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Abstract: Under the condition of opening up, participation in international specialization and global
value chains (GVCs) has become the main source for more and more countries to obtain foreign re-
sources and advanced technologies, thereby promoting productivity improvement and technological
progress. What are the pathways of agricultural GVC participation that affect agricultural total factor
productivity (TFP)? Is the impact of agricultural GVC participation on agricultural TFP consistent
across different statuses and modes of agricultural GVC participation? This paper elaborates on
the theoretical mechanism of agricultural GVC participation affecting agricultural TFP, and then
empirically estimates the impact of different statuses and modes of agricultural GVC participation on
agricultural TFP by taking 58 countries as examples. The results show that agricultural GVCs affect
agricultural TFP by several direct and indirect pathways. There was a U-shaped relationship between
agricultural GVC participation and agricultural TFP, which means that after crossing a certain thresh-
old, the former has a positive impact on the latter. By participating in agricultural GVCs, agricultural
TFP in high-income and upper-middle-income countries was significantly improved, while in lower-
middle-income countries it was not. Both forward and backward agricultural GVC participation
were conducive to improving agricultural TFP in high-income and upper-middle-income countries,
but only backward agricultural GVC participation was conducive to improving agricultural TFP
in lower-middle-income countries. Therefore, every country needs to actively explore its optimal
pathway to participate in agricultural GVCs in order to maximize the participation benefits and
promote the improvement in agricultural TFP, simultaneously.

Keywords: agricultural global value chains; agricultural total factor productivity; value-added trade;
international specialization; sustainable agriculture; agri-food systems

1. Introduction

With the continuous advancement of the process of global economic integration, almost
all countries have joined the global system of production specialization, resource allocation,
and benefit distribution. In order to make full use of global resources, the production
process from raw materials to final products has been divided and located in different
countries and regions, and in different links of industrial chains; the value of the product
is added and intermediary products are traded in turn, ultimately forming global value
chains (GVCs) [1,2]. Driven by market competition and technological progress, traditional
agriculture is gradually transforming into modern agriculture, and agricultural GVCs
are becoming an important part of the global trade system, affecting trade policies and
trade gains [1–4]. When the agricultural sector has relatively low importance and share in
GVCs, agricultural trading countries are faced with the difficult choice of maintaining their
present status in global agricultural trade or continuing to strengthen their participation in
agricultural GVCs [5].

The international trade pattern under GVCs has shifted from trade in goods to trade
in intermediate products, and the products exported by one country or region contain the
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added value from many other countries or regions [6], which makes the traditional statisti-
cal methods based on the gross value of traded goods unable to truly reflect the pattern
of global trade, and also misleads and distorts the analysis and judgment of the evolution
of trade [7]. In order to overcome these shortcomings of traditional statistical methods,
the Organization for Economic Co-operation and Development (OECD) and World Trade
Organization (WTO) have put forward the concept of “value added in trade” and adopted a
new accounting system of value-added trade, which is conducive to revealing the true scale
of trade and trade gains [8,9], and based on which, the Trade in Value Added (OECD–TiVA)
database was jointly launched by the OECD and WTO on 16 January 2013.

With the continuous extension and expansion of international specialization in agri-
culture in horizontal and vertical dimensions, a global agricultural production network
dominated by multinational corporations (MNCs) has basically formed. Relying on tech-
nological advantages, developed countries occupied the core links of agricultural GVCs,
dominated the formation and operation of agricultural GVCs, and improved their level
of agricultural specialization and productivity [10]. As an important emerging force par-
ticipating in agricultural GVCs, developing countries have also joined agricultural GVCs,
relying on the advantages of sufficient labor and low cost [11]. Compared with developed
economies, developing countries have a relatively low status in agricultural GVCs, mainly
reflected in the high participation in low value-added links and low participation in high
value-added links, and the “low-end lock-in” phenomenon of agricultural export is very
common in most developing countries [12,13]. In the long run, agriculture in developing
countries is falling into a “low-end dilemma”, resulting in the agricultural technological
innovation and progress capacity of developing countries being significantly weaker than
that of developed countries [14].

In recent years, the impact of GVC participation on total factor productivity (TFP) has
attracted academic attention. First, the impact direction of GVC participation in TFP is
uncertain. Some of the existing literature has found that GVC participation has a promoting
effect on TFP. Taking China as an example, the higher the international specialization
status in GVCs of China’s manufacturing industry, the higher the TFP at the firm level [15],
and the productivity effects of Chinese enterprises in outsourcing and participating in
vertical specialization are positive [16,17]. Some of the other existing literature has found
that GVC participation hindered the improvement in TFP. Due to the existence of gaps in
the technological frontier and innovation system between different countries, MNCs in
developed countries at the core of GVCs have often used tactics such as low-end lock-in
to impede industrial upgrading, technological advancement, and improvement in TFP in
developing countries [18]. As the promotion and inhibition effects of GVC participation in
TFP are trade-offs and interactions, there may also be a nonlinear relationship between GVC
participation and TFP [19], and in most examples, the inverted U-shaped relationship was
verified [20–22]. But the impact of GVC participation in China’s equipment manufacturing
on TFP has shown a U-shaped relationship [23]. Second, GVC participation affects TFP
through multiple pathways. GVC participation can fully realize economies of scale in each
production link by minimizing production costs, while different industries form industrial
agglomerations to realize external economies of scale effects [24,25]. GVC participation is
conducive to reducing the costs related to operation and management by importing cheaper
and more diverse intermediate goods [26], and strengthening information exchange and
technology exchange between upstream and downstream enterprises, thereby promoting
technology transfer and spillover and technological progress in GVC participants [27].
In addition, GVC participation makes enterprises face more intense international market
competition, and in order to compete for living space, enterprises are forced to improve
productivity to cope with international competition [22,28]. Third, the impact of GVC partic-
ipation on TFP is heterogeneous. The impact of GVC participation on TFP mainly depends
on the technology-absorptive capacity of GVC participants and their status in GVCs [29].
In terms of enterprise type, the promotion effect of GVC participation on TFP is significant
in capital-intensive, technology-intensive, and general trading enterprises [30], but not in
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processing trade and labor-intensive enterprises [31]. In terms of economic development
level, by increasing participation status in GVCs, TFP has been significantly improved in
developed countries, but not in less developed and developing countries [25,32]. In terms
of GVC participation mode, forward GVC participation has a significant positive effect on
TFP, but the impact of backward GVC participation on TFP is uncertain [33,34].

Despite their contributions, the existing studies on the impact of GVC participation on
TFP are still insufficient. First, the existing studies that empirically estimated the impact of
GVC participation on TFP were mainly carried out from the macro-level of industries and
the micro-level of enterprises, but the conclusions of these studies were inconsistent, due to
different variables, research samples, and estimation methods, as well as the heterogeneity
of GVC participation modes, GVC participation status, and the economic development level
of GVC participants. Second, in the existing studies, there is little systematic discussion
on the theoretical mechanisms by which GVC participation affects TFP. Third, the existing
studies have mainly focused on the manufacturing sector and service sector, but rarely on
the agricultural sector.

Therefore, this study aims to qualitatively elaborate the theoretical framework of
agricultural GVC participation affecting agricultural TFP and quantitatively estimate the
impact of agricultural GVC participation on agricultural TFP. This study explores the
following questions: (1) What are the pathways of agricultural GVC participation that
affect agricultural TFP? (2) Is the impact of agricultural GVC participation on agricultural
TFP consistent across different statuses and modes of agricultural GVC participation?

This study contributes to the existing research in two ways. First, from the perspective
of the agricultural sector, the impact pathways of agricultural GVC participation affecting
agricultural TFP were explored from multiple dimensions and four corresponding research
hypotheses were proposed, which enrich and expand the research vision and application
scenarios of the GVC theory. Second, by taking 58 countries as research samples, this
study clarified the impact of agricultural GVC participation on agricultural TFP and its
heterogeneity. Our research findings identify the types of countries that can benefit from
different modes of agricultural GVC participation, contribute to a better understanding and
harnessing of the role of trade in enabling the development of sustainable agriculture and
the transformation of agri-food systems, and provide feasible implications for countries
with different income levels, especially lower-middle-income countries, to further improve
agricultural TFP by improving their status in agricultural GVCs and avoid the “low-
end dilemma”.

2. Theoretical Framework and Research Hypotheses
2.1. The Direct Impact Pathways of Agricultural GVC Participation on Agricultural TFP

As a new type of international specialization, GVCs enable the specialization object to
be refined from the level of products to the level of production links [35] and achieve the
continuous optimization of the production process by dividing the production links and
placing them in different countries or regions. The specialization of countries in production
chains of agricultural products in which they have comparative advantages can promote
the formation of more mature production processes, more efficient organizational forms,
and more skilled labor productivity, reduce production and trade costs, and improve
production efficiency and export performance [36,37], which in turn promotes higher
agricultural TFP [38]. By participating in GVCs, a country can expand the scope of trade in
agricultural services and agricultural product demand and market size, reduce transaction
costs, and prompt producers to further expand production scale and realize economies
of scale [39,40]; moreover, it is also easier to obtain information resources and improve
risk resistance, which in turn improve agricultural TFP. Agricultural GVC participation is
also conducive to the formation of agricultural industrial agglomeration, which not only
generates external economies of scale, such as knowledge spillover and information sharing
and promotes enterprise innovation [41], but also improves the efficiency of the use of
inputs including agricultural infrastructure and machinery [42], which in turn realizes more
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effective economies of scale and improves agricultural TFP. By participating in agricultural
GVCs, an enterprise is exposed to bigger competitive pressures from the international
market. Consumer demand for high-quality and fierce competition in the international
market force exporting enterprises to do their best to increase productivity in order to gain
broader room for survival, forcing enterprises to increase investment in R&D, upgrade
machinery and equipment, and improve management and product quality [28]. At the
same time, the massive influx of similar agricultural products and intermediate goods from
abroad to expand market share through high-quality products, high-profile brands, and
advanced technologies has intensified market competition and forced domestic enterprises
to improve production efficiency and lower product prices so that agricultural producers
could obtain high-quality and diversified intermediate inputs, save production costs, have
more sufficient funds for R&D investment and personnel training, and improve agricultural
TFP [43,44].

Therefore, as shown in Figure 1, this study proposes the first research hypothesis (H1):
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H1. Agricultural GVC participation is conducive to improving agricultural TFP in participating coun-
tries through production specialization effects, production scale effects, and market competition effects.

2.2. The Indirect Impact Pathways of Agricultural GVC Participation on Agricultural TFP

The new trade theory has proposed that foreign trade and foreign direct investment
(FDI) are the two major channels for achieving technology spillovers [45,46]. In agricul-
tural GVCs, foreign trade exists in two pathways: exporting agricultural products and
intermediate goods, also called forward agricultural GVC participation, and importing
agricultural products and intermediate inputs for domestic production of exported prod-
ucts, also called backward agricultural GVC participation. By using the former pathway,
exporting countries are usually required to carry out standardized production, so they
have to actively learn advanced technologies and management systems, and then achieve
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technology spillovers through the “learning effects” of agricultural GVCs and improve
agricultural TFP [47]. Importing countries also export technologies and knowledge to
exporting countries through agricultural GVCs to satisfy their requirements for production
refinement and standardization, thus indirectly achieving technology spillovers. Active
technology learning and passive knowledge introduction could promote the diffusion of
technology and knowledge to the agricultural and associated sectors in exporting coun-
tries [48]. By using the latter pathway, during the importing process, advanced marketing
concepts and means and production technology are attached to intermediate products to
form technological spillovers, and importing countries use advanced marketing concepts
and means and production technology attached to imported intermediate goods to imitate,
digest, innovate, and promote domestic technological innovation [49,50] and improvement
in agricultural TFP.

In agricultural GVCs, as a major channel for achieving technology spillovers, FDI has
an important impact on TFP in home and host countries [51,52]. When making investments
and setting up factories in host countries, to ensure the effective implementation of stan-
dardized management and operation, MNCs accelerate the dissemination of intangible
knowledge and technology through formal or informal interpersonal interactions and
training demonstrations and then trigger technological spillover to local enterprises in host
countries [53,54]. By learning spilled technologies and knowledge, local enterprises could
improve domestic human capital and technical level, which in turn improve agricultural
TFP in host countries. While technology spillovers are achieved through investment in host
countries, MNCs also obtain reverse technology spillovers from host countries through
R&D interaction, transfer of results, and internal absorption [55], which also improve
agricultural TFP in home countries [56,57]. Technologically lagging countries or enterprises
might also enter foreign markets in the form of FDI and obtain technological spillovers
through geographic proximity to technologically leading countries or enterprises [58], thus
improving agricultural TFP [59,60].

Therefore, as shown in Figure 1, this study proposes the second research hypothesis (H2):

H2. Agricultural GVC participation is conducive to improving agricultural TFP in participating
countries through technology spillover effects.

In GVCs, various resources flow across borders and participate in international produc-
tion specialization through outward FDI and international outsourcing, and then achieve
the optimal resource allocation globally [61], which in turn improves TFP. The process
of participating in agricultural GVCs is also the process of participating in the optimal
allocation of domestic agricultural resource endowment globally. By participating in agri-
cultural GVCs and actively undertaking agricultural outsourcing business, participating
countries make full use of their large amount of agricultural surplus labor and backward
agricultural facilities so that their agricultural factors are optimally reallocated, and then
agricultural TFP is improved [62]. With the continuous extension of agricultural GVCs,
the mobility of agricultural factors is enhanced, and domestic agricultural factors of each
country have more opportunities for synergistic allocation with foreign advantageous
agricultural factors [63]. Resource reallocation at the global level enables agricultural pro-
duction activities that could not be carried out in some countries due to the lack of certain
agricultural factors and also attracts domestic agricultural factors to flow to more efficient
agricultural production links, which achieves the matching and integration of domestic and
foreign agricultural factors and improves the allocation efficiency of domestic agricultural
factors by externalization, and finally, agricultural TFP is improved.

Therefore, as shown in Figure 1, this study proposes the third research hypothesis (H3):

H3. Agricultural GVC participation is conducive to improving agricultural TFP in participating
countries through resource allocation effects.

There might be some difference in the impact of forward and backward agricultural
GVC participation on agricultural TFP. In terms of forward agricultural GVC participation,
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production and export of intermediate goods give full play to the market competition and
economies of scale effects [34]. Undertaking agricultural outsourcing gives full play to the
learning effects [64,65], demonstration effects [66], and resource reallocation effects [67].
FDI in agriculture gives full play to technological innovation and technological spillover
effects. In terms of backward agricultural GVC participation, importing large quantities
of intermediate agricultural goods provides access to abundant and cheap intermediate
agricultural goods. The introduction of more advanced agricultural technology is conducive
to improving agricultural production workflow and management methods, capturing
changes in upstream and downstream demand, quickly adjusting the scale of agricultural
production, and giving full play to the intermediate goods and imitation innovation [22],
and then agricultural TFP is improved.

Therefore, as shown in Figure 1, this study proposes the fourth research hypothesis (H4):

H4. There is heterogeneity in the impact of different modes of participating in agricultural GVCs on
agricultural TFP in participating countries.

3. Materials and Methods
3.1. Measure of GVC Participation

This study adopts the widely employed measure of GVC participation to calculate the
statuses and modes of agricultural GVC participation, including the GVC participation
index, the forward GVC participation index, and the backward GVC participation index.

The GVC participation index is defined as:

GVCParticipationir =
IVir
Eir

+
FVir
Eir

(1)

The forward GVC participation index is defined as:

GVC f = IVir/Eir (2)

The backward GVC participation index is defined as:

GVCb = FVir/Eir (3)

where i denotes the agriculture; r denotes the country; IVir represents the indirect agricul-
tural value-added exports of the country r; FVir represents the foreign value added included
in country r’s agricultural value-added exports; and Eir represents the total agricultural
exports of the country r. The larger the value of IVir, the more agricultural intermediate
goods of the country r are supplied to agricultural GVCs. The larger the value of FVir, the
more the value of FVir is included in country r’s agricultural exports. The higher the value
of GVC f , the more advantageous country r is in higher value-added links of agricultural
GVCs such as agricultural R&D. The higher the value of GVCb, the more advantageous
country r is in lower value-added links of agricultural GVCs such as agricultural produc-
tion. The higher the value of GVCParticipationir , the higher the participation status of the
country r in agricultural GVCs.

3.2. Total Factor Productivity Index

The data envelopment analysis (DEA) and the stochastic frontier analysis (SFA) are
the most employed parametric and non-parametric methods used to estimate productivity,
respectively. DEA avoids misspecification errors as it does not rely on assumptions on the
shape of the efficient frontier nor on probability distributions, but the selected functional
form in SFA introduces inductive bias in the stochastic process and may lead to severe
degradation of the results when the shape is not consistent with the data [68]. Therefore,
this study adopts the DEA–Malmquist Index to measure and decompose agricultural
TFP. The Malmquist Index was first proposed by Malmquist in 1953, and based on this,
productivity change can be measured by combining the Shepherd Distance Function with
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the Malmquist Productivity Index [69]. The distance function for output in period t is
defined as:

Dt
o(x, y) = min

{
θ :

y
θ
∈ p(x)

}
(4)

where x and y denote the input variables and output variable, respectively; p(x) denotes
the possible productive collection; and o denotes the country o. The Malmquist Productivity
Index of country o from period t to period (t + 1) under the technology condition in period
t is defined as:

Mt =
DT

o (xt+1, yt+1)

DT
o (xt, yt)

(5)

The Malmquist Productivity Index of country o from period t to period (t + 1) under
the technology condition in period (t + 1) is defined as:

Mt+1 =
Dt+1

o (xt+1, yt+1)

Dt+1
o (xt, yt)

(6)

The change in the Malmquist Productivity Index of country o from period t to period
(t + 1) is defined as:

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

[(
Dt

o(xt+1,yt+1)
Dto(xt ,yt)

)(
Dt

o(xt+1,yt+1)

Dt+1
o (xt ,yt)

)]1/2

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

Dt
o(xt ,yt)

×
[(

Dt
o(xt+1,yt+1)

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

)(
Dt

o(xt ,yt)

Dt+1
o (xt ,yt)

)]1/2

= TEC(xt+1, yt+1, xt, yt)× TC(xt+1, yt+1, xt, yt)

(7)

where TEC(xt+1, yt+1, xt, yt) and TC(xt+1, yt+1, xt, yt) represent the technical efficiency
(TEC) index and technical progress (TC) index, respectively.

The TEC index can be further decomposed into the pure technical efficiency (PTEC)
index and scale efficiency (SEC) index:

TEC(xt+1, yt+1, xt, yt) = Dt+1
o (xt+1,yt+1)

Dt
o(xt ,yt)

= Dt+1
o (xt+1,yt+1|V)

Dt
o(xt ,yt |V)

× [Dt+1
o (xt+1,yt+1)/Dt+1

o (xt+1,yt+1|V)]

[Dt+1
o (xt+1,yt+1)/Dt

o(xt ,yt |V)]

= PTEC(xt+1, yt+1, xt, yt)× SEC(xt+1, yt+1, xt, yt)

(8)

where PTEC(xt+1, yt+1, xt, yt) and SEC(xt+1, yt+1, xt, yt) represent the pure technical effi-
ciency (PTEC) index and scale efficiency (SEC) index, respectively; V denotes the variable
returns to scale. Therefore, the Malmquist Productivity Index is equal to the product of the
TEC index and TC index, and the TEC index is equal to the product of the PTEC index and
the SEC index. The Malmquist Productivity Index is used to denote the change in the TFP.
When the value of the Malmquist Productivity Index is greater than 1, the TFP tends to
increase; when the value is less than 1 and greater than 0, the TFP tends to decrease, as do
the four decomposed indexes of the Malmquist Productivity Index.

In this study, the agricultural value added was used as an agricultural output variable.
According to the characteristics of agricultural production, four agricultural input variables
were selected as shown in Table 1: (1) Area of agricultural land. The area of agricultural
land is denoted by agricultural land area, including arable land, paddy fields, permanent
crops, and pasture land. The data were collected from the World Bank World Development
Indicator (WDI) Database (available online: https://data.worldbank.org/indicator?tab=all
(accessed on 18 August 2022)) [70]. (2) Number of agricultural machinery. The number
of agricultural machinery is denoted by the total power of agricultural machinery, includ-
ing tractors, combined threshers, milking machines, and water pumps. The data were
collected from the United States Department of Agriculture (USDA) Database (available
online: https://www.ers.usda.gov/ (accessed on 18 August 2022)) [71]. (3) Number of
agricultural laborers. The number of agricultural laborers is denoted by the sum of the

https://data.worldbank.org/indicator?tab=all
https://www.ers.usda.gov/
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number of adult population engaged in agricultural activities. The data were collected
from the International Labour Organization (ILO) ILOSTAT Database (available online:
https://www.ilo.org/global/ (accessed on 18 August 2022)) [72]. (4) Usage of agricultural
fertilizers. The usage of agricultural fertilizers is denoted by the total amount of nitrogen,
phosphorus, and potassium fertilizers applied for agricultural production. The data on
fertilizers were collected from the Food and Agriculture Organization of the United Nations
(FAO) FAOSTAT Database (available online: https://www.fao.org/faostat/en/#data/IG
(accessed on 18 August 2022)) [73]. It was found that there were very significant differences
in the minimum and maximum of the agricultural output and input variables in the sample
countries during the sample period. Taking the agricultural value-added variable as an
example, the maximum was more than 10,000 times larger than the minimum.

Table 1. Agricultural output and input variables and their descriptive statistical results.

Variables Unit Data Sources Mean Minimum Maximum

Output Variable
Agricultural value added USD 100 million WDI Database 358 1 10,300

Input Variables
Area of agricultural land Square kilometers WDI Database 557,985 1090 5,290,000

Number of agricultural machinery 1000 metric horsepower USDA Database 39,162 183 15,19,077
Number of agricultural laborers People ILOSTAT Database 11,400,000 2514 364,000,000
Usage of agricultural fertilizers Tons FAOSTAT Database 2,525,197 9230 55,200,000

3.3. Baseline Model

This study builds the following panel data fixed effects model as the baseline model
to empirically explore the impact of agricultural GVC participation on agricultural TFP.

ln TFPc,i,t = α0 + α1 ln GVCc,i,t + α2 ln Zc,i,t + ui + λt + εc,i,t (9)

where c, i, and t denote the country c, industry i, and year t, respectively; TFP denotes
the agricultural TFP; GVC denotes the agricultural GVC participation; Z denotes the
control variables; α0 denotes the constant term; α1 and α2 denote the estimated values
of the coefficients of ln GVC and ln Z, respectively; ui and λt denote the individual and
time effects, respectively; and ε denotes the random error term. In order to avoid the
endogeneity problem, with reference to existing studies [74–77], six control variables as
shown in Table 2 that may affect agricultural TFP are selected in this study. The data of GDP,
OPEN, EDU and URB were collected from the World Bank WDI Database (available online:
https://data.worldbank.org/indicator?tab=all (accessed on 18 August 2022)); the data of
NAT were collected from the International Disaster Database (EM–DAT) (available online:
https://emdat.be/ (accessed on 18 August 2022)) [78]; and the data of GOV were collected
from the FAO FAOSTAT Database (available online: https://www.fao.org/faostat/en/
#data/IG (accessed on 18 August 2022)) [73].

Table 2. Control variables and their descriptive statistical results.

Variables Introduction Data Sources Mean Minimum Maximum

GDP Gross domestic product (GDP) per capita/USD 1000 WDI Database 14.426 0.034 105.214
OPEN Share of goods trade in GDP/% WDI Database 59.859 18.449 174.164
EDU Gross enrollment rate in tertiary education/% WDI Database 49.999 10.176 118.510
URB Share of the urban population in the total population/% WDI Database 67.356 20.656 97.514
NAT Number of people affected by natural disasters/10,000 people EM–DAT Database 0.941 0.0001 850.997
GOV Government expenditure in agriculture/USD 100 million FAOSTAT Database 24.853 2.413 950.507

3.4. Sample Countries

The data used to calculate GVC participation in this study were collected from the
OECD–TiVA Database (available online: https://stats.oecd.org/Index.aspx?DataSetCode=
TIVA_2021_C1 (accessed on 8 July 2022)). In the OECD–TiVA database, the Inter-Country

https://www.ilo.org/global/
https://www.fao.org/faostat/en/#data/IG
https://data.worldbank.org/indicator?tab=all
https://emdat.be/
https://www.fao.org/faostat/en/#data/IG
https://www.fao.org/faostat/en/#data/IG
https://stats.oecd.org/Index.aspx?DataSetCode=TIVA_2021_C1
https://stats.oecd.org/Index.aspx?DataSetCode=TIVA_2021_C1
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Input–Output (ICIO) tables were used to calculate trade value-added indicators covering
66 economies (including all OECD, EU, and G20 countries and most East and Southeast
Asian economies), and the data are available for 45 industries within a hierarchy based
on the International Standard Industrial Classification of All Economic Activities (ISIC)
Rev. 4 for the years 1995–2018. Some data for most economies during 1995–1999 are not
available. Considering the representativeness of countries and the completeness of data on
trade value-added indicators, this study selected 58 countries as sample countries covering
the years 2000–2018. By referring to the World Bank’s criteria for classifying countries by
gross national income (GNI) per capita calculated using the World Bank Atlas method
released in 2019 (available online: https://datahelpdesk.worldbank.org/knowledgebase/
articles/906519-world-bank-country-and-lending-groups (accessed on 22 July 2022)), the
58 sample countries were further classified into three income groups as shown in Table 3.

Table 3. Sample countries.

Income Groups GNI per Capita Countries

High-income countries
(36 countries) USD 12,375 or more

Australia, Austria, Belgium, Canada, Chile, Cyprus,
Czech Republic, Denmark, Estonia, Finland, France,
Germany, Greece, Iceland, Ireland, Israel, Italy, Japan,
Latvia, Netherlands, New Zealand, Norway, Poland,
Portugal, Republic of Korea, Saudi Arabia, Slovak
Republic, Slovenia, Spain, Switzerland, United
Kingdom, and the United States.

Upper-middle-income countries
(15 countries) Between USD 3996 and USD 12,374

Argentina, Brazil, Bulgaria, China, Colombia, Costa
Rica, Croatia, Hungary, Kazakhstan, Lithuania,
Luxembourg, Malaysia, Mexico, Peru, Romania, Russian
Federation, South Africa, Thailand, and Turkey.

Lower-middle-income countries
(7 countries) Between USD 1026 and USD 3995 Cambodia, India, Indonesia, Morocco, Myanmar,

Philippines, and Tunisia.

4. Results and Discussion
4.1. Analysis of Agricultural TFP Index and Its Decomposition Indices

Table 4 shows the descriptive statistical results of the agricultural TFP index and its
decomposition indices, which were measured by using the Data Envelopment Analysis
Program (DEAP) Version 2.1 developed by the Centre for Efficiency and Productivity
Analysis (CEPA) of University of Queensland. It is found that the mean of the TFP index
for the 58 sample countries from 2000–2018 was 1.016, which indicates that agricultural
TFP has risen annually by 1.6%. Among the 58 sample countries, the agricultural TFP index
showed an upward trend in 44 sample countries, such as Slovenia, Argentina, Norway, and
Myanmar, a downward trend in 13 sample countries, such as Japan, Thailand, and Malaysia,
and no change in Indonesia. In terms of the countries with different income levels, the
mean of the agricultural TFP index in lower-middle-income countries was greater than that
in high-income and upper-middle-income countries, and the mean of the agricultural TFP
index in high-income countries was greater than that in upper-middle-income countries.

In terms of the decomposition indices of the agricultural TFP index, for the 58 sample
countries from 2000–2018, the TEC index, the TC index, and the PTEC index increased
annually by 0.1%, 1.5%, and 0.1%, respectively, while the SEC index did not change
significantly. Specifically, the TEC index showed an upward trend in 23 sample countries,
such as Myanmar and Slovakia. The TC index showed an upward trend in 51 sample
countries, such as Argentina, Germany, France, and Belgium. The PTEC index showed
an upward trend in 18 sample countries, such as Myanmar, Chile, and Morocco. The
SE index showed an upward trend in 18 sample countries, such as Myanmar and Brazil.
Comparatively, the mean of the TC index was greater than the mean of the TEC index.
Therefore, the improvement in agricultural TFP in most of the 58 sample countries was
mainly dependent on agricultural technological progress.

https://datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
https://datahelpdesk.worldbank.org/knowledgebase/articles/906519-world-bank-country-and-lending-groups
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Table 4. Descriptive statistical results of agricultural TFP index and its decomposition indices.

Variables TFP Index TEC Index TC Index PTEC Index SEC Index

Mean 1.016 1.001 1.015 1.001 1.000
Minimum 0.950 0.957 0.964 0.960 0.957
Maximum 1.102 1.126 1.042 1.070 1.052

Standard deviation 0.028 0.027 0.016 0.019 0.013
Number of countries with values greater than 1 44 23 51 18 24

Mean in high-income countries 1.020 0.999 1.021 1.010 0.998
Mean in upper-middle-income countries 1.014 0.999 1.015 0.998 1.001
Mean in lower-middle-income countries 1.024 1.024 1.000 1.010 1.014

4.2. Baseline Model Estimates

The specification for the panel data model includes fixed and random effects, and the
Hausman test should be used to determine the optimal specification for the panel data
model. According to the results of the Hausman test presented in Table 5, it is found that
the value of χ2 was statistically significant at a 1% significance level, and its probability was
less than 1%, showing that the fixed effects specification was better than the random effects
specification, and this study adopted the fixed effects specification to estimate Equation (9).
According to the estimation results of fixed effects specification presented in Column (1), it
is found that the coefficient estimate of ln GVC was statistically significant and positive,
and when the value of agricultural GVC participation increases by 1%, the agricultural TFP
index increases by 0.333%. Therefore, by participating in agricultural GVCs, the agricultural
TFP of participants can be significantly improved, and thus the research hypothesis H1 is
validated. In order to further explore whether there is a nonlinear relationship between
agricultural GVC participation and agricultural TFP, the quadratic term of agricultural
GVC participation, represented by (ln GVC)2, was added to Equation (9). According to
the estimation results presented in Column (2), it is found that the coefficient estimate of
(ln GVC)2 was statistically significant and positive, showing that there was a U-shaped
relationship between agricultural GVC participation and agricultural TFP. At the initial
stage of participating in agricultural GVCs, its marginal effects on the agricultural TFP of
participants were negative, and when the value of agricultural GVC participation exceeded
a certain critical value, which was 0.21, its marginal effects on the agricultural TFP of
participants were positive. At the same time, according to the mean value (0.39) and
kernel density distribution as shown in Figure 2 of the agricultural GVC participation for
58 sample countries, it is found that most sample countries are located in the improvement
interval of agricultural TFP, and only about one-tenth of the sample countries are located in
the deterioration interval of agricultural TFP, which also verifies the U-shaped relationship
between agricultural GVC participation and agricultural TFP.

In the early stages of participating in agricultural GVCs, countries mainly engage in
labor-intensive and low-value-added links. With the development of the economy and the
accumulation of human capital and material capital, countries gradually shift to higher-
value-added links, which are often accompanied by positive spillovers in technology and
productivity and induce endogenous technological innovation in countries’ agricultural
sectors. But at the same time, with limitations in terms of agricultural resource endow-
ments, market institutions, and size, ability to absorb new knowledge and innovations,
and availability of agricultural credit, some countries are hindered from participating in
agricultural GVCs more deeply and are vulnerable to resistance from other countries in
the process of participating in agricultural GVCs [79]. As a result, the benefits obtained by
agricultural GVC participation are easily offset by the unfavorable specialization status
in agricultural GVCs [80], and thus prevent countries from improving agricultural TFP
by participating in agricultural GVCs. After a long period of knowledge, technology, and
capital accumulation, countries with a higher status of agricultural GVC participation are
equipped with more favorable resource conditions to participate in higher-value-added
links, which ultimately leads to the upgrading of their status of international specialization
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in agriculture [81], and then agricultural TFP is significantly improved accompanied with
deeper integration into agricultural GVCs.

Table 5. Estimation results of the baseline model.

Variables
Fixed Effects Random Effects

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

ln GVC 0.333 ***
(6.17)

0.528 ***
(5.75)

0.334 ***
(5.98)

0.429 ***
(5.83)

(ln GVC)2 0.106 *
(1.74)

0.027 *
(1.67)

Control variables yes yes yes yes
Fixed countries yes yes yes yes

Fixed years yes yes yes yes

Constant −0.382 **
(−2.30)

−0.521 **
(−2.28)

−0.113 ***
(−2.73)

−0.105 **
(−1.91)

Number of observations 1044 1044 1044 1044

Hausman test χ2 = 160.20 ***
[0.000]

Note: Numbers in parentheses are values of t-statistics; numbers in square brackets are values of probability; ***,
**, and * denote 1%, 5%, and 10% significance levels, respectively.
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Figure 2. The kernel density distribution of agricultural GVC participation of 58 sample countries.

4.3. Robustness Test Estimates

When estimating the baseline model, six control variables were employed to control
the endogeneity problem, but the empirical results were still possibly affected by some
unobservable factors, which may lead to non-robust and biased issues. Therefore, by
replacing the core explanatory variable, replacing the explainable variable, and narrowing
the data sample period, this study further tests the robustness of the baseline model
estimates. The results are shown in Table 6.

4.3.1. Replacing the Core Explanatory Variable

This study employed the agricultural GVC participation with a one-year lag and a two-
year lag represented by GVCt−1 and GVCt−2, respectively, to replace the agricultural GVC
participation in the current year represented by GVCt. According to the corresponding
estimation results under the fixed effects specification shown in Column (5) in Table 6,
it is found that both coefficient estimates of ln GVCt−1 and ln GVCt−2 were statistically
significant and positive, which is consistent with the baseline model estimates.
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Table 6. Estimation results of the robustness test.

Variables
Replacing the Core

Explanatory Variable
Replacing the

Explainable Variable
Narrowing the Data

Sample Period

(5) (6) (7)

ln GVCt
0.014 ***

(2.71)
0.339 ***

(6.36)

lnGVCt−1
0.531 ***

(4.96)

lnGVCt−2
0.412 ***

(3.65)
Control variables yes yes yes
Fixed countries yes yes yes

Fixed years yes yes yes

Constant −0.212 **
(−2.64)

−0.285 **
(−2.24)

−0.558 **
(−2.07)

F-statistic 18.71 ***
[0.000]

17.38 ***
[0.000]

28.23 ***
[0.000]

Note: Numbers in parentheses are values of t-statistics; numbers in square brackets are values of probability;
*** and ** denote 1% and 5% significance levels, respectively.

4.3.2. Replacing the Explainable Variable

This study employed the Solow residual method to recalculate the value of agricultural
TFP to replace the agricultural TFP measured using the DEA–Malmquist Index. According
to the corresponding estimation results under the fixed effects specification presented in
Column (6) in Table 6, it is found that the coefficient estimate of ln GVCt was statistically
significant and positive, which is consistent with the baseline model estimates.

4.3.3. Narrowing the Data Sample Period

Considering the possible impact of non-random factors and abnormal values of vari-
ables on the estimation results, this paper deleted the first 3% and last 3% data sample
periods. According to the corresponding estimation results in Column (7) in Table 6, it
is found that the coefficient estimate of ln GVCt was statistically significant and positive,
which is consistent with the baseline model estimates.

Therefore, the estimates of the above three robustness tests support the consistency
and validity of the baseline model estimates.

4.4. Heterogeneity Test Estimates
4.4.1. Heterogeneity Test of Income Levels

Considering the possible differences in the impact of agricultural GVC participation
on agricultural TFP in different countries with different income levels, this study divided
the sample countries into three income groups, including high-income, upper-middle-
income, and lower-middle-income countries. According to the estimation results shown
in Columns (8), (11), and (14) in Table 7, it is found that both coefficient estimates of the
ln GVCt of high-income and upper-middle-income countries were statistically significant
and positive, while that of lower-middle-income countries was not statistically significant.
Therefore, by participating in agricultural GVCs, agricultural TFP in high-income and
upper-middle-income countries was significantly improved, but agricultural TFP in lower-
middle-income countries was not.

Comparatively, agricultural TFP in lower-middle-income countries, characterized by
low development capacity and low technology uptake capacity [10,14], did not achieve
significant improvement by participating in agricultural GVCs. Lower-middle-income
countries are mainly involved in resource-intensive and labor-intensive links with rela-
tively low value added in agricultural GVCs [1,2], have difficulty in accessing advanced
technologies [82,83], and are more susceptible to GVC governance modes as well as control
ability and power asymmetry in GVCs [84]. At the same time, the coefficient estimate
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of the ln GVCt of upper-middle-income countries was larger than that of high-income
countries, which indicates that the role of participating in agricultural GVCs in improving
agricultural TFP in upper-middle-income countries was stronger than that in high-income
countries. The possible reason is that upper-middle-income countries have access to both
technological spillovers from high-income countries and sufficient and low-cost labor from
lower-middle-income countries [85]. These findings also support that there is a U-shaped
relationship between agricultural GVC participation and agricultural TFP.

Table 7. Estimation results of heterogeneity in countries with different income levels.

Variables
High-Income Countries Upper-Middle-Income Countries Lower-Middle-Income Countries

(8) (9) (10) (11) (12) (13) (14) (15) (16)

ln GVCt
0.322 ***

(7.31)
0.349 ***

(2.83)
−0.036
(−1.36)

ln GVC f ,t
0.057 **
(2.36)

0.030 **
(2.43)

−0.110
(−0.07)

ln GVCb,t
0.037 **
(2.32)

0.034 **
(2.22)

0.003 *
(1.75)

Control variables yes yes yes yes yes yes yes yes yes

Constant
−0.320

**
(−2.26)

−0.377 **
(−2.02)

−1.862
**

(−2.11)

−0.411 **
(−2.43)

0.083 **
(2.25)

−0.051 **
(−2.06)

−0.360 **
(−2.16)

−0.553
**

(−2.26)

−0.528 **
(−2.09)

Fixed countries yes yes yes yes yes yes yes yes yes
Fixed years yes yes yes yes yes yes yes yes yes

F-statistic 17.63 ***
[0.000]

8.24 ***
[0.000]

7.61 ***
[0.000]

23.21 ***
[0.000]

28.23 ***
[0.000]

27.61 ***
[0.000]

28.05 ***
[0.000]

18.43 ***
[0.000]

17.56 ***
[0.000]

Note: Numbers in parentheses are values of t-statistics; numbers in square brackets are values of probability;
***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

4.4.2. Heterogeneity Test of Pathways to Participating in Agricultural GVCs

In order to explore the heterogeneity of the impact of different pathways to participate
in agricultural GVCs on agricultural TFP, both forward and backward agricultural GVC par-
ticipation were used to replace agricultural GVC participation in Equation (9). According
to estimation results shown in Columns (17) and (18) in Table 8, it is found that coefficient
estimates of ln GVC f ,t and ln GVCb,t were 0.046 and 0.071, respectively, both of which were
statistically significant and positive. Therefore, both forward and backward agricultural
GVC participation were conducive to improving agricultural TFP, and the impact of the lat-
ter was stronger than that of the former. Forward agricultural GVC participation promotes
the improvement in agricultural TFP mainly by absorbing technology and knowledge
spillovers in home countries, while backward agricultural GVC participation promotes the
improvement in agricultural TFP mainly by accessing high-quality intermediate inputs
to promote specialized production and export of high-quality agricultural products [86].
Therefore, the research hypothesis H4 is verified.

This study further explored the impact of countries with different income levels partic-
ipating in agricultural GVCs in different pathways on their agricultural TFP. According to
the estimation results shown in Columns (9), (10), (12), and (13) in Table 7, it is found that
coefficient estimates of the ln GVC f and the ln GVCb of high-income and upper-middle-
income countries were statistically significant and positive, indicating that both forward
and backward agricultural GVC participation contribute to the improvement in agricultural
TFP in high-income and upper-middle-income countries. According to the estimation re-
sults shown in Columns (15) and (16) in Table 7, it was found that, for lower-middle-income
countries, a coefficient estimate of ln GVCb was statistically significant and positive, but
that of ln GVC f was not statistically significant, indicating that the role of agricultural GVC
participation in promoting agricultural TFP in lower-middle-income countries relies on
backward agricultural GVC participation.
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Table 8. Estimation results of heterogeneity of pathways to participating in agricultural GVCs.

Variables
Forward Agricultural

GVC Participation
Backward Agricultural

GVC Participation

(17) (18)

lnGVCf
0.046 **
(2.25)

lnGVCb
0.071 **
(2.07)

Control variables yes yes

Constant −0.623 **
(−2.12)

−0.697 **
(−2.15)

Fixed countries yes yes
Fixed years yes yes

F-statistic 12.60 ***
[0.000]

13.21 ***
[0.000]

Note: Numbers in parentheses are values of t-statistics; numbers in square brackets are values of probability;
*** and ** denote 1% and 5% significance levels, respectively.

With a mature domestic market and strong control over the upstream and downstream
of industrial chains, high-income countries could maintain their position and high earnings
in agricultural GVCs [87]. Upper-middle-income countries may have easier access to tech-
nology spillovers and market competition effects, leading to improvement in agricultural
TFP. Relying on the advantages of low-cost labor and sufficient agricultural resources to
participate in agricultural GVCs [88], lower-middle-income countries can access a rich vari-
ety of intermediate goods abroad, promote the transformation of production technology
in the downstream sector, increase labor productivity and produce more diversified end
products [89,90], and then promote the improvement in agricultural TFP. Therefore, the
improvement in agricultural TFP in lower-middle-income countries is mainly through the
backward agricultural GVC participation. Undertaking production outsourcing requires
a certain technological foundation [91], and coupled with low self-absorption capacity,
the impact of technology spillover on agricultural TFP in lower-middle-income countries
is relatively limited [92]. Lower-middle-income countries also easily rely too much on
introduced technology, which is not conducive to the cultivation and development of local
enterprises’ self-innovation capabilities [93,94].

4.5. Mediation Effects Test
4.5.1. Technology Spillover Effects Test

In order to test the impact of agricultural GVC participation on agricultural TFP
through technological spillover effects, by referring to Wen et al. [95] and selecting FDI as
the intermediary variable, the following mediation effects test models were built:

ln FDIc,i,t = β0 + β1 ln GVCc,i,t + β2 ln Zc,i,t + β3 ln GVCc,i,(t−1) + εc,i,t (10)

ln TFPc,i,t = φ0 + φ1 ln GVCc,i,t + φ2 ln Zc,i,t + φ3 ln GVCc,i,(t−1) + ϕ ln FDI + εc,i,t (11)

According to Wen and Ye [89], when the estimates of β1 in Equation (10) and φ1 and
φ2 in Equation (11) are statistically significant, and the absolute value of the estimate of β1
in Equation (11) is less than that of α1 in Equation (9), it can be considered that a portion
of the impact of agricultural GVC participation on agricultural TFP is realized through
technology spillover effects.

According to the estimation results shown in Column (19) in Table 9, it is found that
the coefficient estimate of ln GVC was statistically significant and positive, which indicates
that increased agricultural GVC participation can significantly promote the increase in
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FDI. According to estimation results presented in Column (20) in Table 9, it is found that
coefficient estimates of ln GVC and ln FDI were statistically significant and positive, and
the absolute value of the former was less than that of the coefficient estimate of ln GVC in
Column (1) in Table 5. Therefore, technology spillover effects have significant mediating
effects on the impact of agricultural GVC participation in agricultural TFP, which means that
agricultural GVC participation can significantly promote the improvement in agricultural
TFP through technology spillover effects, and thus the research hypothesis H2 is verified.

Table 9. Estimation results of technology spillover and resource allocation effects.

Variables

Technology Spillover Effects Resource Allocation Effects

lnFDI lnTFP ln(K/L) lnTFP

(19) (20) (21) (22)

lnGVC 0.028 **
(2.25)

0.321 **
(2.38)

0.097 **
(2.22)

0.327 **
(2.44)

lnFDI 0.045 **
(2.01)

ln(K/L) 0.023 **
(2.09)

Control variables yes yes yes yes

Constant 7.291 *
(1.90)

0.650 ***
(2.86)

−6.531 ***
(−6.28)

−0.516 **
(2.33)

Fixed countries yes yes yes yes
Fixed years yes yes yes yes

F-statistic 217.60 ***
[0.000]

23.20 ***
[0.000]

328.05 ***
[0.000]

24.50 ***
[0.000]

Note: Numbers in parentheses are values of t-statistics; numbers in square brackets are values of probability;
***, **, and * denote 1%, 5%, and 10% significance levels, respectively.

4.5.2. Resource Allocation Effects Test

In order to test the impact of agricultural GVC participation on agricultural TFP
through resource allocation effects, by referring to Kemeny [96] and selecting agricultural
capital stock per capita represented by the ratio of agricultural capital stock to number
of adult population engaged in agricultural activities as the intermediary variable, the
following mediation effects test models were built:

ln(Kc,i,t/Lc,i,t) = ψ0 + ψ1 ln GVCc,i,t + ψ2 ln Zc,i,t + ψ3 ln GVCc,i,(t−1) + εc,i,t (12)

ln TFPc,i,t = ζ0 + ζ1 ln GVCc,i,t + ζ2 ln Zc,i,t + ζ3 ln GVCc,i,(t−1) + ω ln(Kc,i,t/Lc,i,t) + εc,i,t (13)

where K denotes the agricultural capital stock; L denotes the number of adult population
engaged in agricultural activities. The data of K were collected from the FAO’s FAOSTAT
database (available online: https://www.fao.org/faostat/en/#data/CS (accessed on 18
August 2022)), and the data of L were collected from the ILO’s ILOSTAT Database (available
online: https://www.ilo.org/inform/online-information-resources/databases/stats/lang-
-en/index.htm (accessed on 18 August 2022)).

According to the estimation results shown in Column (21) in Table 9, it is found
that the coefficient estimate of ln GVC was statistically significant and positive, which
indicates that increased agricultural GVC participation could significantly promote the
increase in agricultural capital stock per capita. According to the estimation results shown
in Column (22) in Table 9, it is found that coefficient estimates of ln GVC and ln(K/L)
were statistically significant and positive, and the absolute value of the former is less than
that of the coefficient estimate of ln GVC in Column (1) in Table 5. Therefore, the resource
allocation effects have a significant mediating effect on the impact of agricultural GVC
participation on agricultural TFP, which shows that agricultural GVC participation can

https://www.fao.org/faostat/en/#data/CS
https://www.ilo.org/inform/online-information-resources/databases/stats/lang--en/index.htm
https://www.ilo.org/inform/online-information-resources/databases/stats/lang--en/index.htm
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significantly promote the improvement in agricultural TFP through resource allocation
effects, and thus the research hypothesis H3 is verified.

5. Conclusions and Policy Implications
5.1. Conclusions

This study is the first to systematically explore the theoretical mechanisms of agricul-
tural GVC participation affecting agricultural TFP. By using the 2000–2018 panel data of
58 sample countries, we quantitatively estimated the impact of agricultural GVC participa-
tion on agricultural TFP and conducted a robustness test. This study shows that agricultural
GVC participation not only may have a direct impact on agricultural TFP through produc-
tion specialization effects, production scale effects, and market competition effects, but
may also have an indirect impact on agricultural TFP through technology spillover effects
and resource allocation effects. Estimates from the baseline model indicated a U-shaped
relationship between agricultural GVC participation and agricultural TFP, which means
that the initial stages of agricultural GVC participation negatively impact agricultural
TFP; furthermore, beyond a certain threshold of agricultural GVC participation, agricul-
tural TFP tends to improve. Estimates from the heterogeneity test indicated that through
participating in agricultural GVCs, the agricultural TFP in high-income and upper-middle-
income countries was significantly improved, but that in lower-middle-income countries
was not. Both forward and backward agricultural GVC participation was conducive to
improving agricultural TFP in high-income and upper-middle-income countries, while
only backward agricultural GVC participation was conducive to improving agricultural
TFP in lower-middle-income countries. Agricultural GVC participation could significantly
promote the improvement in agricultural TFP through technology spillover effects and
resource allocation effects. The empirical findings from the robustness test indicated that
baseline model estimates were robust and valid. The empirical findings also verified the
four research hypotheses.

5.2. Policy Implications

According to the above research conclusions, this study develops the following policy
enlightenments: First, existing comparative advantages in participating in international
specialization in agricultural GVCs should be fully exploited to promote the formation
of more advanced production technologies and better human capital in agriculture. The
utilization efficiency of domestic and international agricultural resources should be im-
proved through continuous upgrading of international specialization status in agricultural
GVCs. Second, the perfect agricultural industry chain system covering R&D, production,
processing, logistics, and trade should be built to promote the formation of a larger agri-
cultural market and enhance the agricultural market power participating in agricultural
GVC. Third, the technology spillover effects of participating in agricultural GVCs should
be maximized, so as to better actively learn advanced agricultural technology knowledge,
management and marketing experience, and promote agricultural technology innovation
and improvement in agricultural TFP through “learning by doing”. Fourth, the pathways
to participating in agricultural GVCs for each country should be optimized to maximize the
possible benefits. For lower-middle-income countries, when participating in international
agricultural specialization through forward agricultural GVC participation, it is neces-
sary to improve the system of agricultural education, R&D and extension, and increase
investment in agricultural R&D. At the same time, lower-middle-income countries should
promote opening up to fully absorb and utilize international agricultural resources. Fur-
thermore, lower-middle-income countries should break the obstacles faced by international
resource and technology exchange and promote the upgrading of domestic agricultural
technology. And then, the transformation from “backward agricultural GVC participation”
to “forward agricultural GVC participation” can be realized in lower-middle-income coun-
tries as soon as possible to avoid the “low-end dilemma”. Fifth, the global cooperation on
innovation and application in agricultural technology, such as that within the framework
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of the Consultative Group on International Agricultural Research (CGIAR), needs to be fur-
ther strengthened so as to facilitate the faster diffusion of advanced agricultural technology
worldwide, simultaneously.

5.3. Limitations

This study has a few limitations. First, considering the availability and completeness
of the data, 58 countries covering the years 2000–2018 were chosen as the research sample
in this study. The lack of low-income countries in sample countries and the latest data
in sample data may reduce the representativeness and timeliness of the empirical find-
ings in this study. Second, when analyzing the impact mechanism of agricultural GVC
participation on agricultural TFP, there are still some possible impact pathways that have
not been considered, such as the industrial structure transformation of agricultural and
non-agricultural sectors. Third, when empirically estimating the impact of agricultural
GVC participation on agricultural TFP, this study selected six quantifiable control variables;
however, we cannot control for all possible influencing factors, which may reduce the
robustness of empirical findings. These limitations need to be addressed in future studies.
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