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Abstract

Existing research on overseas farmland investment has mainly examined project location, 
investment scale, host-country determinants, and individual dimensions of investment 
risk, while comparatively little is known about how the country-level risk environment 
confronting overseas agricultural investors evolves spatially, differs across regions, and con-
verges over time. To address this gap, this study conceptualizes China’s overseas farmland 
investment risk as an ex ante country-level investment-environment risk jointly shaped by 
host-country political, economic, social, and resource conditions and China–host-country 
bilateral relations. Using panel data for 38 host countries from 2014 to 2023, we integrate 
entropy weighting, exploratory spatial data analysis, kernel density estimation, Markov-
chain analysis, Dagum Gini decomposition, and convergence models. The results reveal 
substantial spatial and regional heterogeneity in investment risks, together with strong per-
sistence in both low- and high-risk states. Overall regional inequality exhibits a fluctuating 
downward tendency, with interregional differences constituting the largest component of 
total inequality. Risk dispersion follows a nonlinear temporal path, while the β-convergence 
results indicate heterogeneous adjustment toward steady states across regions. Theoreti-
cally, this study extends overseas farmland investment research from static project-location 
analysis toward a dynamic framework linking host-country conditions, bilateral relations, 
spatial dependence, and risk convergence. Empirically, it provides cross-regional evidence 
on the evolution, decomposition, and convergence of investment risk across four regions. 
Practically, the findings support differentiated risk governance by Chinese authorities, 
investing enterprises, host-country governments, and regional institutions.

Keywords: overseas farmland investment; host-country institutions; spatial spillovers; 
Dagum Gini decomposition; risk governance

1. Introduction
China’s overseas farmland investment represents a strategic response to the globaliza-

tion of agricultural resources, enabling the utilization of international farmland resources 
to enhance national food security and serving as an important pathway for promoting coor-
dinated development within the domestic and global economic cycles [1,2]. Since China’s 
accession to the World Trade Organization (WTO) in 2001, the country’s agricultural sector 
has become increasingly integrated into the global agri-food system, accompanied by a rapid 
expansion in the scale and capacity of agricultural enterprises pursuing internationalization 
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strategies. According to the Land Matrix database, by March 2026, a total of 7644 transna-
tional farmland investment deals had been completed worldwide, involving approximately 
74.3 million hectares of land, with investments primarily concentrated in Africa, South 
America, Central and Eastern Europe, and Asia. Overseas farmland investment and its 
implications have attracted extensive scholarly attention [3,4]. Existing studies on overseas 
farmland investment risks have primarily focused on their theoretical foundations, risk 
assessment and determinants, as well as regional variations in risk evolution.

Regarding the theoretical foundations, scholarly understanding of overseas farmland 
investment risks has been continuously deepened with the refinement of risk categories 
and the introduction of relevant theories. International scholars were the first to investigate 
regional disparities in overseas farmland investment [5–7], as well as associated risks and 
benefits [8–15]. Driven by global energy demand, food security concerns, and financial 
incentives, overseas farmland investment has expanded rapidly, generating corresponding 
investment risks associated with host countries’ resource endowments, market conditions, 
agricultural infrastructure, as well as cultural and political interactions between host and 
investing countries [16–19]. Chinese scholars have further refined the classification of 
overseas farmland investment risks. For example, some studies categorize these risks into 
host country selection risks, investment information risks, political risks, and international 
ethical risks [20]. Other scholars have further differentiated the roles of participating 
stakeholders and applied game-theoretic approaches to provide indirect evidence regarding 
the sources of investment risks [21].

In terms of risk assessment and determinants, some scholars have employed the an-
alytic hierarchy process (AHP) to evaluate the relative weights of five risk categories, 
including technological, resource, ethical, force majeure, and political risks, from the per-
spectives of investors and external environments [22]. Other studies have employed the 
fuzzy comprehensive evaluation method to assess strategic risks associated with overseas 
farmland investment [23]. Some scholars have also applied the coupling coordination 
degree model [24] and grey relational analysis [25] to examine investment scale and invest-
ment potential, thereby indirectly assessing investment risks. Other scholars have integrated 
spatial analysis methods, gravity models [26], and spatial econometric approaches [27] 
to examine the determinants across regions. Their findings indicate that internal factors 
of host countries have become important drivers influencing the development of China’s 
overseas farmland investment, which is jointly shaped by geopolitical, geoeconomic, and 
geocultural factors [28,29].

Regarding regional risk evolution, investment risks evolve alongside the relocation of 
investment projects. Some scholars have employed exponential random graph models to 
update and summarize the evolution of global overseas farmland investment networks [30]. 
Studies have shown that global overseas farmland investment expanded continuously 
from 2000 to 2020. Developed countries and emerging economies have been the primary 
investors, while investment hotspots have shifted from Africa and Southeast Asia toward 
Latin America and Eastern Europe, providing important directions for identifying and 
mitigating emerging investment risks.

Some empirical studies have also examined the impacts of China’s overseas farm-
land investment on host countries’ environmental quality and the underlying transmission 
mechanisms, suggesting that such investments can improve environmental quality in host 
countries [31]. Additionally, at the levels of host country technological development and 
external agricultural shocks, existing studies have mainly examined the roles of the digital 
economy [32], e-commerce [33], and sudden social security events [34]. The findings indi-
cate that smaller Belt and Road countries face greater challenges in achieving technological 
catch-up compared with larger countries along the route; e-commerce can synergistically 
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promote farmers’ income growth with digital finance; and the occurrence of sudden social 
security events in importing countries suppresses agricultural trade between Belt and Road 
countries and China.

Despite these advances, three questions remain insufficiently addressed. First, existing 
studies have largely examined the location, scale, determinants, or individual dimensions 
of overseas farmland investment, leaving limited evidence on how the overall country-level 
investment-risk environment evolves over time and across space. Second, although previous 
research has documented geographical differences in overseas farmland investment, the 
extent to which total risk inequality originates from within-region differences, between-
region differences, or cross-regional distributional overlap remains unclear. Third, little 
is known about whether cross-country differences in overseas farmland investment risk 
persist, diverge, or converge over time and whether such adjustment exhibits regional 
heterogeneity. These gaps limit both theoretical understanding of the spatial evolution of 
investment risk and the design of differentiated risk-governance strategies.

Accordingly, this study addresses three research questions. How did the country-level 
risk environment associated with China’s overseas farmland investment evolve spatially 
and temporally between 2014 and 2023, and to what extent did risk states exhibit spatial 
dependence and persistence? How large were the disparities in investment risk across the 
four study regions, and what proportions of total inequality were attributable to intrare-
gional differences, interregional differences, and transvariation? Did overseas farmland 
investment risks exhibit σ- and β-convergence, and how did convergence patterns differ 
across regions after accounting for relevant host-country characteristics?

This study makes three contributions. Theoretically, it conceptualizes overseas farm-
land investment risk as a dynamic country-level investment environment jointly associated 
with host-country political, economic, social, and resource conditions and bilateral rela-
tions with China, thereby extending the literature beyond static project-location analysis. 
Empirically, it links spatial evolution, state transition, regional inequality decomposition, 
and convergence analysis using a panel of 38 host countries across Africa, Latin Amer-
ica, Asia, and Central and Eastern Europe. This enables the study to identify not only 
where risk differs, but also how these differences evolve and whether they persist or nar-
row over time. Practically, the resulting evidence provides a basis for differentiated risk 
governance by Chinese authorities, investing enterprises, host-country governments, and 
regional institutions.

2. Theoretical Framework and Indicator System Development
2.1. Conceptualization of Risk Evolution

This study examines investment-environment risks associated with China’s overseas 
farmland investment at the country-year level. These risks arise from the host-country 
political, economic, social, and agricultural resource conditions, together with bilateral 
relations with China, that may adversely affect the establishment and continued operation 
of farmland investments. This perspective is relevant because farmland investment depends 
on location-specific land and water resources, involves long investment horizons, and is 
sensitive to land rights and local social conditions [35–39]. Nevertheless, country-level 
indicators describe the external environment shared by investments in a host country and 
cannot capture the full risk profile of an individual project.

Existing studies have demonstrated that internal factors of host countries are impor-
tant determinants of China’s overseas farmland investment development. Meanwhile, the 
development of China’s overseas farmland investment is influenced by the geopolitical, 
geoeconomic, and geocultural relationships between host and investing countries [27,40]. 
In addition, China has actively established international economic cooperation initiatives, 
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such as the Silk Road Economic Belt, the 21st Century Maritime Silk Road, and the China–
ASEAN Free Trade Area, which have enhanced trade cooperation and food consumption 
complementarity between China and participating countries, while also influencing bi-
lateral geopolitical relationships. Therefore, this study constructs the indicator system 
from two dimensions: the host country level and the relationship between investing and 
host countries.

The stakeholders involved in overseas farmland investment include investing countries 
and host countries. The stakeholders in investing countries can be further divided into 
investing enterprises and governments, while those in host countries consist of landowners 
and governments [41]. These actors simultaneously serve as suppliers and demanders in 
both factor and product markets, forming an industrial chain characterized by internal and 
external circulation. In this study, China is taken as the representative investing country. 
Chinese enterprises act as upstream grain suppliers for the Chinese government and domes-
tic grain markets in the product market. For host country landowners, Chinese enterprises 
serve as downstream participants in the agricultural production process while also function-
ing as suppliers of factors such as technology and capital in the factor market. Host country 
landowners exchange land, labor, and other factor endowments for capital and technology 
provided by investing enterprises, thereby achieving complementary advantages and Pareto 
improvements between the two parties.

The Chinese and host country governments provide public goods and tax incentives. 
Within their respective domestic contexts, both governments improve the business envi-
ronment and balance the interests of different sectors by supplying public goods, such as 
national defense and transportation infrastructure, thereby creating secure and efficient 
environments for production and transactions. However, because many public goods do 
not fully satisfy the principles of excludability and rivalry, governments must also regulate 
market externalities through policy instruments such as tax incentives to balance economic 
efficiency with environmental sustainability. In the context of overseas farmland investment, 
the Chinese government employs positive tax incentives (e.g., subsidies) to encourage Chi-
nese enterprises to expand overseas, thereby supporting national food security objectives. 
Meanwhile, host country governments utilize tax incentives and credit subsidies to increase 
agricultural employment, improve economic development and environmental conditions, 
and apply negative tax incentives to raise the costs of polluting enterprises and promote 
industrial restructuring.

Internationally, investing and host country governments reduce transaction costs, im-
prove industrial chains, and achieve economies of scale by establishing economic cooperation 
corridors and signing trade agreements. For example, China’s Belt and Road Initiative connects 
countries across Africa, Asia, Central and Eastern Europe, and Latin America, facilitating new 
forms of infrastructure cooperation, trade and investment partnerships, poverty reduction 
initiatives, and technological and cultural exchanges among participating countries.

Accordingly, this study constructs an indicator system covering host-country political 
institutions, economic development, social stability, resource endowments, and bilateral 
relations with China to assess investment-environment risks associated with China’s over-
seas farmland investment. The resulting index provides a country-level basis for comparing 
investment destinations and examining changes over time, while project-specific risk as-
sessment requires additional information on land tenure, contractual arrangements, site 
conditions, and enterprise capabilities [42,43].

2.2. Construction of the Risk Assessment System
This study constructs an overseas farmland investment risk assessment system across 

five dimensions: political institutions, economic development, social stability, resource en-
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dowments, and bilateral relations [44]. Political institution indicators capture host-country 
policy stability, governance capacity, and legal safeguards; stronger governance generally 
helps reduce policy uncertainty and institutional transaction costs [45–48]. Economic de-
velopment indicators reflect macroeconomic stability, market conditions, and economic 
freedom. Indicators such as inflation, exchange rates, external debt, and debt repayment 
capacity are measured using ICRG scores rather than the raw values of the corresponding 
economic variables, with higher scores indicating lower risk. Tax burden is measured using 
the IEF score, for which higher values indicate a lighter tax burden and are expected to 
reduce investment risk by easing firms’ cost pressures. Social stability indicators capture 
public safety, employment, property rights protection, and infrastructure conditions [49,50]. 
Public safety is measured by the intentional homicide rate, with higher values indicating 
greater threats to personnel and property.

Resource endowment indicators capture the agricultural production base and the 
availability of production inputs. Agricultural scale is measured by agricultural value added 
as a share of GDP, while agricultural foundation is measured by agricultural raw material 
imports as a share of merchandise imports. The latter serves as a proxy for reliance on 
external raw materials, with a higher share expected to indicate greater supply uncertainty. 
Land, water, and agricultural labor endowments reflect the availability of agricultural 
production inputs, while cereal yield jointly reflects land quality and production technology. 
Other things being equal, more abundant inputs and greater production capacity are 
expected to mitigate operational risk. Bilateral political relations capture political proximity 
between China and the host country, with more favorable relations expected to reduce 
investment risk by easing cooperation barriers and policy uncertainty. These directions 
represent the expected relationships adopted in this study based on institutional transaction 
costs, operating costs, and resource availability; they do not imply a uniform causal effect 
across all contexts. The indicators, data sources, and directional attributes used to construct 
the risk index are summarized in Table 1.

Table 1. Indicators for Measuring Overseas Farmland Investment Risk Evolution.

Dimensions Indicator Name Data Source Attribute

Political
Institutions

Government
Stability ICRG −

Government
Effectiveness WGI −

Control of
Corruption WGI −

Regulatory
Quality WGI −

External Conflicts ICRG −
Internal Conflicts ICRG −

Military
Intervention in

Politics
ICRG −

Law and Order ICRG −
Democratic Accountability ICRG −

Bureaucracy ICRG −
Government Integrity IEF −
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Table 1. Cont.

Dimensions Indicator Name Data Source Attribute

Economic
Development

Inflation ICRG −
Exchange Rate Level ICRG −
External Debt Scale ICRG −

Debt Repayment Capacity ICRG −
Balance of Payments ICRG −

Economic Scale WDI −
Economic Growth Rate ICRG −

Tax Burden IEF −
Business Freedom IEF −

Investment Freedom IEF −
Monetary Freedom IEF −

Trade Freedom IEF −

Social
Stability

Social Environment ICRG −
Social Safety WDI +

Religious Conflicts ICRG −
Rule of Law WGI −

Unemployment Conditions WDI +
Transportation Infrastructure Level WDI −

Property Rights Protection IEF −
Labor Freedom IEF −
Education Level WDI −

Communication Infrastructure
Level WDI −

Resource
Endowments

Agricultural Scale WDI −
Agricultural
Foundation WDI +

Farmland
Resource

Endowment
WDI −

Agricultural Water Resource Endowment WDI −
Agricultural Labor Endowment WDI −

Farmland Quality WDI −
Labor Cost WDI −

Bilateral Relations Bilateral Political Relations United Nations +

It should be emphasized that the risk index constructed in this study measures country-
level ex ante investment-environment risk rather than realized project-level risk. Specifically, 
it captures the external political, economic, social, resource, and bilateral conditions to 
which Chinese farmland investors are exposed when entering or operating in a host country. 
Therefore, a higher risk score should not be interpreted as evidence that a specific Chinese 
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agricultural project has failed or incurred financial losses. Instead, it represents a less 
favorable external environment for overseas farmland investment.

3. Research Methods and Data Sources
3.1. Analytical Framework

This study employs the entropy weight method, kernel density estimation, exploratory 
spatial data analysis (ESDA), Markov chain approach, Dagum Gini coefficient decompo-
sition, and convergence models. Specifically: (1) Based on indicators covering political 
institutions, economic development, social stability, resource endowments, and bilateral 
relations, the entropy weight method is applied to measure the level of overseas farmland 
investment risks across four continents. (2) ESDA is employed to examine the spatiotempo-
ral evolution characteristics of overseas farmland investment risks, including global and 
local spatial autocorrelation. Global spatial autocorrelation evaluates the overall spatial 
pattern by comparing the similarity of observations across neighboring locations, whereas 
local spatial autocorrelation identifies the extent to which individual units conform to the 
overall spatial trend [51]. (3) The Markov chain approach is used to estimate the probabili-
ties of risk levels remaining in their current states or transitioning between states across 
the four continents, and to predict the future distribution of national risk levels under 
a steady-state condition [52]. (4) The Dagum Gini coefficient decomposition method is 
applied to investigate regional disparities in overseas farmland investment risks across the 
four continents, decomposing overall inequality into intraregional disparities, interregional 
disparities, and transvariation intensity. (5) Convergence models are adopted to reveal the 
evolutionary trends of spatial heterogeneity in overseas farmland investment risks across 
the four continents. Specifically, σ-convergence and β-convergence are examined. The 
coefficient of variation is used to assess σ-convergence, with a decline indicating reduced 
dispersion in investment-environment risk scores across countries. β-convergence examines 
whether countries with higher initial risk scores subsequently experience lower growth 
rates in those scores [53]. Detailed methodologies are presented in Table 2.

The study adopts a binary contiguity matrix to define spatial relationships among the 
sample countries. Let (A = (aij )) denote the unstandardized matrix. For (I ≠ j), (aij ) = 1 if 
countries (i) and (j)share a common border, and (aij ) = 0 otherwise. Diagonal elements 
are set to zero, so that (aii ) = 0.

For rows with a positive sum, the spatial weights matrix (W = (wij )) is obtained 
through row standardization:

𝑤𝑖𝑗 =
𝑎𝑖𝑗

𝑁
∑
𝑖=1

𝑎𝑖𝑗

,
𝑁

∑
𝑖=1

𝑎𝑖𝑗 > 0,

where (N) denotes the number of countries included in the matrix. Each nonzero row 
therefore sums to one, while weights between countries without a common border remain 
zero. For a country with contiguous sample neighbors, its spatial lag represents the mean 
value of the variable across those neighbors. The spatial results are conditional on this 
contiguity specification, as sensitivity to an alternative spatial weights matrix has not been 
assessed [54].
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Table 2. Research Methods.

Measurement
Approaches Models Calculation Formulas Model Interpretations

Entropy Weight
Method

Standardization
Positive: 𝑎𝑖𝑗 = (𝑥𝑖𝑗 − 𝑥𝑖𝑗min)/(𝑥𝑖𝑗max − 𝑥𝑖𝑗min)

Hj  denotes the entropy value 
of the j-th indicator

n is the number of countries; 
Pij  represents the proportion 
of the j-th indicator value for 

the i-th country; aij  is the 
standardized value of the j-th 
indicator for the i-th country; 

m stands for the number 
of indicators.

Negative: 𝑎𝑖𝑗 = (𝑥𝑖𝑗 − 𝑥𝑖𝑗min)/(𝑥𝑖𝑗max − 𝑥𝑖𝑗min)

Entropy Value 𝐻𝑗 = −1/ ln 𝑛
𝑛

∑
𝑖=1

𝑃𝑖𝑗 ln 𝑃𝑖𝑗, 𝑃𝑖𝑗 = 𝑎𝑖𝑗/
𝑛

∑
𝑖=1

𝑎𝑖𝑗

Redundancy 𝑑𝑗 = 1 − 𝐻𝑗

Weight 𝑤𝑗 = 𝑑𝑗/
𝑚
∑

𝑗
𝑑𝑗

Score 𝑈𝑖 =
𝑚
∑
𝑗=1

𝑎𝑖𝑗𝑤𝑗

Exploratory
Spatial Data 

Analysis
(ESDA)

Global Spatial 
Autocorrelation

𝐺𝑙𝑜𝑏𝑎𝑙 − 𝑀𝑜𝑟𝑎𝑛’𝑠𝐼 =
𝑛

𝑛
∑
𝑖=1

𝑛
∑
𝑗=1

𝑤𝑖𝑗(𝑥𝑖−𝑥)(𝑥𝑗−𝑥)

𝑛
∑
𝑖=1

𝑛
∑
𝑗=1

𝑤𝑖𝑗
𝑛
∑
𝑖=1

(𝑥𝑖−𝑥)2

n denotes the sample size; xi 
and xj  represent the 

investment-risk scores of 
country i and country j, 

respectively; wij  stands for the 
spatial weight matrix.

Local Spatial 
Autocorrelation

𝐿𝑜𝑐𝑎𝑙 − 𝑀𝑜𝑟𝑎𝑛’𝑠𝐼 =
𝑛(𝑥𝑖−𝑥)

𝑛
∑
𝑗=1

𝑤𝑖𝑗(𝑥𝑗−𝑥)

𝑛
∑
𝑖=1

(𝑥𝑖−𝑥)2

Kernel Density Estimation 𝑓𝑘 =
1

𝑁ℎ
𝑁
∑
𝑖=1

𝐾(
𝑋𝑖 − 𝑥

ℎ )

N denotes the number of 
observations, h is the 

bandwidth; Xi  represents the 
observed value; K(·)is the 

kernel function.

Markov Chain Approach 𝑃{𝑋(𝑡) = 𝑗|𝑋(𝑡 − 1) = 𝑖𝑡−1, 𝑋(𝑡 − 2) = 𝑖𝑡−2, … , 𝑋(0) = 𝑖0}
= 𝑃{𝑋(𝑡) = 𝑗|𝑋(𝑡 − 1) = 𝑖𝑡−1} = 𝑃𝑖𝑗

Dagum Gini 
Coefficient

Decomposition 
Method

Overall Disparity 𝐺 =
𝑘

∑
𝑗=1

𝑘
∑
ℎ=1

𝑛𝑗

∑
𝑖=1

𝑛𝑘
∑
𝑟=1

|𝑦𝑗𝑖 − 𝑦ℎ𝑟|/2𝑛2𝑌 G, Gw , Gnb  and Gt  represent 
the overall disparity, 

intra-regional disparity, 
inter-regional disparity, and 

transvariation density, 
respectively;

This paper simplifies the 
formula, and further details 

can be found in relevant 
literature [55].

Intraregional 
Disparity

𝐺𝑤 =
𝑘

∑
𝑗=1

𝐺𝑗𝑗𝑝𝑗𝑠𝑗

Interregional 
Disparity 𝐺𝑛𝑏 =

𝑘
∑
𝑗=2

𝑗−1
∑
ℎ=1

𝐺𝑗ℎ(𝑝𝑗𝑠ℎ + 𝑝ℎ𝑠𝑗)𝐷𝑗ℎ

Transvariation 
Intensity 𝐺𝑡 =

𝑘
∑
𝑗=2

𝑗−1
∑
ℎ=1

𝐺𝑗ℎ(𝑝𝑗𝑠ℎ + 𝑝ℎ𝑠𝑗)(1 − 𝐷𝑗ℎ)

Convergence
Models

σ-Convergence
𝐶𝑉𝑡 =

√ 1
𝑁

𝑁
∑
𝑖=1

(𝑌𝑖𝑡−𝑌𝑡)
2

𝑌𝑡

𝑌it denotes the risk score of 
country i in year t;

ln𝑌𝑖,𝑡 + 1 − ln𝑌it represents the 
logarithmic growth rate of the 

risk score of country i in 
period t;

I is the identity column vector;
W is the spatial weight matrix;
𝛼, 𝛽, 𝜌, 𝜆 and 𝛿 are parameters 
to be estimated, among which 

𝛽 is the convergence 
coefficient. The above 

specifications are for absolute 
convergence. For conditional 

convergence tests, 
corresponding control 

variables should be 
incorporated into the models.

Spatial Lag 
Model for 

β-Convergence
ln( 𝑌𝑖,𝑡+1

𝑌𝑖𝑡
) = 𝛼𝐼 + 𝛽 ln 𝑌𝑖𝑡 + 𝜌𝑊(ln 𝑌𝑖,𝑡+1 − ln 𝑌𝑖𝑡) + 𝜀

Spatial Error 
Model for 

β-Convergence

ln( 𝑌𝑖,𝑡+1
𝑌𝑖𝑡

) = 𝛼𝐼 + 𝛽 ln 𝑌𝑖𝑡 + 𝜀

𝜀 = 𝜆𝑊𝑧0
+ 𝜇

Spatial Durbin 
Model for 

β-Convergence 

ln( 𝑌𝑖,𝑡+1
𝑌𝑖𝑡

) = 𝛼𝐼 + 𝛽 ln 𝑌𝑖𝑡

+𝜌𝑊(ln 𝑌𝑖,𝑡+1 − ln 𝑌𝑖𝑡)
+𝛿𝑊 ln 𝑌𝑖𝑡 + 𝜀
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3.2. