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Abstract: Digital financial inclusion (DFI), characterized by digitalization and inclusiveness, has
generally been recognized as a significant promoter of efficiency, effectiveness, and sustainability
of agricultural production. Simultaneously, cultivated land green utilization efficiency (CLGUE),
which is the significant guarantees of food security, social stability and environmental protection, has
attracted increasing attention in the recent decades. In practice, DFI seems to be a vital antecedent
of the improvement of CLGUE. However, in the academic field, research on whether and how DFI
can affect CLGUE is scarce. In this case, based on triple bottom line theory, this paper theoretically
and empirically investigates whether and how DFI can reinforce CLGUE through the mediator of
cultivated land transfer (CLT). Using Chinese provincial panel data from 2011 to 2020 and structural
equation modelling (SEM) analysis in STATA 16.0, this paper identified the following: (1) DFI can
directly facilitate CLGUE; (2) DFI can indirectly improve CLGUE through CLT. (3) DFI has regional
heterogeneity in the improvement of CLGUE. Compared to the central and western areas, the positive
relationship between DFI and CLGUE in the eastern areas is more obvious; (4) compared with main
grain producing and main grain producing and marketing balance areas, the positive relationship
in the main grain marketing areas is more obvious. Our research is one of the first to explore the
mediating mechanism between DFI and CLGUE from the perspective of CLT.

Keywords: cultivated land green utilization efficiency; digital financial inclusion; cultivated land transfer

1. Introduction

Cultivated land occupies 10.20% of the global land surface area, and cultivated land is
the main source of grain manufacture and plays a significant role in ensuring ecological
security and sustainable development [1,2]. With the rapid growth of the human population,
the process of urbanization and industrialization, the shortage of cultivated land and food
is steady deterioration in some regions in the world [3–6]. Since the reform and opening-up
in 1978, China has undergone rapid urbanization [7]. As the National Bureau of Statistics
of China (2021) reported, China’s urbanization rate increased from 17.92% in 1978 to
63.89% in 2020. In comparison, from only 2013 to 2015, there was an annual decrease of
354,700 hm2 of cultivated land due to the construction occupation [8]. Furthermore, one
other issue of concern for China is ecological environment issues, resulting in predatory
exploitation and irrational utilization of cultivated land. As the National Soil Pollution
survey bulletin (2014) reported, the over-standard rate of soil points in China’s cultivated
land is 19.4%, and sewage irrigation and irrational use of fertilizers, pesticides, etc., are the
leading reasons for soil pollution of cultivated land [9]. In the context of ecology civilization
construction, China’s cultivated land utilization is facing the pressures of transformation
from the “extensional” development mode of high-intensity to “connotative” development
path of high quality, high efficiency and low pollution.
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As a scientific development concept and development method, green development
was raised in the Fifth Plenary Session of the 18th CPC Central Committee. Green develop-
ment’s goal is sustainable development, and the basic condition is resource environmental
bearing capacity [10]. China’s national conditions are large population and less land [11],
the per household average cultivated area is merely 0.38 ha, which is lower than the world’s
average [12]. China’s challenge is to feed 20% global population with less than 10% world’s
cultivated land [13]. Considering both the traditional output of economy and grain, and
the positive and negative externalities brought by cultivated land utilization, the transition
of cultivated land use to green and efficient is necessary in China [14]. Consequently, the
comprehensive analysis on CLGUE and exploring its influence mechanism have some
valuable significance in theory and practice for improving the level of ecological civilization
construction, and providing more ecological welfare for the people [15,16].

In the present literature, the scientific intension, evaluation index and methods, and the
affecting factors of CLGUE have raised attention. Regarding to the concept of CLGUE, there
is still no consensus in academia. Scholars have explained it from different perspectives. Lu
et al. [14] hold that the goal of cultivated land green utilization was to obtain the maximized
economic and social output with the minimized environmental pollution. According to
Xie et al. [17], the least costly cost of using cultivated land is combined with the largest
economic and ecological impacts by CLGUE. How do we evaluate CLGUE? The existing
studies usually measure CLGUE comprehensively; furthermore, the evaluation indexes
were selected from “input”, “desirable output”, and “undesirable outputs” [11,18,19], the
methods adopted mostly involve the super-efficient SBM model [11,18,19], non-radial
directional distance function (NDDF) approach [17], super-efficiency EBM model [20],
etc. Empirical studies have indicated that CLT, cultivated land management scale [11],
urbanization rate, GDP per capita, per capita fixed-asset investment in rural areas, the
industrial structure [18], agricultural insurance, agricultural subsidies, cultivated land
fragmentation [20], farmers’ dependence on cultivated land and agricultural added value,
farmers’ occupational differentiation, agricultural machinery density, and agricultural
disaster rate [21] are contributing factors.

