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Abstract: The convergence of rural industries has brought about significant changes in the traditional
small-scale farmer management model, as well as new requirements for the quality and skills of
agricultural practitioners in China. Meanwhile, it has inevitably affected the agricultural environ-
mental total factor productivity (AETFP). This paper endeavors to assess the impact of industrial
convergence on AETFP, striving to clarify their inherent connection and furnish insightful guidance
for policymaking. Utilizing inter-provincial panel data from China spanning 2008 to 2021, this paper
applies the SBM-GML model for measurement purposes and employs the entropy method to evaluate
the extent of industrial convergence in rural areas. It delves into the mechanism through which
industrial convergence influences AETFP, utilizing the intermediary effect model and incorporating
two mediating variables: rural human capital and agricultural scale operations. The findings of this
research reveal that industrial convergence exerts a direct positive influence on AETFP, while rural
human capital and agricultural scale operations serve as partial mediators in this process. Addition-
ally, the stability of the transmission mechanism receives further validation via the application of
interaction terms. Consequently, it is possible to enhance AETFP via the expedited convergent devel-
opment of industries, coupled with the strategic utilization of rural human capital and agricultural
scale operations as catalysts for further improvements in AETFP.

Keywords: rural industrial convergence; TFP of agricultural environment; SBM-GML model;
intermediary effect; rural human capital; agricultural scale operation

1. Introduction

Agriculture serves as the foundation of the national economy and plays a crucial role
in fostering stable social development. It is a knowledge-intensive industry that relies on
advanced technology and knowledge to improve production efficiency, optimize resource
allocation, reduce environmental impact, and achieve sustainable development [1,2]. In the
field of agricultural economics, the emphasis has consistently been on evaluating economic
growth in agriculture through productivity metrics [3]. Neoclassical economic growth
theory posits that enhanced production efficiency leads to sustainable economic devel-
opment. The existing studies have shown that enhancing total factor productivity (TFP),
which refers to the accumulation and improvement of productivity factors, is an effective
approach to optimizing economic development [4]. The neoclassical economic growth
theory emphasizes that TFP is the source of sustained economic growth, and the continuous
improvement of it is the sustained driving force for economic growth in countries and
regions. As China’s economy shifts from swift expansion to prioritizing high-quality devel-
opment, the imperative to enhance TFP has become evident [5]. Traditional agricultural
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TFP calculations neglect resource and environmental factors, vital components of agricul-
tural transformation. This oversight can lead to underestimating the negative impacts of
agricultural economic growth on social welfare, possibly resulting in an inflated perception
of agricultural TFP’s true level. This oversight can lead to misleading policy implications,
particularly when ecological conflicts are prominent [6]. As China’s agriculture enters a
phase of green-driven high-quality development from 2021 to 2025, improving the AETFP
is crucial for achieving high-quality development. Thus, it is essential to consider the
agricultural TFP that incorporates resource and environmental factors, referred to as the
AETFP, to accurately assess agricultural production performance [7].

At the same time, fostering synergy between agriculture and other industries has
become a key policy strategy to bolster agriculture, rural development, and farmer welfare
in China. This initiative contributes to the establishment and enhancement of a modern
agricultural industry system, transforms agricultural development approaches, and broad-
ens income opportunities for farmers. This proves to be an efficacious method for realizing
comprehensive rural revitalization [8]. In 2015, the government explicitly advocated for
progressive convergent transformation and the creation of a novel rural transformation
model. The report of the 19th CPC National Congress introduced the strategy of rural
revitalization, emphasizing the dynamic expansion of convergent rural sectors as a key
component of its implementation. In 2022, the government underscored the need for
“consistent facilitation of agriculture and allied industries’ convergent advancement”. The
continued policy support demonstrates that the combined progression of rural sectors
has become a notable focal point within the “agriculture, rural, and farmers” initiatives
in China’s new ordinary circumstances [9]. However, current theoretical research lacks
analysis on the impact of industrial convergence on the AETFP. In practice, rural industrial
convergent development also faces challenges such as insufficient depth of the industrial
convergence, weak business entities, and inadequate reward mechanisms. This results
in a lack of endogenous power to promote the enhancement of TFP in the agricultural
environment [10].

This paper integrates two current hot issues in agricultural economic development:
the AETFP and the convergence of agriculture and allied industries. It analyzes the impact
and mechanism of the industrial convergence on the AETFP. The practice has shown that
the convergence of rural industries not only changes China’s traditional small-scale farmer
management model but also sets new requirements for the quality and skills of agricultural
practitioners in management, clean production, and other aspects. However, the existing
research lacks theoretical exploration and empirical testing of the transmission mechanism
between the two [11]. Therefore, it is crucial to construct an evaluation system for the level
of industrial convergence and an AETFP measurement system during the critical period
of deepening the development of industrial convergence in countryside. This empirical
analysis will greatly contribute to promoting the quality and efficiency of agriculture and
assisting the overall revitalization of rural areas, both theoretically and practically [12].
Using China’s inter-provincial panel data from 2008 to 2021, this research conducts an em-
pirical data test to examine the effect of the convergence of agricultural and non-agricultural
sectors on the AETFP. The findings aim to clarify the intrinsic relationship between the two
factors and provide valuable insights for the formulation of relevant policies.

The three main innovative aspects of this paper are as follows: (1) It constructs
an AETFP framework in an innovative way. Currently, the academic community has
not yet formed a unified system for measuring total factor productivity in agricultural
environments. This paper defines AETFP as the efficiency relationship between agricultural
input and output, considering the consumption of irrigation water resources, pollution
from agricultural fertilizers, pollution from agricultural solid waste, and agricultural carbon
emissions. This reshapes the AETFP measurement system. (2) The paper develops an
evaluation system for the level of rural industrial convergence. Due to the relatively late
start of convergent industrial development in China and the limited academic discourse on
its assessment, this work, based on the practical development of China’s rural industrial
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convergence, constructs an evaluation system. It considers aspects like the extension of
agricultural industry chains, the expansion of agriculture’s multifunctionality, and the
deep penetration of information technology, providing a reference for quantitative research
on rural industry integration in academia. (3) It attempts to explore the impact and
mechanisms of convergent rural industrial development on the AETFP. In a critical phase
of promoting convergent industrial development, establishing an evaluation system for
this development level and an AETFP measurement framework, and empirically analyzing
the impact of industrial convergence on the AETFP, are not only instrumental for China to
achieve comprehensive rural revitalization but also hold significant referential value for
the green transformation and sustainable development of agriculture in other developing
countries and regions.

