale efficiency change in 23 provinces of China from 2007 to 2018 are
shown in Figure 1. In general, rice production efficiency in China is in a fluctuating change,
especially between 2007 and 2014, and then the fluctuation of rice production efficiency
becomes less. In terms of specific trends, changes in rice production efficiency have certain
phase characteristics. It showed a sharp decline from 2008 to 2010, experienced a large
increase in rice production efficiency from 2011 to 2013, experienced a short decline in 2014
and maintained a growth trend after 2015. A decomposition of the source of rice production
efficiency growth reveals that the decline in rice production efficiency in 2008–2010 was
mainly due to the regression of the technological frontier (Tech < 1). The rapid growth in
2011–2013 was mainly due to the changes in technological progress, particularly to the
improvements in pure technical efficiency. During 2015–2017, the fluctuations in production
efficiency, changes in technological progress, pure technical efficiency and scale efficiency
were still consistent. Therefore, changes in rice production efficiency in China are mainly
influenced by technical progress, and the key to improving rice production efficiency is to
promote technological progress.
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Table 3 shows the results of production efficiency and its decomposition indexes of
23 major rice producing provinces in China from 2007 to 2018 based on output-oriented
measurements. The national average value of Malmquist index is 1.0242, indicating that
rice production efficiency shows a gradual improvement trend. The technical progress
index and pure technical efficiency are both greater than 1. And the change in technical
progress (1.0210) is significantly higher than the change in pure technical efficiency (1.0081),
indicating that the improvement of rice production efficiency in China from 2007 to 2018
was mainly driven by technological progress.

Table 3. Production Efficiency and Decomposition of Rice in 23 Major Rice Production Provinces in
China from 2007 to 2018.

DMU TFP Tech Pech Sech DMU TFP Tech Pech Sech

Yunnan 1.0152 1.0084 1.0005 1.0085 Henan 1.0269 1.0142 1.0134 1.0014
Inner Mongolia 1.0489 1.0371 1.0078 1.0029 Zhejiang 1.0297 1.0360 1.0000 1.0137

Jilin 1.0359 1.0256 1.0045 1.0041 Hainan 1.0415 1.0216 1.0345 0.9937
Sichuan 1.0118 1.0103 1.0000 1.0036 Hubei 1.0175 1.0263 1.0000 0.9953
Ningxia 1.0263 1.0180 1.0170 0.9911 Hunan 1.0425 1.0241 1.0340 0.9883
Anhui 1.0017 1.0282 0.9998 0.9835 Fujian 1.0190 1.0126 1.0061 1.0040

Shandong 1.0177 1.0296 0.9940 0.9964 Guizhou 1.0040 1.0110 0.9971 1.0002
Guangdong 1.0293 1.0204 1.0192 0.9945 Liaoning 1.0230 1.0296 1.0053 0.9946

Guangxi 1.0817 1.0205 1.0752 0.9905 Chongqing 1.0029 1.0084 0.9757 1.0212
Jiangsu 0.9992 1.0138 0.9974 0.9965 Shaanxi 1.0186 1.0100 1.0001 1.0088
Jiangxi 0.9757 1.0158 0.9818 0.9852 Heilongjiang 1.0388 1.0322 1.0000 1.0072
Hebei 1.0494 1.0284 1.0239 0.9933 Nation wide 1.0242 1.0210 1.0081 0.9991

At the sub-provincial level, the Malmquist index of Jiangsu and Jiangxi Provinces
was less than 1, and the rice productivity shown a decreasing trend. All provinces except
Jiangsu and Jiangxi have achieved DEA effective. From the decomposition index, all
23 Chinese provinces have technical progress changes greater than 1 and achieved DEA
effective status. Basically, all provinces had technological progress index greater than pure
technical efficiency changes. So scale efficiency progress plays a key role in rice production
efficiency improvement.

3.2. Analysis of Factors Influencing Rice Production Efficiency

Table 4 reports the baseline results, with column (1) showing the influences of rice
production efficiency (TFP) as the explanatory variable. Columns (2)–(4) show the results
of the technical progress change (Tech), pure technical efficiency change (Pech) and scale
efficiency change (Sech) as the explanatory variables, respectively.

Table 4. Factors Affecting Rice Production Efficiency and Its Decomposition Index.

(1) (2) (3) (4)
TFP Tech Pech Sech

PCL −0.0488 * −0.0060 −0.0171 −0.0198
(0.0289) (0.0165) (0.0260) (0.0158)

ELF 0.1226 * −0.0028 0.0979 * 0.0347
(0.0635) (0.0362) (0.0570) (0.0347)

AEP −0.2027 *** −0.0195 −0.1585 *** −0.0121
(0.0651) (0.0371) (0.0584) (0.0355)

APS 0.1114 * 0.0095 0.1147 * 0.0112
(0.0675) (0.0384) (0.0605) (0.0368)

EIR 0.0772 0.0133 0.0309 0.0346
(0.0949) (0.0540) (0.0851) (0.0518)

AMD 0.0779 ** 0.0063 0.0480 0.0256
(0.0339) (0.0193) (0.0304) (0.0185)

DIR −0.0951 ** −0.0467 * −0.0519 0.0043
(0.0480) (0.0273) (0.0430) (0.0262)
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Table 4. Cont.

(1) (2) (3) (4)
TFP Tech Pech Sech

URR 0.2632 0.2777 0.0897 −0.0669
(0.5069) (0.2886) (0.4545) (0.2766)

PDI 0.2522 *** 0.0438 0.1853 *** 0.0202
(0.0739) (0.0421) (0.0663) (0.0403)

FSA 1.5370 *** −0.2936 1.0392 ** 0.6784 **
(0.4831) (0.2751) (0.4332) (0.2636)

constant −0.6663 0.7955 −0.0039 0.4256
(0.9012) (0.5131) (0.8081) (0.4917)

Year Yes Yes Yes Yes
Province Yes Yes Yes Yes

Log Likelihood 259.37 414.83 289.47 426.59
Wald test probability 0.000 0.000 0.004 0.000

Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01.

First, the effect of resource endowment on rice production efficiency. Cultivated land
area per capita had a significant negative effect on TFP and insignificant effects on Tech,
Pech and Sech. The reason is that the rigid constraint of cultivated land resources, increasing
cultivated land area to enhance rice production efficiency is not available. The increase
in cultivated land area per capita is not beneficial for technical efficiency improvement.
The influence of education level of rural residents on TFP as well as Pech was positive,
implying that the higher education level of farmers, the more capabilities they have in
terms of production skills, which help promote technological progress and production
efficiency of rice production.

Second, we must consider the effect of production conditions on rice production
efficiency. The amount of employees per mu negatively impacted TFP and Pech, while this
negative effect was not significant for Tech and Sech. A greater labor inputs per mu indicate
a lower technology application level during production, which hinders the efficiency of
rice production. The agricultural planting structure was found to have a positive effect
on TFP and Pech, indicating that increasing the proportion of land area would involve
deepening the specialization, thereby helping to enhances the efficiency of rice production.
Additionally, although the positive effect of effective irrigation rate on TFP, Tech, Pech, and
Sech is not statistically significant, but it implies that increasing the irrigation level would
help to promote rice production efficiency. More attention should be paid to irrigation to
improve water use efficiency. Agricultural mechanization density had a positive effect on
TFP and a positive, but non-significant, effect on Tech, Pech and Sech. This is because the
level of agricultural mechanization provides powerful technical support for rice production,
and the application of new agricultural technology has a positive effect on improving rice
production efficiency. Finally, the disaster rate had a significant negative impact on TFP
and Tech. Natural disasters such as floods and droughts can cause serious damage to crops
including rice, which in turn has a negative effect on rice production efficiency.

Third is the effect of the socioeconomic development level on rice production efficiency.
The urbanization rate had a positive effect on TFP, Tech and Pech, while it had a negative
effect on Sech. However, none of them, passed the significance test. This result suggests
that improving the level of urbanization can partially enhance the efficiency of resource
allocation and technological progress. However, urbanization has also resulted in a shortage
of farmland resources, which hinders the improvement of scale efficiency. The per capita
disposable income of farmers significantly contributes to TFP and Pech. An increase in
farmers’ incomes levels means they can afford to purchase production materials, such
as seeds, chemical fertilizers, pesticides, and mechanical equipment, and invest more in
technology, leading to an enhancement in rice production efficiency.

Next is the impact of the policy systems on rice production efficiency should also
be considered. The level of financial support for agriculture had a significant positive
effect on TFP, Pech, and Sech, whereby, the financial support and input of agricultural
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public goods will promote production efficiency. With an increase in financial support for
agriculture, investment in public agricultural products are found to incease. Improvement
to infrastructure favor the application of technology in the rice production process, thus
promoting efficiency.

3.3. Heterogeneity Analysis

China is a vast country, and the differences in resource endowments among provinces
lead to differences in rice production efficiency changes and their influencing factors in
different regions. According to geographical location, the samples were divided into eastern
regions (Jiangsu, Liaoning, Hebei, Shandong, Zhejiang, Fujian, Guangdong, Guangxi,
Hainan), central regions (Heilongjiang, Jilin, Henan, Hubei, Hunan, Anhui, Jiangxi, Inner
Mongolia) and western regions (Chongqing, Sichuan, Yunnan, Guizhou, Shaanxi, Ningxia)
respectively. Figure 2 shows the variation trend of rice production efficiency in eastern,
central and western China from 2007 to 2018. In general, rice production efficiency is in
constant change. The three major regions have basically the same magnitude of change.
The order of average rice production efficiency is eastern, central and western. Specifically,
the rice production efficiency showed a decreasing trend between 2008 and 2010, and the
average production efficiency of the three major regions increased continuously between
2010 and 2013. After a brief decrease in rice production efficiency in 2014, the production
efficiency of each region showed a fluctuating upward trend since 2015.
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Figure 2. Trends in Rice Production Efficiency by Regions, 2007–2018.

Table 5 reports the results of heterogeneity analysis of factors influencing rice produc-
tion efficiency. Farmers’ education level significantly contributed to the eastern and central
regions, but the western region is opposite. These probably due to farmers in the eastern
and central regions have higher education levels and more advantages in agricultural
knowledge and production skills. The amount of labor employed per mu significantly
inhibited the rice production efficiency in the eastern region. Compared to the central and
western regions, excessive labor inputs were not good for rice production efficiency in the
eastern region, where the level of technology application in the agricultural production
process is higher. The contribution of agricultural machinery density to TFP is significant
only in the eastern region, implying that the insufficient level of agricultural mechanization
leads to the under utilization of rice production resources and hinders the improvement of
rice production efficiency in central and western regions. Per capita disposable income of
farmers had a positive effect on rice production efficiency in the three regions, however
it was significant only in the western region. Which may be explained by the fact that



Agronomy 2023, 13, 1075 10 of 19

rice production in the western region is still mainly “crude”, and the influence of factor
input on rice yield increased, and the per capita disposable income had more significant
effect on TFP in the western region. Financial support for agriculture significantly con-
tributed rice production only efficiency in the eastern region, indicating higher support
for agricultural production in the eastern region had a more pronounced contribution to
production efficiency.

Table 5. Heterogeneity Analysis of Factors Affecting Rice Production Efficiency.

(1) (2) (3)
East Central West

PCL −0.2210 0.0352 0.0586
(0.2424) (0.0527) (0.2109)

ELF 0.2684 ** 0.2158 ** −0.2430 **
(0.1269) (0.1037) (0.0988)

AEP −0.2789 ** −0.1760 −0.1531
(0.1299) (0.1553) (0.1007)

APS −0.0081 0.0343 0.0355
(0.0051) (0.0319) (0.0450)

EIR 0.0250 −0.1298 0.0551
(0.1551) (0.1921) (0.1753)

AMD 0.1053 ** 0.0819 0.1151
(0.0489) (0.0807) (0.0725)

DIR −0.0811 −0.1374 −0.2224 **
(0.0730) (0.0961) (0.0973)

URR 0.0647 1.1534 −0.4254
(0.8977) (0.8199) (1.7822)

PDI 0.1906 0.3305 0.3673 ***
(0.1745) (0.3821) (0.1010)

FSA 2.7358 *** 1.0615 0.8192
(1.0105) (0.8498) (1.0695)

constant −0.8755 −0.8152 3.0919 *
(1.7438) (1.8538) (1.8559)

Year Yes Yes Yes
Province Yes Yes Yes

Log Likelihood 105.93 97.54 88.49
Wald test probability 0.000 0.000 0.000

Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01.

3.4. Analysis of Production Efficiency of Different Rice Species

The current rice types in China include four types: japonica rice, early indica rice,
medium indica rice and late indica rice. Indica rice is suitable for cultivation at low
latitudes, low altitudes and humid heat regions, of which early indica rice is mainly
planted in Zhejiang, Anhui, Fujian, Jiangxi, Hubei, Hunan, Guangdong, Guangxi and
Hainan. Medium indica rice is mainly distributed in Jiangsu, Anhui, Fujian, Henan, Hubei,
Hunan, Chongqing, Sichuan, Guizhou, Yunnan and Shaanxi, while late indica rice is mainly
concentrated in Zhejiang, Anhui, Fujian, Jiangxi, Hubei, Hunan, Guangdong, Guangxi
and Hainan. Japonica rice with its long growth cycle and high cold tolerance, is mainly
planted in high altitude area of middle latitude, and the main planting provinces include
Hebei, Inner Mongolia, Liaoning, Jilin, Heilongjiang, Jiangsu, Zhejiang, Anhui, Shandong,
Henan, Hubei, Yunnan and Ningxia. In this paper, the DEA-Malmquist index was applied
to measure the production efficiency of four rice varieties and to investigate the factors
influencing the production efficiency.

3.4.1. Changes in Production Efficiency of Japonica Rice and Influencing Factors

Figure 3 shows the production efficiency of japonica rice in China and its decomposi-
tion during 2007 to 2018, and it can be found that the production efficiency of japonica rice
decreases in fluctuation. Specifically, the production efficiency of japonica rice from 2008 to
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2013 showed a tendency of increasing significantly and decreasing rapidly, and the trend of
technological progress was consistent with it. From 2014 to 2018, the production efficiency
of japonica rice decreased in fluctuation, and the trend of change in technical progress was
consistent with it, suggesting that the change in production efficiency of japonica rice was
mainly affected by the change of technological progress.
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Table 6 shows the regression results of the factors influencing the production efficiency
of japonica rice. Per capita disposable income had a negative effect on the production
efficiency and pure technical efficiency in the main producing provinces of japonica rice.
Because japonica rice was mainly distributed in the northern part of the Yellow River basin,
the northeast and the higher altitude areas in the south, and food production in these
provinces occupied a larger share in there. With the increase of the per capita income level,
the consumption structure of agricultural products has changed greatly, and the demand
for grain such as rice decreases significantly, while the demand for vegetables and fruits,
meat and egg milk has gradually increased. Farmers’ enthusiasm for traditional crops
such as rice is reduced, which restricts the growth of production efficiency. In addition,
financial support for agriculture contributed to the change of rice production efficiency
and scale efficiency, because the financial support for agriculture improved agricultural
infrastructure and rural road reconstruction, which played an incentive role in improving
rice production efficiency.

Table 6. Factors Influencing the Production Efficiency of Japonica Rice and Its Decomposition Index.

(1) (2) (3) (4)
TFP Tech Pech Sech

PCL 0.0007 0.0146 −0.0278 0.0163
(0.0389) (0.0187) (0.0314) (0.0265)

ELF −0.0595 0.0088 −0.0205 −0.0480
(0.0815) (0.0393) (0.0660) (0.0556)

AEP 0.0638 0.0187 0.0591 −0.0097
(0.0725) (0.0350) (0.0587) (0.0494)

APS −0.0289 −0.0365 0.0110 −0.0055
(0.1192) (0.0575) (0.0965) (0.0812)

EIR 0.0240 −0.0148 0.1070 −0.0712
(0.1526) (0.0736) (0.1235) (0.1040)

AMD −0.0226 −0.0082 −0.0239 0.0088
(0.0417) (0.0201) (0.0338) (0.0284)
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Table 6. Cont.

(1) (2) (3) (4)
TFP Tech Pech Sech

DIR −0.0067 0.0093 0.0069 −0.0130
(0.0652) (0.0314) (0.0528) (0.0445)

URR −0.3233 −0.1425 −0.4163 0.2419
(0.5965) (0.2875) (0.4828) (0.4066)

PDI −0.1505 ** −0.0188 −0.1371 ** 0.0115
(0.0750) (0.0361) (0.0607) (0.0511)

FSA 0.1049 *** 0.0252 −0.0260 0.1185 ***
(0.0390) (0.0188) (0.0316) (0.0266)

constant 1.3113 1.0158 * 0.5312 1.7601 **
(1.1852) (0.5713) (0.9593) (0.8079)

Year Yes Yes Yes Yes
Province Yes Yes Yes Yes

Log Likelihood 165.46 279.30 198.45 225.25
Wald test probability 0.000 0.000 0.000 0.000

Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01.

3.4.2. Production Efficiency Change and Influencing Factors of Early Indica Rice

Figure 4 shows the production efficiency of early indica rice in China and its decom-
position from 2007 to 2018. It can be found that the production efficiency of early indica
rice is at a low level, and the production efficiency index is less than 1 in most years.
From 2011 to 2012, the production efficiency of early indica rice gradually deteriorated,
and the technical progress efficiency index is in a declining state. After a brief increase
in 2013, the production efficiency of early indica rice has been deteriorated from 2014 to
2016, mainly due to the decline in technical progress efficiency. It is noteworthy that the
technical progress efficiency of early indica rice achieved a significant increase in 2018,
while the production efficiency decreased. This is because the scale efficiency has dropped
significantly in the same year.
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Figure 4. Trends in Production Efficiency of Early Indica Rice from 2007 to 2018.

Table 7 demonstrates the regression results of factors influencing the productivity of
early indica rice. The disaster rate has a significant negative effect on production efficiency
of early indica rice. Disasters caused by unstable meteorological factors such as floods and
droughts can directly affect the total factor productivity. Furthermore, the promotion effect
of agricultural machinery density on production efficiency, although not significant, had a
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p-value of 0.112, indicating that the improvement of agricultural mechanization level was
helpful to promote rice production efficiency.

Table 7. Factors Influencing the Production Efficiency of Early Indica Rice and Its Decomposition Index.

(1) (2) (3) (4)
TFP Tech Pech Sech

PCL −0.0827 0.0587 −0.0763 −0.0607
(0.1019) (0.0973) (0.1040) (0.1128)

ELF −0.0253 −0.0233 0.0344 −0.0471
(0.0620) (0.0592) (0.0629) (0.0683)

AEP 0.0788 0.0566 0.1741 −0.0572
(0.1470) (0.1404) (0.1470) (0.1595)

APS −0.0435 −0.1963 * −0.0159 0.2084 *
(0.1120) (0.1069) (0.1017) (0.1104)

EIR −0.0391 −0.0774 −0.0714 0.0691
(0.0931) (0.0889) (0.0951) (0.1032)

AMD 0.0660 0.0213 0.0341 −0.0099
(0.0416) (0.0397) (0.0413) (0.0448)

DIR −0.0904 * 0.0425 −0.0697 −0.0374
(0.0525) (0.0501) (0.0534) (0.0579)

URR 0.5827 0.2708 −0.0220 0.8154
(0.7932) (0.7574) (0.7836) (0.8504)

PDI −0.0165 −0.1971 * −0.0447 0.1262
(0.1244) (0.1188) (0.1268) (0.1376)

FSA −0.4883 0.1564 0.3557 −1.1642 *
(0.6057) (0.5784) (0.6140) (0.6663)

constant 1.1393 1.7104 * 0.8122 0.4963
(1.0610) (1.0132) (1.0723) (1.1636)

Year Yes Yes Yes Yes
Province Yes Yes Yes Yes

Log Likelihood 149.80 154.73 148.93 140.10
Wald test probability 0.000 0.000 0.000 0.000

Standard errors in parentheses * p < 0.1.

3.4.3. Changes in Productivity and Factors Influencing Production Efficiency of Medium
Indica Rice

Figure 5 displays the production efficiency of medium indica rice and its decomposi-
tion during the period 2007 to 2018. It can be found that similar to early indica rice, the
production efficiency of medium indica rice is at a low level, and the productivity index
of most years is less than 1 in most years. From the trend of change, the general trend
of production efficiency and technical progress changes were consistent. Medium rice
production efficiency also experienced a significant decline in 2010–2013. The decline in
the efficiency of technical progress was the main reason. Since the production efficiency
experienced a brief growth in 2014, both production efficiency and technical progress
changes showed a trend of decline in fluctuation from 2015 to 2018.

Table 8 exhibits the regression results of the factors influencing production efficiency
of medium indica rice. The amount of labor employees per mu influenced the change in
production efficiency, technical progress and scale efficiency of medium indica rice. These
suggested the increase in laborers per mu input enhanced the technical and managerial
ability, which significantly promoted the production efficiency of medium indica rice.
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Table 8. Factors Influencing Production Efficiency and Its Decomposition Index of Medium Indica Rice.

(1) (2) (3) (4)
TFP Tech Pech Sech

PCL −0.0786 −0.0607 −0.0020 −0.0009
(0.1306) (0.0753) (0.0970) (0.0881)

ELF −0.0070 −0.0072 0.0385 −0.0270
(0.0759) (0.0438) (0.0562) (0.0512)

AEP 0.1661 * 0.0427 * 0.0395 0.0918 *
(0.0892) (0.0215) (0.0662) (0.0602)

APS 0.1209 0.0416 0.0187 0.0648
(0.1443) (0.0832) (0.1061) (0.0973)

EIR 0.0493 0.0665 −0.0695 0.0631
(0.1363) (0.0786) (0.1014) (0.0919)

AMD 0.0010 0.0029 −0.0026 0.0007
(0.0097) (0.0056) (0.0072) (0.0065)

DIR −0.0458 −0.0458 −0.0273 −0.1086 **
(0.0805) (0.0464) (0.0593) (0.0543)

URR −1.2365 −0.4924 −0.4445 −0.3704
(1.1911) (0.6871) (0.8763) (0.8032)

PDI −0.1589 −0.1936 0.0275 0.0116
(0.2823) (0.1629) (0.2098) (0.1904)

FSA −0.9974 −0.0103 −0.4852 −0.5157
(0.8333) (0.4807) (0.6197) (0.5619)

constant 1.3388 0.7776 1.5055 0.8942
(1.4067) (0.8115) (1.0446) (0.9486)

Year Yes Yes Yes Yes
Province Yes Yes Yes Yes

Log Likelihood 144.95 216.48 186.27 196.18
Wald test probability 0.000 0.000 0.514 0.199

Standard errors in parentheses * p < 0.1,** p < 0.05.

3.4.4. Changes in Production Efficiency and Factors Influencing Late Indica Rice

Figure 6 shows the production efficiency of late indica rice in China and its decompo-
sition from 2007 to 2018. The production efficiency of late indica rice gradually decreases
from 2011 to 2013, while the technical progress index was also in a declining state. During
2013 to 2014, the production efficiency of late indica rice in China appeared a substantial
increase. Since 2016, the Malmquist index was less than 1, indicating that the productivity
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of late indica rice decreased. In general, late indica rice production efficiency is consistent
with the technical progress index, and the relative progress of technology is the determinant
of the change of production efficiency.
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Table 9 reveals the regression results of factors influencing the production efficiency of
late indica rice productivity. The rice planting structure had a significant negative effect on
production efficiency. It was different from the baseline regression results. In addition, the
disaster rate had negative effect, too. Non-agricultural income improved the production
efficiency of japonica rice. Both the per capita disposable income and financial support
for agriculture limited the production efficiency of late indica rice. These suggest that the
increase of per capita income level reduces the farmers’ demand for rice and other grains,
thus restraining farmers’ enthusiasm and investment in traditional cropping industries such
as rice. In addition, financial support for agriculture significantly inhibited the efficiency
of rice production. This was on account of the low utilization rate of financial support
for agriculture.

Table 9. Factors Influencing the Productivity of Late Indica Rice and Its Decomposition Index.

(1) (2) (3) (4)
TFP Tech Pech Sech

PCL −0.0175 −0.0497 −0.0262 0.0635
(0.0851) (0.0410) (0.0469) (0.0620)

ELF −0.0349 −0.0580 ** −0.0185 0.0437
(0.0515) (0.0248) (0.0284) (0.0375)

AEP 0.2119 * −0.0131 0.0239 0.1940 **
(0.1203) (0.0579) (0.0663) (0.0876)

APS −0.2712 *** −0.0312 −0.0628 −0.1989 ***
(0.0833) (0.0401) (0.0459) (0.0606)

EIR 0.0599 0.0437 0.0554 −0.0330
(0.0779) (0.0375) (0.0429) (0.0567)

AMD 0.0552 −0.0137 0.0370 ** 0.0379
(0.0338) (0.0163) (0.0186) (0.0246)

DIR −0.1052 ** 0.0209 −0.0405 * −0.1313 ***
(0.0437) (0.0210) (0.0241) (0.0318)

URR 0.7066 0.3000 −0.0070 0.3658
(0.6416) (0.3089) (0.3536) (0.4673)
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Table 9. Cont.

(1) (2) (3) (4)
TFP Tech Pech Sech

PDI −0.2162 ** 0.0505 −0.0027 −0.2701 ***
(0.1038) (0.0500) (0.0572) (0.0756)

FSA −1.6837 *** −0.1267 −0.3703 −1.1529 ***
(0.5027) (0.2421) (0.2770) (0.3661)

constant 0.2402 1.0065 ** 0.7829 0.4585
(0.8779) (0.4227) (0.4838) (0.6394)

Year Yes Yes Yes Yes
Province Yes Yes Yes Yes

Log Likelihood 170.53 249.45 234.878 204.76
Wald test probability 0.000 0.000 0.492 0.000

Standard errors in parentheses * p < 0.1, ** p < 0.05, *** p < 0.01.

4. Discussion

From 2007 to 2018, rice production efficiency increased, and technological progress
aligned with this trend. Moreover, the production efficiency of rice in the main rice-growing
regions of China has shown an uneven regional development, gradually declining from
the eastern to the central and western regions. This finding is consistent with previous
research [53], which discussed the changing trend of Chinese grain production efficiency.
Our study analyzed the changes in production efficiency from a more detailed perspective.

The important role of the education level in rice production efficiency was also con-
firmed by existing research [47], which investigated the factors affecting rice production effi-
ciency in Nepal and found that the education level of farmers was an important determinant.

Huang et al. [52] studied China’s urbanization and grain production patterns and
found that urbanization has a significant negative impact on grain production. In our
study, the influence of urbanization on rice production efficiency in China is positive
but not significant. Urbanization has led to a shortage of cultivated land, which makes
it difficult to manage grain production extensively and is not conducive to improving
production efficiency.

Natural disasters can limit food production [51]. Our results demonstrate that disaster
rates significantly inhibit the production efficiency of early and late indica rice. Additionally,
disasters caused by unstable meteorological factors such as floods and droughts, can directly
reduce total factor productivity.

Table 8 shows that the amount of employees per mu significantly promoted the TFP of
medium indica rice. This result is in line with Abdulai and Eberlin [48], who cited Nicaragua
as an example of the positive effect of labor input on maize and bean production efficiency.

The Per capita disposable income significantly increased rice production efficiency in
China, which conflicts with the results of Tesema [43], who studied the factors affecting
maize production efficiency in Ethiopia and found that the rise in farmers’ per capita
disposable income mainly came from non-farm income. This, in turn, leads to farmers
spending a lot of time on non-farm activities, resulting in a decrease in production efficiency.
In contrast to Ethiopia, the rising income level of Chinese farmers means that those farmers
have higher capital to purchase production inputs such as seeds, fertilizers, pesticides, and
mechanical equipment, and can invest in technology to a greater extent, which is conducive
to improving rice production efficiency.

5. Conclusions and Policy Implications
5.1. Research Conclusions

In this study, we used the DEA-Malmquist method to measure the comprehensive
efficiency of rice production in China and discussed the relevant influencing factors. Our
findings reveal that from 2007 to 2018, China’s rice production efficiency showed a fluctuat-
ing upward trend with significant periodic and regional differences. During 2007 to 2014,
rice production efficiency greatly fluctuated. The fluctuation range of rice production effi-



Agronomy 2023, 13, 1075 17 of 19

ciency decreased over time, and the changes were mainly influenced by technical progress.
The trend in different regions was basically the same, showing a decreasing pattern from
east to west. Farmers can improve the efficiency of rice production by acquiring more
agricultural knowledge and applying modern cultivation techniques.

Different factors have different effects on the comprehensive efficiency of rice produc-
tion. For example, the level of education, planting structure, machine density, urbanization,
and financial support have all effectively improved the efficiency of rice production, while
per capita arable land area, employees per mu, and disaster rate hindered the improvement
of rice production efficiency. Therefore, farmers could also improve their rice production
capacity through education and training and do a good job in rice management to support
and stabilize seedlings, accelerate plant growth and reduce disaster losses.

Our results also revealed that the production efficiency of different rice varieties
(japonica rice, early indica rice, medium indica rice, and late indica rice) was found to
be low and improvements were mainly due to technological progress. The production
efficiency of japonica rice was mainly positively influenced by financial policy. While the
production efficiency of indica rice was mainly negatively affected by the disaster rate.
Therefore, farmers should pay attention to rice management and mitigate disaster losses to
improve the production efficiency of indica rice.

5.2. Policy Implications

First, promoting agricultural technological progress and improving rice production
efficiency from a technical perspective is highly recommended. Additionally, the spatial
and temporal distribution pattern of rice production efficiency in China indicates evident
regional spatial differentiation. Therefore, the Chinese government should plan the rice
production layout according to local conditions and increase policy support for the central
and western regions to enhance rice production efficiency.

Second, it is crucial to take targeted measures based on different rice species. On the
one hand, the Chinese government should increase financial support for major japonica-
rice-producing provinces to increase grain yield per unit area. On the other hand, farmers
in major indica-rice-producing provinces could be actively guided and encouraged to par-
ticipate in large-scale activities to help them resist the negative impacts of natural disasters.

Third, it is essential to promote the development of agricultural machinery and ir-
rigation technology and gradually shift agricultural technology progress to ensure the
sustainability of rice in improving production efficiency. Furthermore, other rice-growing
countries can learn from China’s experience and could make greater efforts to improve
farmers’ education and achieve agricultural mechanization.
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