Capital is a significance factor of production for farmers’ cultivated utilization [22].
The financing problems faced by farmers are crucial during land lease [23]. In order to
alleviate the financing constraints of cultivated land operators, a series of promoting DFI
policies have been enacted in China. According to the “China Inclusive Financial Indicators
Analysis Report of the PBC (2018)”, the number of mobile banking households in rural areas
reached 670 million in 2018. In addition, digitally inclusive financial products and services
in rural areas have been continuously enriched, such as “Huinong E Pay”, “Nongfa loan”,
“Yinong loan”, “Wing Long loan”, etc. The development of DFI would expand the coverage
of traditional finance, promote the financial accessibility of remote areas and vulnerable
groups effectively, make financial services more geographically penetrating, and alleviate
the difficulty and high cost of financing for farmers effectively [24].

The performance of DFI on cultivated land utilization attacked attention of the scholars.
The burgeoning trend of DFI in China renders a novel thinking for the upward trajectory
of agricultural mechanization to leap out of the foregoing vicious hoop [25]. Digital
finance is a significance path to promote agricultural mechanization [26]. Empirical study
indicated that that DFI significantly increased farmers’ willingness to adopt agricultural
technology [27]. Cheng et al. [24] tested the effects of DFI on carbon emissions from
cultivated land utilization empirically. The result showed that DFI reduced the intensity of
carbon emission [24]. In addition, the study of Zhang [28] showed that DFI could improve
the availability of financial credit for rural households, improve the speed and duration of
CLT, and accelerate the process of cultivated land utilization to large-scale and intensive.

The change of farmers’ willingness in CLT brought by DFI changes resource configura-
tion [28]; however, few studies have paid attention on how this change influences CLGUE.
Additionally, CLT can probably solve the land fragmentation problems in China, while
this legal arrangement made to prevent land fragmentation has evolved to restrict the
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use and yield of agricultural lands in some developed countries, for instance, Turkey [29].
Accordingly, whether CLT can further promote CLGUE is uncertain and controversial.
Previous studies provide some valuable ideas for the present study, but the mechanism of
the influence of DFI on CLGUE has not been revealed. In addition, there are few studies
concerning the effects of DFI on CLGUE and heterogeneity. Under the context of rapid
development of DFI and large-scale CLT in China, it is of great significance to reveal the
influence of DFI on CLGUE and its mechanism. We tried to explore the effects of the devel-
opment of DFI on CLGUE using the Peking University Digital Financial Inclusion Index
and provincial panel data from 2011 to 2020. Furthermore, we intended to demonstrate
that the DFI’s development could significantly increase CLGUE and that a high level of
CLT could significantly improve the positive influence of DFI on CLGUE. The present
study elucidates the relationship between DFI and CLGUE and provides new policy refer-
ences. The structure of this paper is as follows: in the second section, the theoretical basis
and proposed hypotheses are introduced. In the third section, methodology is discussed.
Then, we report our results and analysis in the fourth section. Finally, we demonstrate our
conclusions, contributions, and directions for future research.

2. Theoretical Background and Hypotheses Development
2.1. Triple Bottom Line Theory

This paper regards triple bottom line (TBL) as a convincing framework for integrating
distinguishing CLGUE dimensions and identifying the relationships with its antecedents
DFI and CLT. The TBL theory can be traced back to accounting and corporate responsibility
to orientate firms towards social and environmental protection issues in their operations.
The theory consists of three associated components, that is, “profit, planet, people” [30].
The specific contents involved in the theory are presented in Figure 1. The theory points out
that the influence operations have on society and the ecological impacts on the environment
deserve serious consideration when organizations self-evaluate. With the expansion of
the theory, the “sustainability” idea has gradually been introduced in agricultural produc-
tion [31]. A sustainable agricultural production creates acceptable outputs for its operators
but minimizes the environmental damage and adverse impacts on other people [32].
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Accordingly, TBL theory is a significant paradigm for studying the relationship among
DFI, CLT, and CLGUE. Specifically, on the one hand, TBL theory is valuable for scholars to
measure the expected output parts of CLGUE. Operators should focus on balance of eco-
nomic, environmental, and societal interests when managing cultivated land. On the other
hand, economic, social, and environmental benefits are closely linked [33]. The operators
of cultivated land paying attention to social and environmental benefits is conducive to the
promotion of economic outputs of cultivated land. The assumption underlying the TBL
theory is that a sustainable operation is more likely to stay successful in the long-term than
one that focuses on economic goals alone [29]. Simultaneously, economic development can
promote the achievement of social and environmental benefits. With the development of
DFI, which is the typical product of economic development, operators of cultivated land
are more likely to protect the environment and create value for society.

2.2. Hypotheses Development
2.2.1. Digital Financial Inclusion and Cultivated Land Green Utilization Efficiency

On a basis of triple bottom line theory, the rapidly expanding field of DFI, which is the
promoter and also the production of economic development, is conductive to the promotion
of environmental protection of and value creation for society. To be more specific, in the
agricultural production, DFI can efficiently facilitate CLGUE in the following aspects. First,
DFI can efficiently control the emission of pollutants (e.g., carbon contamination, pesticide
pollution etc.) and the consumption of energy through high-quality financing services,
which consequently promote CLGUE. The prior literature has proposed that impediments
to technological development caused by high financing costs probably lead to increased
energy expenditure and carbon emissions [34,35]. DFI with the lower financing constrains
and financing costs can efficiently control the energy expenditure and carbon emissions and
subsequently improve CLGUE. Compared with traditional finance, DFI is characterized
by digitalization and inclusiveness [36]. In terms of digitalization, scientific analysis of
various data generated and processed by digital technology is conducive to achieving
green detection [37,38]. For instance, digital technology can be effectively implemented
in the field of calculating pesticide and fertilizer application; thus, farmers can accurately
calculate the input number of pesticides and fertilizers, so as to avoid pollution caused by
excessive input. Consequently, carbon and pollutant emissions can be efficiently controlled
and CLGUE will be further improved. [39]. In terms of inclusiveness, convenience of
financial service is improved in rural areas, subsequently decreasing the risk and increasing
farmers’ the quality of investment and credit [40]. Additionally, the rise of green finance
from environmental conservation dramatically enhances the green characteristics of finance,
which efficiently promotes an increase in energy utilization efficiency and a reduction in
carbon emissions [41–43].

Second, DFI can improve the outputs of cultivated land, and subsequently facilitate
CLGUE. The extant literature has confirmed that financing constraints have always been
obstructive factors that restrict agricultural investments and outputs [44,45]. Thanks to
the development of digital technology, DFI provides more efficient financing channels
for agricultural production through improving the permeability and enlarging the special
scale of financial services [27]. According to the empirical results presented in Zhou et al.
(2022) [25], DFI will accelerate farmers’ willingness to adopt agricultural technology in
China. The more money farmers have at their disposal, the more they are willing to use
agricultural technologies to achieve large-scale industrialization [46]; therefore, the overall
yield of farmland and green efficiency would increase dramatically [47].

Third, efficient control of inputs is another benefit arising from DFI, which further
promotes CLGUE. Changes in factor endowments encourage farmers to choose cheap
production factors to replace expensive ones [48]. With the development of DFI, a large
number of young workers to nonagricultural sectors and subsequently the supply of rural
labor may be insufficient [49]. In this case, farmers adjust the input structure of production
factors, using cheap and relatively rich elements, for instance, agricultural machinery to
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replace labor. Consequently, the cultivated land’s green efficiency is efficiently improved
though the decrease of inputs.

According to the above analysis, the following hypothesis is proposed:

Hypothesis 1. Digital financial inclusion is positively correlated with cultivated land green
utilization efficiency.

2.2.2. Digital Financial Inclusion and Cultivated Land Transfer

DFI is a significant antecedent of CLT. First, DFI, as a carrier of information dissemi-
nation, can facilitate CLT by reducing transaction costs and information asymmetry [50].
Thanks to the development of digital technologies such as big data technology and cloud
computing technology, the speed and efficiency of information dissemination can be im-
proved [25]. Efficient information dissemination and convenient communication can
promote cultivated land transfer. Specifically, the essence of CLT is a process of reach-
ing a contract on the cultivated land utilization assets between land transferors and land
transferees [51]. There is empirical evidence indicating that low efficiency of information
dissemination in rural areas dramatically reduces farmers’ cognition of land transfer, in-
creases the transaction costs of land transfer, and consequently restricts the improvement
of the CLT system [52]. The development of DFI enables more efficient and accurate access
to farmers’ property information, land information, and credit records, which relieves the
information imbalance between the supply and demand entities of cultivated land [53].
Hence, it reduces the economic costs of land transactions and subsequently facilitates the
marketization of CLT.

Second, the development of DFI has brought more nonagricultural entrepreneurial
and employment opportunities [54], which further promotes CLT. Specifically, DFI makes it
possible to obtain online credit or loans without collateral assets and simultaneously offer
financial services with a reasonable interest rate [55]; consequently, it efficiently promotes
farmers’ entrepreneurial activities. In addition, the expansion of DFI can dramatically
accelerate economic growth, especially promoting the development of small and medium
firms; thus, small and medium firms can provide more employment opportunities [56,57].
With a large number of farmers employed in nonagricultural sectors, the transfer and
contract activities of cultivated land are promoted.

Third, DFI can facilitate CLT through enhancing agricultural mechanization. Tradi-
tional finance has great difficulties in supporting the development of agricultural mecha-
nization [58]. When borrowing funds from traditional financial institutions, farmers face
a series of challenges such as remote residence, complex terrain, backward transportation,
and a lack of collateral and guarantees. DFI greatly expands the scope of financial services,
effectively relieves the financial constraints of farmers and accurately identifies the needs of
farmers, consequently promoting the application of mechanization in cultivated land [27].
Actively using agricultural machinery to replace labor is conductive to promoting CLT.

Accordingly, we propose the following hypothesis:

Hypothesis 2. Digital financial inclusion is positively correlated with cultivated land transfer.

2.2.3. Cultivated Land Transfer and Cultivated Land Green Utilization Efficiency

CLT is related to transferring cultivated land management rights from some individ-
ual farmers to professional farmers or economic organizations. It means the transfer of
managing rights of cultivated land from low-productivity operators to high-productivity
operators, which mitigates cultivated land resource misallocation and effectively promotes
the development of CLGUE [59]. First of all, operation entities with higher productivity
usually have more technological and cultural advantages. Professional operators improve
the efficiency of fertilizer and pesticide utilization, thereby reducing the emissions of carbon
and other sources of pollution [60]. Simultaneously, the formal signing of CLT contract is
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conducive to stabilizing long-term cultivated land management rights, thus helping CLT
households to alleviate the concerns of the instability of the cultivated land management
right and increase the belief in protecting the cultivated land [61], which contributes to the
rational use of chemical fertilizers by CLT households. Therefore, on the whole, farmland
transfer can promote CLGUE through transferring management rights to more professional
operators.

In addition, CLT policies have a certain impact on grain planting structure. The
fertilizer and pesticide usage of food crops is significantly lower than that of other cash
crops. Hence, CLT can facilitate CLGUE through adjusting grain planting structure. On the
one hand, guaranteeing grain security is an important goal of CLT [62]. It is required to
ensure the agricultural use of cultivated land and give priority to grain production, which
contributes to increasing the proportion of grain crops, realize the adjustment of planting
structure and reduce land pollution [63]. On the other hand, there are significant differences
between food crops and nonfood crops in terms of production characteristics, planting
management difficulty, and labor demand. Compared with non-food crops, agricultural
scale promoted by CLT is more suitable for the production of food crops, which adjusts the
planting structure and promotes the sustainable use of cultivated land [64].

In addition, cultivated land transfer can greatly improve cultivated land green utiliza-
tion through large-scale agricultural modernization. Chen et al. [65] pointed that CLT is
an effective path to resolve a contradiction between the farmland fragmentation and the
large-scale agricultural modernization. The adoption of agricultural green technology has
certain requirements on the scale of operation [66]. For instance, the application of soil
testing formula balanced fertilization technology is quite difficult for small-scale farmers
for the reason that the technology is time-consuming, high costs, and high technical re-
quirements. Apart from this, the government has strict requirements on the use of chemical
fertilizers and pesticides by large-scale farmers. Scale operation can facilitate government
and public welfare departments to provide training and guidance on agricultural green
technology [67], consequently improving CLGUE.

Accordingly, we assume that:

Hypothesis 3. Cultivated land transfer is positively correlated with cultivated land green utiliza-
tion efficiency.

Hypothesis 4. Cultivated land transfer mediates the relationship between digital financial inclusion
and cultivated land green utilization efficiency.

3. Materials and Methods
3.1. Model Construction
3.1.1. Measurement of CLGUE

Data envelopment analysis (DEA) is a mathematical programming method for eval-
uating the relative efficiency of decision-making units (DMUs) with multiple inputs and
multiple outputs [68]. The idea of single-input, single-output engineering efficiency was
generalized to a multiple-input, multiple-output relative efficiency evaluation [69]. Banker
et al. [70] proposed to evaluate the relative efficiency of DMUs by using the variable returns
to scale as a criterion, which is the DEA-BCC model. However, neither of the two models
could measure the full range of slack variables [71]. To improve the method and eliminate
the variation, Tone [72] developed a non-radial and non-angular slack-based measure (SBM)
model. The SBM model adds the relaxation variables of the input and output factors to the
objective function. Nevertheless, the SBM model cannot measure the efficiency of DMUs
with undesirable outputs. Tone [73] took these undesirable outputs into consideration and
proposed an SBM model. The SBM-Undesirable-VRS model is set as follows [74]:
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s.t.
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x0 = Xλ + s−

yδ
0 = Yδλ− Sδ

yb
0 = Ybλ + sb

λ ≥ 0, s− ≥ 0, sδ ≥ 0, sb ≥ 0

(1)

where s−, sδ, and sb correspond to the vectors of relaxation for the inputs, desired, and
unwanted, respectively. λ represents the weight vector, and the objective function. ρ∗ is the
index of CLGUE, which objective value ranges from (0, 1].

3.1.2. Models of Main Effects

Structural equation model (SEM) is significant statistic procedures for testing mea-
surement, functional, predictive, and causal hypotheses. It can not only deal with explicit
variables and latent variables, but can also analyze the relationship between multiple
explanatory variables, multiple explained variables, and multiple mediation variables [75].
Referring to the relationships between explanatory variable and explained variable, this
paper constructed the following path models of the main effects (Formula (2)):

clguei,t = c1d f ii,t, + εi,t (2)

In Formula (2), clguei,t represents the CLGUE of province i in year t, dfii,t represents
the DFI of province i in year t, c1 is the path coefficient of DFI influencing CLGUE, εi,t is the
error term. If the path coefficient c1 is significantly positive, H1 is verified.

3.1.3. Models of Mediating Effects

According to the relationships among the explanatory variable, mediating variable
and explained variable, this paper constructed the following path models of mediating
effects (Formula (3)): {

clti,t = a1d f ii,t + εi,t

clguei,t = b1clti,t +
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are the path coefficients of CLT affecting CLGUE and
DFI affecting CLGUE, respectively. If the path coefficient a1 is significantly positive, H2
is verified. If the path coefficient b1 is significantly positive, H3 is supported. Further-
more, if the mediating path coefficient a1 × b1 (dfi→clt→clgue) is significantly positive, H4
is verified.

3.2. Variable Selection and Data Description

(1) Explained Variable: The index of CLGUE was measured by the super-efficient
SBM model. In concept of CLGUE and the relevant literature [17,18], twelve variables
were selected in the present study to construct the evaluation indicator system of CLGUE,
involving input indicators, and desirable and undesirable output indicators (Figure 2).
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agricultural, forestry, animal husbandry, and fishery practitioners; TO represents the abbreviation for
total output values of agriculture, forestry, animal husbandry, and fishery.

This paper mainly takes carbon emissions and pollution emissions into account as
undesired outputs. Total carbon emissions were calculated by multiplying the carbon
source by the appropriate carbon emission factors. Based on the literature [18], carbon
sources and coefficients include pesticides (4.394 1, kg C/kg), chemical fertilizers (0.895 6, kg
C/kg), agriculture films (5.180, kg C/kg), agricultural irrigation (5, kg/hm2), agricultural
machinery (25 kg C/hm2), total power of agricultural machinery (312.6 kg, C/kW), and
agricultural tilling (312.6, kg C/km2). The calculation formula is set as follows:

CECLUi = ∑ Ci = ∑ Ti·δi (4)

where CECLUi represents the total carbon emissions from cultivated land utilization, Ti
represents the amount of the i-th carbon source, and δi refers to the i-th carbon source’s
coefficient.

The pollution caused by cultivated land utilization refers mainly to non-point source
pollution during cultivated land use. According to previous studies [18,21], nitrogen
(phosphorus) fertilizer, pesticide, and agricultural film loss were used to represent pollution
emissions. The corresponding loss coefficient refers to the manual of agricultural pollution
source coefficient in National Pollution Source Survey. At the same time, the influence of
regional differences on the results is considered in the estimation process.

(2) Explanatory Variables: The data source of the DFI index is from the Peking Uni-
versity DFI Index of China. The measurement of DFI is based on the development of
innovative digital finance [76]. The index aggregate consists of three dimensions, cover-
age breath, usage depth, and digitalized level. Figure 3 illustrates the definitions of and
relationships between these indicators.
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(3) Mediating Variable: The mediating variable was CLT, indicated as the area propor-
tion of CLT to household contracted cultivated land under the household responsibility
system in China.

Table 1 illustrates the results of descriptive statistics. First, the average, minimum, and
maximum value of DFI is 217.2, 18.33, and 431.9, respectively. It indicates that the levels
of DFI of different provinces vary dramatically. Additionally, the levels of DFI of most
provinces are at a relatively high level. Second, the average value and standard deviation
of CLT are 0.316 and 0.163, respectively, the minimum value is 0.033, and maximum value
is 0.911. Accordingly, the ratio of CLT of different provinces varies slightly, and the ratio of
CLT of most provinces is at a lower rate. Third, the mean value of CLGUE is 0.704, closer
to the maximum value of 1, indicating that the CLGUE of most provinces keeps a higher
level. The standard deviation is 0.198, which means that the CLGUE of different provinces
varies slightly.

Table 1. Results of descriptive statistics.

Variables Number Mean Std. Dev. Minimum Maximum

dfi 300 217.2 96.97 18.33 431.9
clt 300 0.316 0.163 0.033 0.911

clgue 300 0.704 0.198 0.315 1

3.3. Research Region and Data Source

There are 34 provincial-level administrative institutions in China, and large regional
differences exist in cultivated land resources, food production, and agriculture devel-
opment [77]. Hong Kong, Macao, Taiwan, and Tibet were excluded from the empirical
research due to lack of available data. Therefore, this present research’s subjects consist
of 30 provinces or municipalities in mainland China. The CPC Central Committee on
the “National Economic and Social Development Seventh Five–Year Plan” (1985) divided
the 31 provinces into eastern, central, and western regions. This study also uses this
classification (Figure 4).
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The information that used to evaluate CLGUE and CLT was gathered from “China
Statistical Yearbook”, “China Rural Statistical Year-book”, “China Rural Management Statistical
Annual Report”, and China’s Rural Policy and Reform Statistical Annual Reports of the
resent years, as well as the National Bureau of Statistics of China’s website. To fill in
the gaps in the individual years’ missing data, the interpolation approach was used. In
addition, the data source of the DFI index is from Peking University DFI Index of China.

4. Results
4.1. Measurement and Analysis of CLGUE

In this section, Equation (1) was used in this part to compute the CLGUE in China.
China’s total CLGUE showed a trend toward progressive improvement, from 0.57 in 2011
to 0.92 in 2020, and the average annual growth rate was 5.46% (Figure 5). China has
achieved initial success in transformation of cultivated land utilization to being green and
efficient. One possible reason is that a number of policies have been formulated to advance
the transformation of agricultural production, such as zero growth in fertilizer consump-
tion [78]. In addition, it can be seen that the CLGUE of three regions are characterized
by an overall upward trend. Furthermore, large regional differences exist in the average
annual growth rates. The average annual growth rates for eastern, central, and western
regions, respectively, were 6.24%, 3.70%, and 6.32%. The reason why the annual growth
rate of CLGUE in the western region lags behind may be the main grain-producing areas
are in central China. The main grain-producing areas play a pivotal role in the process of
ensuring national food security. Because of the path dependence, the transformation of
cultivated land utilization form “high input and high output” to “green and efficient” is
more difficult in main grain-producing areas.
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the fitting indexes are not used to compare the pros and cons of the models, CFI, AIC, BIC, 
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According to Huang and Wang [79], the efficient, relatively high-efficient group,
relatively medium-efficient group, and relatively low-efficient groupings, respectively,
were assigned to the provinces based on their efficiency values between [1], [0.8, 1), [0.6,
0.8), and [0, 0.6). The spatial–temporal evolution of CLGUE in 30 provinces is shown in
Figure 6. In 2011, only Jilin, Heilongjiang, Shanghai, and Qinghai belonged to the efficient
group, Beijing, Chongqing, and Ningxia belonged to the relatively medium-efficient group,
the other 23 provinces belonged to the relatively low-efficient group. In 2015, Heilongjiang,
Shanghai, and Qinghai shifted from the efficient group, while Shandong was moved into
the efficient group. The spatial scope of the relatively high-efficiency and medium-efficiency
groups emerged as an expanding trend. However, Gansu, Shanxi, Anhui, Yunnan, Inner
Mongolia, Zhejiang, Hebei, Guangxi, and Jiangxi still remained in the relatively low-
efficient group. In 2020, except Gansu, Shanxi, and Anhui, which still remained in the
relatively low-efficient group, CLGUE in other provinces fell into the more efficient group
or remained in the efficient group.
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4.2. Structural Equation Model Results of the Main Effects

The structural equation model results of the main effects are presented in Figure 7 and
Table 2. According to the results of model fitting test, the X2, RMSEA, and SRMR are all
less than 0.05. This indicates good goodness of fit of the main effect model [80]. Since the
fitting indexes are not used to compare the pros and cons of the models, CFI, AIC, BIC, and
other indexes are not reported [81]. Furthermore, the path coefficient of DFI on CLGUE
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is 0.442, significant at the 1% level. This indicates that DFI can directly improve CLGUE,
and hypothesis 1 is supported. Through structural equation model analysis of the main
effects, we identified that DFI, characterized by digitalization and inclusiveness, can be
a significant promoter of CLGUE. With the development of DFI, CLGUE in China can be
dramatically improved.
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Table 2. Results of main effects.

Paths Coefficients Standard Error Z Value p Value 95% Confidence Interval (CI)

lndfi→clgue1 0.442 0.044 10.020 0.000 0.356 0.529
constant 0.059 0.415 0.140 0.886 −0.754 0.873

variance (e.clgue) 0.805 0.039 0.732 0.885

4.3. Structural Equation Model Results of the Mediating Effects

The structural equation model results of the mediating effects are illustrated in Figure 8
and Table 3. According to the results of model fitting test, the X2, RMSEA, and SRMR are
all less than 0.05. This indicates good goodness of fit of the main effect model [80]. We did
not report CFI, AIC, BIC, and other indexes as well. Furthermore, the path coefficient of
DFI on CLT is 0.183, passing the test at the 1% significant level. This indicates that DFI is
positively correlated with CLT and hypothesis 2 is supported. Then, the path coefficient of
CLT on CLGUE is 0.273, significant at the 1% level; hence, CLT is positively correlated with
CLGUE and hypothesis 3 is verified. Finally, we investigated the significance of mediating
effects. Based on the results of Table 4, the path coefficient of a1 × b1 (dfi→clt→clgue) is
0.132, significant at the 1% level. It demonstrates that CLT mediates the influencing path of
DFI on CLGUE and H4 is verified. Additionally, since the direct path coefficient of DFI on
CLGUE is 0.310, also passing the test at the 1% significant level, we identified that CLT has
partial mediating effects on the relationship between DFI and CLGUE.
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Table 3. Results of mediating effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clt 0.483 0.042 11.630 0.000 0.402 0.565
constant −1.894 0.363 −5.220 0.000 −2.605 −1.183
clt→clgue 0.273 0.056 4.910 0.000 0.164 0.382
dfi→clgue 0.310 0.054 5.730 0.000 0.204 0.416
constant 0.576 0.424 1.360 0.174 −0.255 1.407

variance (e.clt) 0.766 0.040 0.691 0.849
variance (e.clgue) 0.748 0.042 0.670 0.834

Table 4. Tests of significance of mediating effects.