2. Literature Review and Theoretical Analysis
2.1. Literature Review
2.1.1. Research on Total Factor Productivity

China is currently experiencing a shift from rapid economic growth to the advance-
ment of high-quality development. TFP serves as a comprehensive gauge that demonstrates
the efficiency and quality of resource allocation within the economic framework, rendering
it a pivotal metric for evaluating the caliber of economic expansion [13]. In macroeco-
nomic research, the economic growth accounting framework provides the basis for the
TFP theory. Traditionally, labor and capital have been considered as the primary drivers
of economic growth. However, this perspective fails to fully explain the observed growth
in output during production activities [14]. One crucial factor that is often overlooked
in the economic growth accounting framework is TFP, also referred to as the “residual
value”. The concept of TFP was first introduced by economist Tinbergen, who incorporated
the time variable into the C-D production function to analyze changes in efficiency [15].
TFP not only reflects technological progress but also represents the operational efficiency
of production. The American economist Solow, who first proposed the concept of total
factor productivity, pointed out that 87.5% of American economic growth comes from
the improvement of TFP, which is an important force to promote sustainable economic
growth [16]. Subsequently, George Stigler independently explored the concept of TFP and
conducted research on TFP in the American manufacturing industry [17]. Hiam Davis
provided a comprehensive definition of TFP in his book Productivity Accounting, stating that
it specifically refers to the production efficiency of all input factors, including labor, capital,
land, and others [18]. Edward F. Denison further developed the concept of the “Solow
residual” and defined TFP as the residual efficiency after accounting for the growth rates
of output and various input factors [19]. The Denison model is constructed based on the
concept of “residual”. Research on environmental TFP considers the impact of pollutants
on agricultural productivity, offering a more precise portrayal of agricultural development.
As a result, an increasing number of scholars are incorporating environmental factors into
the TFP measurement system [20,21]. When measuring environmental TFP, environmental
factors were initially considered as input factors. However, this approach may distort the
relationship between input and output factors [22]. Following that, scholars have suggested
utilizing the directional distance function to gauge effectiveness while taking into account
undesired outcomes. The directional distance function allows decision-making units to
improve in a specific direction, distinguishing between “positive output” and “negative
output”. As the theory of green development has deepened, scholars have also conducted
extensive surveys in this area, referring to the agricultural TFP that considers undesired
outputs as “the environmental TFP” or “the green TFP”, among other terms [23,24].

In terms of measuring AETFP, there are two main categories: parametric estimation
methods and non-parametric estimation methods. The former methods include the stochas-
tic frontier production function method and the Solow residual method. The latter methods
include the data envelopment analysis method, based on the non-angular non-radial SBM
model, and the use of index calculations such as Malmquist and ML [16]. Over the years,
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there have been improvements in the measurement methods of AETFP. One example is the
introduction of global measurement technology (Global) into the ML productivity index
to create the GML index [25,26]. In selecting indicators for AETFP measurement, scholars
generally converge on similar choices for input indicators, predominantly opting for an
extension of the C-D production function. However, approaches to handling undesired
outputs vary. Generally, there are two approaches: the input method, which considers
resource and environmental factors as input indicators with shadow prices, and the output
method, which treats pollutants as “negative outputs” in agricultural production processes.
Current scholarly consensus indicates that the output method predominates in measuring
environmental TFP, according to existing research. When using the output method to
calculate undesirable outputs, scholars have different preferences for units of agricultural
pollutants. These preferences are primarily determined by the characteristics of their
research subjects [27,28]. In the case of the planting industry, pollution units typically
encompass factors such as pesticides, fertilizers, and plastic films. On the other hand, the
breeding industry commonly considers factors like livestock and poultry manure emis-
sions. Regarding the functional factors of AETFP, there has been limited and fragmented
research on the subject due to the relatively recent development of production efficiency
measurement technology, including undesired output. Relevant scholars primarily utilize
regional panel data to empirically analyze the effect of specific variables on the AETFP.
These variables often include factors such as agricultural industrial structure, infrastructure
investment, economic development level, trade openness, environmental regulation, and
informatization level.

2.1.2. Research on Convergence of Rural Industries

The discussion of the industrial convergence in farming areas has been contributed
to in previous studies by Marx and Marshall [29,30]. However, due to societal constraints,
this topic did not garner widespread attention from social scientists. The current literature
reveals that Western scholars generally analyze this phenomenon through the lens of tech-
nological cross convergence, while their Asian counterparts concentrate on the convergence
between agriculture and related industries in rural regions [31,32]. Specifically, Japanese
scholars have been pioneers in the theoretical exploration of industrial convergence. In
1994, agricultural economics expert Imamura Naraomi introduced a six-industry theory
with agriculture as its core. This theory suggests that the addition of primary, secondary,
and tertiary industries to agriculture yields six industrial correspondences (1 + 2 + 3 = 6).
He also advocates for the reinvestment of added agricultural value from the subsequent
industries back into agriculture and rural communities, fostering a multiplier effect across
various industries in these regions [33]. Japan has effectively integrated agriculture-based
production and operations with the secondary and tertiary sectors. This strategy has
notably boosted farmers’ enthusiasm for production and has effectively addressed social
challenges, including surplus labor reallocation and advancing agricultural modernization
in Japan. The six-industry theory and the multiplier effect of the three-industry promote the
vertical and horizontal convergence of agricultural production, facilitating diversified busi-
ness models such as agricultural production, processing, sales, leisure, and tourism. Since
then, other Japanese scholars have also engaged in extensive studies on the six-industry
theory [34,35]. In their study, the authors analyze both the present conditions and potential
future developments of Japan’s sixth industry, employing the previously discussed theory.
Moreover, they have put forward recommendations for the integrated development of
agriculture and related sectors in Japan. Other scholars have conducted theoretical re-
search on industrial convergence from various perspectives [17]. It is believed that the
development of industrial convergence in rural regions can significantly alleviate the multi-
dimensional poverty of farmers [36]. A deeper comprehension of industrial convergence
can enhance entrepreneurial education for migrant workers who are reintegrating into
rural areas [37]. The harmonization of rural industries has a positive spatial spillover effect
on urbanization construction and can effectively promote the urbanization rate [38,39].
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Scholars have endeavored to gauge the development level of industrial convergence from
various vantage points, engaging in empirical studies to uncover its driving factors. Key
determinants include aspects such as rural e-commerce, farmers’ awareness, governmental
spending, rural financial services, human capital, consumer demand, and technological
advancement [40].

Meanwhile, China has made significant progress in holistically advancing its rural
industries. The Chinese government has provided a scientific definition of the indus-
trial convergence in countryside, referring to it as the “convergent development of rural
industries”, which encompasses the agriculture and allied industries. Additionally, it
has provided direction on development strategies, subject cultivation, and promotional
mechanisms [41]. As a result, academics have conducted deeper research on industrial
convergence in the countryside. Regarding the models of industrial convergence, they can
be broadly classified into two categories. The first one pertains to industrial formats, which
include the agricultural industry chain extension, agricultural multi-functional expansion,
new technology penetration, and multi-business composite models [42]. The second one
relies on the industry classification standards of the government, dividing industrial con-
vergence into intra-industry pattern and inter-industry pattern [43]. Examples include
models that integrate primary and secondary sectors, secondary and tertiary sectors, as
well as all three sectors. To measure the extent of industrial convergence, scholars have
employed various methods such as the gray correlation method, AHP method, Herfindahl
index method, and entropy method. With the ongoing improvement of statistical data
pertinent to industrial convergence, research has broadened from qualitative analysis to
empirical studies [44,45].

2.2. Theoretical Analysis and Research Hypothesis
2.2.1. The Direct Impact of the Industrial Convergence on the AETFP

Agricultural pollution is a major concern that impedes the superior progression of
agriculture. The overuse of chemical substances like pesticides and fertilizers can lead
to detrimental effects on the ecological environment related to agriculture [46]. This
goes against the concept of environmental agriculture, which advocates for incorporating
resources and environmental factors into economic growth accounting [47]. Therefore,
enhancing the AETFP and facilitating the transformation of developmental approaches is
essential in attaining enduring sustainability in China’s agricultural sector. Expanding the
functionality of agriculture beyond production heavily depends on the pivotal role played
by the convergence of industries in rural regions [48]. Through technological innovation,
aggregation of production factors, and institutional innovation, it opens opportunities for
agriculture in culture, tourism, scientific research, and more [49]. This convergence also
fosters the emergence of new industries and formats. By supporting the adoption of new
technologies, methods, and models in traditional agriculture, we can effectively address the
high-risk and weak characteristics of traditional agriculture and strengthen the connection
between households and enterprises [50]. Based on these considerations, this research
proposes Hypothesis 1 (H1):

Hypothesis 1 (H1). Overall, the convergence of agriculture and allied industries has a positive
effect on improving the AETFP.

2.2.2. The Indirect Impact of the Industrial Convergence on the AETFP

The convergence of industries in developing regions has led to an increased demand
for high-quality compound talents [51]. In order to actively promote the convergence
of the three major industries, relevant policies have been issued by the General Office
of the State Council [52]. The importance of fostering convergent industry entities is
highlighted by these policies. Currently, initiatives like the National New Professional
Farmer Cultivation Project and Rural Practical Talent Training train over one million people
each year, contributing to the improvement of rural human capital stock [53]. The benefit
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of rural labor on the AETFP can be observed in three main aspects: First, the substitution
effect of rural labor. Farmers with higher quality levels possess stronger management
capabilities, enabling them to better allocate agricultural production factors and reduce
excessive reliance on chemical inputs [54]. Second, the bonding effect of human capital. The
upgrading of agricultural industrialization is closely tied to the optimization of agricultural
factor structure. High-quality rural labor can effectively align the direction of technological
upgrading with the factor structure, thus promoting the transition of traditional agriculture
to technology-intensive and capital-intensive industries [55]. Third, the spillover effect
of human capital. Areas with a higher level of rural labor tend to foster technological
innovation and dissemination, allowing neighboring regions to catch up with higher-
technology areas through learning and emulation [34].

Hypothesis 2 (H2). The convergence of agriculture and allied industries can improve the AETFP
by improving the level of labor force.

The convergence of rural industries promotes the agricultural operations towards
compounding, scale, and intensification. This helps address the current challenges faced
by small households, such as small business scale, low land intensity, and weak physical
capital accumulation [56]. Agricultural scale operation has several positive effects on
improving the AETFP. Firstly, the application of scale operations allows for the efficient
allocation of factors, enhancing the utilization of indivisible production elements, and
decreasing superfluous emissions of pollutants [57]. For instance, if agricultural machinery
that can be used on 6666.7 m2 of cultivated land is only used on 1333.4 m2, it leads to 80%
underutilization and reduces environmental efficiency. Secondly, scale operation facilitates
unified standardized management and mechanized operation, resulting in cost savings per
unit area, reduced manpower, and increased adoption of cleaner production technology.
This, in turn, enhances the efficiency of socialized production services and contributes to
improving the AETFP [58]. Thirdly, scale operation contributes to standardized agricultural
production and significantly increases farmers’ income. The implementation of a standard-
ized agricultural production system is encouraged, facilitating routine inspections carried
out by regulatory bodies to guarantee the quality and safety of agricultural products. Fur-
thermore, apart from boosting farmers’ income, large-scale operations can also enhance the
overall agricultural ecosystem. When farmers’ income from farming is too low, their efforts
to implement cleaner production practices may not be effective. Therefore, by increasing
the income level through large-scale operations, farmers can be motivated to focus on
agricultural environmental production, which in turn enhances the TFP of the agricultural
environment. This serves as a necessary condition for achieving this improvement [59].
Building upon this understanding, this paper puts forth Hypothesis 3 (H3).

Hypothesis 3 (H3). The convergence of agriculture and allied industries can enhance the AETFP
by expanding the operation scale.

3. Data and Methods
3.1. Data Sources

Given the homogeneity and availability of data statistics, this research collects and
organizes relevant data from 2008 to 2021 for 30 provinces in China (excluding Tibet,
Hong Kong, Macao, and Taiwan). The data mainly comes from China Rural Statistics
Yearbook, China Finance Statistics Yearbook, China Statistics Yearbook, China Civil Af-
fairs Statistics Yearbook, China Water Resources Bulletin, National Bureau of Statistics
(https://data.stats.gov.cn/, accessed on 1 November 2022), China Statistical Data Ap-
plication System (http://vip.acmr.cn/, accessed on 1 January 2023), etc. In cases where
there are missing values or outliers, methods such as linear interpolation are employed to
address them.

https://data.stats.gov.cn/
http://vip.acmr.cn/
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3.2. Model

In this research, prior to establishing a linear relationship, we conducted necessary
tests. It verified that the relationship between variables was more consistent with a linear
pattern through observations of scatter plots and the use of statistical methods such as
correlation coefficients. Thus, to analyze the influence of industrial convergence on the
AETFP and its underlying mechanisms, this paper presents the following benchmark
empirical model:

ETFPit = β0 + β1CONit + ϕXit + γt + αi + µit (1)

As shown in Equation (1), i is the region, t is the year, ETFP is the AETFP, and CON
is the core independent variable, which measures the convergence of rural industries. X
is the control variable, γ and α are the year effect and the regional effect, respectively, µ
is a random disturbance term, and β and ϕ are parameters to be estimated. To verify the
transmission route of the mechanism “the convergence of agriculture and allied industries
→ rural human capital or agricultural scale operation → the AETFP”, this paper uses
the intermediary effect model to conduct an empirical test. The test steps are as follows:
At the outset, determine if the rural industry’s core components affect the AETFP by
considering the overall level of convergent development. If the CON coefficient for the core
explanatory factor is noteworthy in the empirical examination of Equation (2), it implies
that the convergence of agriculture and allied industries influences the enhancement of
AETFP. Equation (2) is presented below:

ETFPit = ∂0 + ∂1CONit + ϕXit + γt + αi + µit (2)

To examine the impact of agriculture and allied industries’ convergence on rural
human capital (H) or agricultural scale operations (S), we conducted empirical tests using
Equation (3). If the coefficient of the CON is found to be significant, it indicates that the
rural industrial synergy affects the level of rural labor or the agricultural scale operation.
Equation (3) is presented below:

H or S =β0 + β1CONit + ϕXit + γt + αi + µit (3)

Furthermore, we included the convergence of industries, rural labor, and agricultural
scale operations simultaneously in Equation (4):

ETFPit = λ0 + λ1CONit + λ2Hit or Sit + ϕXit + γt + αi + µit (4)

In the empirical test of Equation (4), if both coefficients λ1 and λ2 are significant, and β1
in Equation (3) is also significant, while the absolute value of coefficient λ1 in Equation (4)
shows a downward trend compared to the value in Equation (2), it indicates a partial
mediating effect. This means that the impact of the convergence of agriculture and allied
industries on the AETFP partly comes from the transmission of rural labor or agricultural
scale operations. On the other hand, if the coefficient in Equation (2) is significant, β1 in
Equation (3) is significant, while λ1 in Equation (4) is insignificant and λ2 is significant, it
suggests a complete mediation effect. This implies that the impact comes entirely from
the transmission of rural labor or agricultural scale operations. To further investigate the
impact of the convergence of agriculture and allied industries on the AETFP through the
improvement of rural labor or expansion of agricultural scale operations, this research
introduces two interaction terms: the convergence of agriculture and allied industries and
rural labor, and the convergence of rural industries and agricultural scale operations. These
terms serve as the core independent variables to verify the transmission mechanism in
Equation (5):

ETFPit = λ0 + λ1CONit∗Hit + λ2CONit∗Sit + ϕXit + γt + αi + µit (5)
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3.3. Selection of Variables
3.3.1. Explained Variable

The concept of AETFP integrates environmental factors and resources into the frame-
work to gauge the performance of agricultural production. This paper defines AETFP as
the efficiency relationship between agricultural input and output factors, considering the
consumption of irrigation water resources, pollution from agricultural fertilizers, pollution
from agricultural solid waste, and agricultural carbon emissions. This approach offers a
more precise depiction of the correlation between input and output in agricultural pro-
duction. To establish a measurement system for AETFP, we have considered the practices
of other scholars [60,61]. The research has selected several input indicators, including
human capital, farmland, fertilizers, agricultural machines, effective irrigation area, and
irrigation water resources. The agricultural total value represents the anticipated output.
Undesirable outputs, such as farmland chemical fertilizer pollution, farmland solid waste
pollution, and agricultural carbon emissions, have also been taken into account. Pollution
from chemical fertilizers on farmland includes the discharge of TN and TP resulting from
nitrogen fertilizers, phosphate fertilizers, and compound fertilizers. Farmland solid waste
pollution includes emissions of COD, TN, and TP from straw waste of rice, wheat, corn,
beans, and potatoes. Agricultural carbon emissions mainly comprise emissions from pesti-
cides, fertilizers, plastic film, diesel, plowing, and farmland irrigation. The measurement
system for AETFP, along with its variable description, is presented in Table 1.

Table 1. The AETFP measurement system and description of its indicators.

Primary Indicators Secondary Indicators Indicator Description

Input indicators

Labor force Number of employees in agriculture (person)
Land Sown area of farm crops (hectare)

Fertilizer Converted amount of chemical fertilizers (t)
Agricultural machinery Power Total power of machinery in agriculture (kW)

Effective irrigation area Effective irrigation area (hectare)
Irrigation water resources Agricultural water consumption × 0.9 (m3)

Expected output indicators Total agricultural output value Total agricultural output value (constant price in 2008, yuan)

Unexpected output
indicators

Farmland fertilizer pollution TN and TP emissions of chemical fertilizer (t)

Farmland solid waste pollution COD, TN, and TP emissions from straw waste from rice,
wheat, corn, beans, and potatoes (t)

Agriculture carbon emissions Carbon emissions from agricultural production behavior (t)

This paper applies the Super-SBM model and utilizes the global reference Malmquist
index (GML) to compute the AETFP of 30 provinces (excluding Tibet) in China from 2008
to 2021. The calculation method is as follows:

GMLt,t+1(xt, yt, bt; xt+1, yt+1, bt+1) =
1 +

→
DG

0 (xt, yt, bt; yt,−bt)

1 +
→

DG
0 (xt+1, yt+1, bt+1; yt+1,−bt+1)

(6)

Equation (6) defines the directional distance function based on PG. The data for each
period within the sample period is summarized by Global DEA, and the input and output

components for each decision-making unit as a whole are optimized. Among them,
→

DG
0

represents the optimal solution of the global production technology that satisfies variable
returns to scale. Given that GML reflects the change rate of AETFP relative to the previous
year, we refer to the adjustment method of existing research and assume that the AETFP of
the base period is 1 at t = 0, and the AETFP of t + 1 year is GMLt+1= GMLt × GMLt+1

t . The
GML index for other years can be calculated accordingly. Comparable to the decomposition
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of the ML index, the GML index can be broken down into a global index for technological
progress and a global index for technical efficiency [62], as shown in Equation (7):
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As shown above, the GML index can be decomposed into the GMLTC index and the 
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the GML index. Among them, the GMLTC index reflects the dynamic change in the pro-
duction possibility frontier’s external expansion, i.e., the speed of technological frontier 
progress in production practice, representing the contribution of agricultural scientific 
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As shown above, the GML index can be decomposed into the GMLTC index and
the GMLEC index, representing agricultural environmental technological progress and
agricultural environmental technological efficiency, respectively. The product of the two
is the GML index. Among them, the GMLTC index reflects the dynamic change in the
production possibility frontier’s external expansion, i.e., the speed of technological frontier
progress in production practice, representing the contribution of agricultural scientific and
technological innovation, green technology application, and other aspects to agricultural
production efficiency. When the GMLTCt,t+1 index is greater than 1, it means that the
agricultural environmental frontier technology is higher than the previous period. The
GMLEC index reflects the state of actual output approaching optimal output, representing
the contribution of resource optimization allocation, scientific management, and operation
to agricultural production efficiency. When the GMLECt,t+1 is greater than 1, it means that
the technical efficiency is higher than the previous period, and vice versa.

Figure 1 presents the changes in China’s TFP of agricultural environment GML index
and its decomposition index from 2009 to 2021. Throughout the sample period, China’s
AETFP remained consistently above 1, with an average growth rate of 3.69%. When
analyzing the decomposition index of the GML index, it is observed that the GMLTC index
has consistently exceeded 1 for many years, significantly contributing to the growth of the
AETFP. On the other hand, the GMLEC index remains below 1, indicating a clear decline.
Based on the sample period, we can infer that technological advance serves as the primary
catalyst for TFP growth, while technical efficiency imposes a constraining impact.

3.3.2. Core Explanatory Variable

The core variable that stands alone is the development level of the rural industrial
synergy (CON). The convergence of industries covers various aspects and is a broad
and abstract concept. The existing research has not established a standardized measure
for assessing the level of the convergence of rural industries, and most research uses an
assessment system to create a comprehensive indicator [63]. In this paper, we use data
from 30 provinces (excluding Tibet) spanning from 2008 to 2021 to compute the level of
convergent development of agriculture and allied industries by employing the entropy
value approach. It establishes an assessment system for the level of the convergence of
industries by taking into account aspects such as the elongation and amalgamation of
the industry chain, the enlargement and unification of agricultural multi-functions, and
the profound infiltration of information technology [64]. The evaluation system for the
convergence of agriculture and allied industries is depicted in Table 2.
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Figure 1. The average change in China’s TFP of agricultural environment and its decomposition
index from 2009 to 2021.

Table 2. Evaluation system for the convergence of agriculture and allied industries.

Primary Indicators Secondary Indicators Third-Level Indicators Unit

Extension of agricultural
industry chain

Agricultural product
processing industry

Agricultural product processing main business
income/added value of the primary industry (C1) %

Farmer interest connection Social groups per 10,000 people (C2) person

Agricultural mechanization
Total power of agricultural primary processing
industry machinery/total power of agricultural

machinery (C3)
%

Convergence of agricultural
multi-function

New agricultural formats Facility agriculture area/farmland area (C4) %

Rural Employment Rural secondary and tertiary industry
employees/rural employees (C5) %

Rural service industry
Added value of agriculture, forestry, animal

husbandry and fishery service industry/added
value of primary industry (C6)

%

Leisure agriculture and rural tourism leisure agriculture and beautiful countryside
counties/all counties (C7) %

Deep penetration of
information technology Rural e-commerce Taobao villages/number of all villages (C8) %

Among them, the extension of the agricultural industry chain selects the development
level of the agricultural product processing industry (the ratio of the agricultural product
processing main business income to the added value of the primary industry), the level of
farmer interest connection (the number of social groups per 10,000 people in rural areas),
and the level of agricultural mechanization (the ratio of the total power of agricultural
primary processing industry machinery to the total power of agricultural machinery). The
convergence of agricultural multi-function selects the level of cultivating new agricultural
formats (the ratio of the area of facility agriculture to the area of farmland), the level of
rural employment personnel (the ratio of employees in agricultural allied industries to
rural employees), the level of rural service industry (the ratio of added value of agricultural
allied industries to the primary industry), and the level of leisure agriculture and rural
tourism (the proportion of leisure agriculture and beautiful countryside counties to all
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counties); the depth of information technology penetration is measured by the level of rural
e-commerce development (the proportion of Taobao villages to all villages).

The measurement of industrial synergy employs the entropy value method. This
approach, as an unbiased assignment technique, determines the weight of indicators by as-
sessing the informational content they carry. It effectively avoids subjectivity in assignment.
The first step is indicator selection. Suppose there is year h, province m, and evaluation
indicators n. Xλij is the indicator value of λ in province i in year j. Secondly, the range
standard method is used to perform dimensionless processing on each indicator, and the in-
dicators are normalized. For positive indicators, Zλij =

(
xmax − xλij

)
/(xmax − xmin); for negative

indicators, Zλij =
(
xλij − xmin

)
/(xmax − xmin). Among them, i is the province, j is the evaluation

index, Xmax is the maximum value j of different evaluation indicators among all evaluation
objects, Xmin is the minimum value j of different evaluation indicators among all evaluation
objects, Xλij is the original index value, and Zλij is the dimensionless value. Subsequently,

the indicator value is normalized, P = Zλij/
h
∑

λ=1

m
∑

i=1
Zλij, 0 < Pλij < 1. Again, calculate the

entropy value of each indicator and its redundancy value, Ei = −k
h
∑

λ=1

m
∑

i=1
PλijlnPλij, where

k =1/ln(h×m). In the calculation of the entropy value, if Pλij is 0 and logarithmic calcula-
tion cannot be performed, add 1 to it and then perform the calculation. When calculating
the redundancy of the entropy value of each indicator, Dj = 1− Ei. Finally, the weight of
each indicator is calculated, and based on the weight value and indicator value, the level of
the convergence in each province is calculated Cλi = Pλij ×Wj.

From 2008 to 2021, Figure 2 depicts the interdependence between rural and industrial
sectors in China and its subregions. Overall, the level of industrial convergence in China is
on the rise, increasing from 1.0452 in 2008 to 2.423 in 2021. The analysis of subregions reveals
that the level of the convergence of agriculture and allied industries has been consistently
increasing in the different regions. Notably, the eastern region has experienced the highest
growth rate and has achieved a significantly higher level of development compared to
the other three regions. Over the sample period, the convergence in the eastern region
increased from 1.414 to 3.145. The central region follows the eastern region in terms of
the level. Although its growth rate has been relatively slow, it has risen from 1.202 to
1.834 during this period. On the other hand, the western region has a poor foundation for
convergent development, with a relatively slow growth rate from 0.723 to 1.284. Similarly,
the northeastern region also faces challenges in terms of the foundation for convergent
development, but it has exhibited strong growth momentum, increasing from 0.772 to
1.352. Moreover, the regional differences were minimal in 2009, but they gradually became
significant over time, leading to an increasing gap between regions. This can be attributed to
the policy advantages enjoyed by the eastern region, coupled with years of rapid economic
development that have fostered a favorable market atmosphere and facilitated the rapid
growth of e-commerce. This has provided robust external support for the convergence of
agriculture and allied industries.

3.3.3. Mediating Variables

Mediating variable 1: Rural labor comprehensive index (H). The comprehensive index
of rural labor is constructed using the entropy method, which incorporates rural educa-
tional human capital, rural health human capital, and innovation environment support.
Following the previous approaches [65,66], rural educational labor is further divided into
primary, secondary, and higher education human capital, with heterogeneous human capi-
tal calculated using the cumulative years of education method. The situation of rural health
human capital is reflected through the annual rural per capita health care expenditure. The
innovation environment support is assessed based on two aspects: the intensity of scientific
research investment and the level of financial support for agriculture. It is determined by
the proportion of scientific research funding investment in the regional GDP. The calcula-
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tion method for the level of fiscal support for agriculture is based on relevant research [67].
The indicators and accounting methods at all levels are presented in Table 3.
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Table 3. Human capital comprehensive index evaluation system and index calculation method.
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Mediating variable 2: Agricultural scale operation comprehensive index (S). The com-
prehensive index of agricultural scale operations is constructed using the entropy method
to measure the land scale, degree of intensification, and physical capital accumulation. The
per capita cultivated land area in countryside is chosen to evaluate the land scale, while the
total crop sown area to the agricultural population is selected. The degree of intensification
is represented by the agricultural machinery input density and the agricultural film input
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density, which are measured by the total power of agricultural machinery to the total crop
sown area and the amount of agricultural film used to the total sown area of crops, respec-
tively. To measure the accumulation of physical capital, the original value of productive
fixed capital per capita of rural households is selected [68]. The indicators and accounting
methods at all levels are presented in Table 4.

Table 4. Rural scale operation comprehensive index evaluation system and indicator calcula-
tion method.

Primary Indicators Secondary Indicators Calculation Method

Land size
(core factor) Per capita farmland area in rural areas Total crop sown area to

agricultural population.

Degree of intensification
(basic factor)

Agricultural machinery input density The total power of agricultural machinery
to the total sown area of crops.

Agricultural film input density The amount of agricultural film used to
the total sown area of crops.

Physical capital accumulation
(supporting factor)

Original value of productive fixed capital
per capita in rural households

The original value of productive fixed
assets per capita of rural households.

3.3.4. Control Variables

Referring to the previous research, the control variables areas follows: Natural Envi-
ronment (ENVI): the ratio of disaster-stricken area to crop sown area; Agricultural Structure
Adjustment Coefficient (STRU): the ratio of grain sown area to total crop sown area; and
Urbanization Rate (URB): the ratio of non-agricultural population to total population [69].
Table 5 presents the descriptive statistics for each variable.

Table 5. Descriptive statistics of variables.

Variable Categories Variable Name Variable Abbr. Mean Max Min

Explained Variable AETFP ETFP 1.252 2.110 0.705

Core Explanatory Variable The convergence of
rural industries CON 1.458 5.779 0.422

Mediating Variables

Rural labor
comprehensive index H 0.398 0.812 0.116

Agricultural scale operation
comprehensive index S 0.413 0.825 0.143

Control Variables

Natural environment ENVI 0.749 106.525 0.000
Agricultural structural
adjustment coefficient STRU 0.540 0.794 0.343

Urbanization rate URB 0.416 0.933 0.162

4. Results and Analysis
4.1. Benchmark Regression Results

Based on the Hausman test results, all three decimal places of the p value are 0, indi-
cating a significant rejection of the null hypothesis that the individual effect is unrelated to
the explanatory variables. To address potential issues of autocorrelation and heteroscedas-
ticity in panel data, as well as variations in the basic conditions and development levels
among provinces, this paper employs the FGLS method within the fixed-effects model
for estimation.

Table 6 presents the baseline regression results of the influence of industrial conver-
gence on the AETFP. To ensure robust estimation, this section employs a stepwise regression
approach to investigate the impact of industrial convergence on the AETFP. Initially, model
(1) analyzes the effect of the convergence (CON) on the AETFP, followed by the inclusion
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of control variables such as natural environment (ENVI), agricultural structural adjustment
coefficient (STRU), and urbanization rate (URB) in models (2), (3), and (4), respectively. It
enables the assessment of the collective influence of numerous factors on the effect of the
industrial convergence on the AETFP. The results demonstrate a high level of consistency
with the benchmark regression findings.

Table 6. Benchmark regression results.

(1)AETFP (2)AETFP (3)AETFP (4)AETFP

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

CON
0.0870 ***
(0.0273)
0.0034

0.1316 ***
(0.0258)
0.0000

0.2034 ***
(0.0472)
0.0002

0.2835 ***
(0.0568)
0.0000

ENVI
−0.0018 **

(0.0008)
0.0322

−0.0021 ***
(0.0007)
0.0055

−0.0034 ***
(0.0010)
0.0020

STRU
1.6436 ***
(0.3746)
0.0001

1.3715 ***
(0.4295)
0.0034

URB
−0.0729
(0.1769)
0.6833

Control variable No Yes Yes Yes

Constant
1.1683 ***
(0.0698)
0.0000

1.1462 ***
(0.0892)
0.0000

0.2530
(0.2528)
0.3252

0.3574
(0.2519)
0.1666

Sample size 420 420 420 420
Note: ** means it at the 5% level, *** means it at the 1% level, and the values in parentheses are standard errors.

According to the findings in Table 6, the coefficient of industrial convergence in
countryside is both significant and positive. This suggests that the industrial convergence
has a significant impact on improving AETFP. The results of the stepwise regression analysis
also support this finding, indicating the robustness of the relationship and providing
evidence for Hypothesis 1.

Significant negative impacts on the AETFP are observed from the control variables,
highlighting a robust association between natural conditions and agricultural production
activities. The coefficient for adjusting the agricultural structure has a noticeable and
favorable effect on the AETFP, indicating that the enhancement of agricultural structure
facilitates the efficient utilization of agricultural resources and fosters the advancement of
AETFP. The urbanization rate has a negligible negative effect on the AETFP, primarily due
to the selective migration of young and middle-aged farmers, resulting from urbanization.

4.2. Mechanism Analysis

The analysis of the impact mechanism demonstrates that the benchmark regression
outcomes reveal a substantial enhancing impact on the AETFP due to the industrial con-
vergence. Following this, the intermediary effect model mentioned above was utilized
to examine the two mechanisms by which the industrial convergence affects the AETFP.
Mechanism 1 revolves around the industrial convergence→ rural human capital→ the
AETFP pathway, whereas Mechanism 2 revolves around the industrial convergence →
agricultural scale operation→ the AETFP pathway.

The results of the empirical test for the intermediary effect are presented in Table 7. In
model (4), the coefficient of CON is 0.2491, which is smaller than the coefficient of 0.3235
in model (1). This comparison shows a downward trend in the coefficient. It indicates
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that rural labor plays a role as a partial intermediary between the industrial convergence
and the AETFP. In simpler terms, the convergence can boost the growth of AETFP by
improving the rural human capital, thus confirming Hypothesis 2. Likewise, in model (5),
the coefficient for rural industrial convergent development is 0.1984, compared to 0.3235
in model (1). This demonstrates a downward trend in the coefficient as well. It suggests
that agricultural scale operations also act as a partial intermediary between the industrial
convergence and the AETFP. Thus, the convergence can enhance the AETFP through the
expansion of scale operations, providing support for Hypothesis 3.

Table 7. Mediating effect estimation results.

Step1 Step2 Step3

AETFP(1) H(2) S(3) AETFP(4) AETFP(5)

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

CON
0.3235 ***
(0.0367)
0.0000

0.0568 ***
(0.0066)
0.0000

0.0148 ***
(0.0028)
0.0000

0.2491 ***
(0.0402)
0.0000

0.1984 ***
(0.0375)
0.0000

H - - - -
2.4660 ***
(0.3148)
0.0000

S - - -
0.7259 *
(0.3933)
0.0752

-

ENVI
−0.0047 ***

(0.0007)
0.0000

0.0010 *
(0.0006)
0.1000

0.0003 ***
(0.0001)
0.0055

−0.0027 ***
(0.0009)
0.0055

−0.0059 ***
(0.0007)
0.0000

STRU
1.2573 ***
(0.3548)
0.0014

0.1775 **
(0.0724)
0.0205

0.1821 ***
(0.0460)
0.0004

0.5669
(0.4722)
0.2396

1.2546 ***
(0.3634)
0.0017

URB
−0.0643
(0.1934)
0.7419

0.2868 ***
(0.0241)
0.0000

0.3026 ***
(0.0386)
0.0000

−0.5327 *
(0.3120)
0.0984

−0.6728 *
(0.3904)
0.0955

Constant
0.3376

(0.2544)
0.1948

0.0714 **
(0.0319)
0.0330

0.1436 ***
(0.0237)
0.0000

0.7320 ***
(0.2531)
0.0072

0.1424
(0.2868)
0.6233

Sample size 420 420 420 420 420
Note: * means significant at the 10% level, ** means it at the 5% level, *** means it at the 1% level, and the values
in parentheses are standard errors.

4.3. Robustness Tests

The mediation model is used to investigate the effect of convergence on the AETFP.
To ensure the credibility of the results, the study incorporates interaction terms between
the main variables and the mediating variables in order to conduct a comprehensive
examination of their impact mechanism.

Table 8 presents the results of the interaction term test. In Model (1), the impact
of the interaction term between the rural sectoral convergence and the human capital
on the AETFP is examined. The interaction term is found to be significantly positive
at the 1% level. This suggests that in provinces (autonomous regions, municipalities)
with a higher level of development, improving rural labor has a more noticeable effect
on agricultural TFP, thereby providing further support for Hypothesis 2. Moving on to
Model (2), the interaction term between the convergence of rural industries and agricultural
scale operations is explored. It is observed that the interaction term has a greater impact
on the AETFP. Specifically, for the impact of AETFP, the interaction term is significantly
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positive at the 1% level. This indicates that in areas with a higher level of rural sectoral
convergence development, the effect of agricultural scale operations on the AETFP is more
pronounced, thereby further confirming Hypothesis 3.

Table 8. Robustness test results.

Impact Mechanism Test (1)
(Rural Human Capital)

Impact Mechanism Test (2)
(Agricultural Scale Operation)

Coeff
(Std.err)
p-Value

Coeff
(Std.err)
p-Value

CON * H
0.7839 ***
(0.0756)
0.0000

-

CON * S -
0.6635 ***
(0.0645)
0.0000

ENVI
−0.0042 **

(0.0017)
0.0196

−0.0030 ***
(0.0006)
0.0000

STRU
1.2313 ***
(0.4211)
0.0066

0.9057 **
(0.3932)
0.0286

URB
−0.4745 *
(0.2676)
0.0867

−0.4244 *
(0.2428)
0.0911

Constant
0.7438 **
(0.3614)
0.0487

0.8636 ***
(0.2697)
0.0033

Sample size 420 420
Note: * means significant at the 10% level, ** means it at the 5% level, *** means it at the 1% level, and the values
in parentheses are standard errors.

5. Conclusions and Recommendations

To analyze the impact and mechanism of rural industrial convergence on AETFP, the
article integrates these two hot topics in current agricultural economic development. It
analyzes the level of the convergence of agriculture and allied industries and the changes
in the AETFP in 30 provinces (excluding Tibet) in China from 2008 to 2021. It utilizes the
fixed effect FGLS estimation method and analyzes the impact of the industrial convergence
on the AETFP from two perspectives: human capital and agricultural scale operation. The
findings are as follows: (1) Overall, the convergence of rural industries has a significant
effect on the AETFP. Accelerating the process of industrial convergence can effectively
promote the improvement of environmental TFP and facilitate the shift from factor-driven
to technologically innovative agricultural production. (2) The intermediary effect model’s
empirical results indicate that the rural labor and the agricultural scale operations act as
intermediary variables between the convergence and the AETFP. In other words, there are
two mechanisms at play: Mechanism 1: The convergence of agriculture and allied industries
→ Human capital→ The AETFP; Mechanism 2: The convergence of agriculture and allied
industries→ Agricultural scale operation→ The AETFP. (3) The transmission mechanism
is further tested using interaction terms. The results demonstrate an interaction between the
convergence of agriculture and allied industries and the AETFP. The harmonization of rural
industries strengthens the positive impact of rural labor and scale operations on the AETFP.
The findings of this paper further validate the positive impact of industrial convergence
on TFP growth. For instance, in the field of digital economy, which has a long history of
research on industrial convergence, scholars argue that the inter-industry development
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resulting from digital technology innovation has created a conducive environment for
technological innovation and diffusion. This, in turn, has significantly improved the
production efficiency of enterprises in related fields and even the entire industry. Moreover,
the convergence of modern service and advanced manufacturing, through innovations
in business and management models, has greatly contributed to regional TFP growth,
thereby demonstrating the positive effect of industrial convergence. This paper expands
the scope of research on industrial convergence to include China’s agricultural and rural
areas, exploring this new paradigm of rural economic development. Through empirical
testing, it not only confirms the promotion effect of industrial convergence on TFP, but
also sheds light on the mechanism of interaction between industrial convergence and
agricultural and rural TFP. Furthermore, the conclusions of this article further validate
the effectiveness of China’s recent policies promoting industrial convergence. Developing
countries can draw lessons from this experience in agricultural and rural development to
expedite the process of rural industrial convergence and achieve comprehensive growth
in AETFP.

Based on the previous findings of the paper, the following policy recommendations
can be inferred:

(1) In order to enhance the AETFP, it is essential to focus on expediting the convergent
level of rural industries and reducing the obstacles that hinder this development.
For instance, adopting the “land composite utilization + planning” method for rural
farmland use to support the projects of industrial convergence, introducing special
subsidies or special bonds for the convergence of agriculture and allied industries,
and further enhancing the mechanisms that guarantee the industrial convergence.
Additionally, implementing a phased evaluation and reward system, along with
providing subsidies and tax incentives to regions that demonstrate exceptional results
in the evaluation process.

(2) By promoting the accumulation of rural labor, it creates a suitable policy environment
for the improvement of AETFP. This objective can be accomplished by augmenting the
allocation of resources towards rural education and vocational skill training, optimiz-
ing the proficiency and expertise of the rural labor force, nurturing a heterogeneous
reservoir of talents via novel training initiatives for aspiring farmers, and attending to
the talent prerequisites of convergent rural sectors.

(3) It highlights the role of scale operations in improving the TFP of the agricultural
sector and promoting the transition from decentralized smallholder operations to
moderate-scale operations. One way to achieve this is by establishing regional land
transfer platforms, which would include multi-level platforms at the village, county,
and township levels. These platforms would help standardize farmland management
rights transfer contracts and facilitate the transfer and trading of these rights. To
ensure a smooth process, farmland management rights transfer and trading centers
would be set up at the county and township levels, while village-level units would
have land management rights transfer service stations to streamline the contract
process. Additionally, efforts would be made to develop intermediary service organi-
zations that specialize in the land rights transfer, thus reducing the risk of default in
these transactions.

6. Limitations of the Study

However, this paper has certain limitations. It explores the impact of the convergence
of agriculture and allied industries on the AETFP. Further research can be conducted
regarding various aspects:

(1) The intermediary variables can be further expanded to provide a more comprehensive
meaning. The Solow residual defines TFP as the growth in output resulting from
comprehensive factor productivity, excluding the contributions of traditional produc-
tion factors such as labor and capital. It is important to note that changes in TFP are
influenced by various factors, including technological progress, diffusion, optimal
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allocation of factors, business decision optimization, policy and system changes, and
many others. Therefore, it is necessary to further expand the intermediary variables
based on these factors.

(2) It is recommended to conduct regional comparative studies by further categorizing
the types of convergent development of rural industries. For instance, the numerous
provinces and regions across the country can be classified into different types based
on the degree of convergence: high, medium, and low. By considering regions with
different degrees of convergence, it would be valuable to analyze the impact of their
convergence on the AETFP through regional comparative research. Furthermore,
regional division can be based on various criteria such as grain production areas or
agricultural development areas.

(3) One detailed approach is to select provinces and regions that have experienced
rapid convergence of rural industries and conduct micro-case studies. By focusing
on regions with a high level of convergence of rural industries, we can provide
further evidence of the positive impact of its development on the AETFP. These micro-
level case studies will help demonstrate the benefits of industrial convergence in
the countryside.
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