Paths Coefficients Standard Error Z Value p Value 95% CI

dfi→clt→clgue 0.132 0.029 4.470 0.000 0.074 0.190

4.4. Robustness Tests

In this section, we use the method of the substitution of the explained variable to
conduct robustness tests. SBM-Undesirable-CRS was selected to appraise the index of
CLGUE, SBM-Undesirable-CRS is constructed on the assumption of constant returns to
scale. SBM-Undesirable-VRS used in Section 4.1 is constructed on the assumption of
variable returns to scale. On a basis of the results illustrated in Table 5, the path coefficient
of DFI on CLGUE is 0.497, significant at the 1% level. This indicates that DFI is still
positively correlated with CLGUE after the substitution of the explained variable in the
main effect analysis. Then, based on the results in Table 6, DFI is positively correlated with
CLGUE (0.483, significant at the 1% level), DFI is positively correlated with CLT (0.361,
significant at the 1% level), and CLT is positively related to CLGUE (0.282, significant at
the 1% level). Meanwhile, in Table 7, the new path coefficient of a1 × b1 (dfi→clt→clgue)
is 0.136, significant at the 1% level. It indicates that CLT still mediates the influencing
path of DFI on CLGUE after the substitution of the explained variable in the mediating
effect analysis.

Table 5. Results of robustness tests of main effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clgue (new) 0.497 0.041 12.230 0.000 0.418 0.577
constant −0.650 0.385 −1.690 0.091 −1.403 0.104

variance (e.clgue) 0.753 0.040 0.677 0.836

Table 6. Results of robustness tests of mediating effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clt 0.483 0.042 11.630 0.000 0.402 0.565
constant −1.894 0.363 −5.220 0.000 −2.605 −1.183

clt→clgue (new) 0.282 0.053 5.280 0.000 0.177 0.386
dfi→clgue (new) 0.361 0.051 7.070 0.000 0.261 0.461

constant −0.116 0.395 −0.290 0.769 −0.890 0.659
variance (e.clt) 0.766 0.040 0.691 0.849

variance (e.clgue) 0.692 0.042 0.614 0.779
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Table 7. Robustness tests of significance of mediating effects.

Paths Coefficients Standard
Error Z Value p Value 95% CI

dfi→clt→clgue (new) 0.136 0.029 4.750 0.000 0.080 0.192

4.5. Heterogeneity Tests of Main Effects

We used the heterogeneity analysis to investigate the different influence of DFI on
CLGUE based on different geographical locations. As is illustrated in Table 8, all the
path coefficients of DFI on CLGUE in the three areas are significantly positive. The path
coefficient of DFI on CLGUE in the eastern areas (0.633) is much higher than those in the
central areas (0.228) and western areas (0.415). This indicates that the positive relationship
between DFI and CLGUE in the eastern areas is more obvious. Possible reasons for this
phenomenon are better facilities for finance and a higher level of financial development
in the eastern region [82]. DFI and traditional finance are complementary, provide better
financial services for cultivated land operators, and eventually raise CLGUE.

Table 8. Results of heterogeneity tests of main effects (dfi→clgue).

Eastern
Areas

Central
Areas

Western
Areas MGPAs MGMAs GPMBAs

Coefficients 0.633 0.228 0.415 0.408 0.586 0.360
Standard error 0.051 0.105 0.075 0.070 0.071 0.084

Z value 12.370 2.180 5.490 5.840 8.200 4.280
p value 0.000 0.029 0.000 0.000 0.000 0.000

95% CI
0.532 0.024 0.267 0.271 0.446 0.195
0.733 0.433 0.563 0.546 0.726 0.525

Additionally, heterogeneity analysis on the effects of DFI on CLGUE based on different
grain functional was carried out. Referring to Ke et al. [16], 30 provinces can be divided
into three categories of main grain-producing areas (MGPAs), main grain-marketing areas
(MGMAs), and grain-producing and marketing balance areas (GPMBAs). The results in
Table 8 indicate that all the path coefficients of DFI on CLGUE in the three grain-functional
areas are significantly positive. The path coefficient of DFI on CLGUE in the MGMAs (0.568)
is much higher than those in the MGPAs (0.408) and GPMBAs (0.360). MGMAs are located
in the southeast coastal or economically developed provinces, with strict environmental
regulation. Empirical analysis showed that environmental regulations had a prominent
positive effect on the adoption of green farming practices, such as farmers adopting high
efficiency, low toxicity, and low residue pesticides [83].

5. Discussion

This study draws on triple bottom line theory to empirical investigate whether and
how DFI can affect CLGUE through CLT. Using a sample of Chinese provincial panel
data during the period of 2011–2020 and SEM analyses, this paper draws the following
conclusions:

(1) DFI can directly enhance CLGUE. DFI has the characteristics of digitalization and
inclusiveness. Scientific analysis of various data generated and processed by digital technol-
ogy is conducive to achieving green detection. Green finance arising from environmental
conservation dramatically enhances the green features of finance, efficiently accelerating
the increase of energy utilization efficiency and a reduction in carbon emissions. Apart
from the environmental protection effects, DFI can efficiently improve the outputs and
control the inputs of cultivated land, which further facilitates cultivated land utilization
efficiency.

(2) DFI can indirectly improve CLGUE through cultivated land transfer. CLT means
transferring cultivated land management rights from individual farmers to professional
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farmers or economic organizations. DFI can facilitate CLT by reducing transaction costs and
information asymmetry, providing more nonagricultural entrepreneurial and employment
opportunities and enhancing agricultural mechanization. Furthermore, CLT can transfer of
managing rights of cultivated land from low-productivity operators to high-productivity
operators, subsequently enhancing CLGUE by improving the efficiency of the utilization
of fertilizers and pesticides, optimizing grain planting structure and driving large-scale
agricultural modernization.

(3) DFI has regional heterogeneity in the improvement of CLGUE. Compared to the
central and western areas, the positive relationship between DFI and CLGUE in the eastern
areas is more obvious. In addition, compared with major grain producing and main grain
producing and marketing balance areas, the positive relationship between DFI and CLGUE
in the major grain marketing areas is more obvious.

Our findings make great contributions to the extant literature. In order to guarantee
grain security and cultivated land utilization sustainably, the improvement of CLGUE has
been more and more widely mentioned in agricultural sustainability in recent years. The
extant literature has identified that digital financial inclusion is positively related to the
agricultural supply chain [53], the rationalization of rural products’ industrial structure
and green total factor productivity [82], agricultural production for rural households [84],
agricultural high-quality development [85], etc. Nevertheless, studies on the relation-
ship between DFI and low-carbon green utilization of farmland are scarce. In the recent
decade, finance characterized by digital and inclusive connotation is developing rapidly in
China [34], and seems to be conducive to increasing CLGUE, it is significative to empirical
study the influencing mechanism of the emerging financing form on CLGUE. The present
paper draws on triple bottom line theory and takes the CLT as the mediating mechanism,
revealing how CLT can promote CLGUE in China. Although CLT adversely affects the
use and yield of cultivated land in some developed countries [29,86], it has great effects on
facilitating CLGUE in China. In China, the ownership rights of cultivated land belong to
Chinese government and the operating and managing rights of cultivated land belong to
individual farmers. The Chinese cultivated land transfer policy supports the individual
farmers in transferring their management rights to large professional households and
groups to develop large-scale agricultural operations. The specific forms of transfer in-
clude subcontract, transfer, investment, cooperation, leasing, exchange, and other means.
Farmers can choose the most suitable way to transfer farmland according to their available
funds. The processes of CLT are voluntary, fair, open, and paid. This study theoretically
analyzes the impact and mechanism of DFI on CLGUE, constructs a framework mechanism
of CLGUE, CLT, and CLGUE, and expands the research’s scope on DFI and provides
a reference for green agricultural development and digital rural development.

Our findings also provide some practical insights. Firstly, the governments are rec-
ommended to increase investments in the research and development of digital financial
technologies and applications, so as to continuously extend digital financial inclusion ser-
vices to wider population. Governments are also suggested to simplify farmland transfer
procedures, and widely publicize the subsidy scheme for farmland transfer in order to
ensure that the activities of farmland transfer are more transparent, simple, and attractive.
With the improvement of digital finance systems and the extension of farmland transfer,
cultivated land’s green utilization efficiently can be improved. Secondly, since traditional
institutions are experience difficulty in offering adequate financial products and services
to farmers, financial institutions are recommended to continuously expand the coverage
breadth, usage depth, and digitalization level of digital financing services to satisfy farmers’
fund demands. Farmers owning sufficient funds will increase their willingness to adopt
new technology, introduce large-scale mechanization, and subsequently improve cultivated
land green utilization efficiency. Finally, on the one hand, small-scale farmers are suggested
to transfer out their land and obtain payments and compensation. They can engage in
nonagricultural industry. On the other hand, small-scale farmers are recommended to
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transfer to other farmers’ land and form large-scale a agricultural production, because they
have easier access to financial loans and insurance.

Despite these attractive contributions, our research also has limitations. First, our large
sample covers Chinese provincial data from 2011 to 2020. Thereby, the generalization of
our findings to other countries or regions should be made cautiously. Though our theory is
not specific to the China’s context, future research may collect data from other countries,
especially from developed countries with a maturely developed digital inclusive finance
system and different cultivated land transfer policies. Second, owing to time and data
constraints, we did not introduce other associated variables in the framework; for instance,
the antecedent variables that can affect explanatory variables and the moderating variables
that can affect the mechanism are not discussed. We can explore more associated variables
in future research to obtain more theoretical and practical inspiration. For instance, we
can discuss the antecedent variables of digital financial inclusion (e.g., digital technology,
government support), the consequence variables of cultivated land green utilization effi-
ciency (e.g., high-quality agricultural development, sustainably development), and other
mediating variables (e.g., level of mechanization, management scale) as well. Last but not
least, we measured the intensity of DFI according to the Peking University DFI Index of
China. However, due to the rapid development of digital technology, it is difficult for us
to cover all of the digital financing channels. In the future, a more scientific measurement
method related to DFI can be introduced to reduce measurement errors.
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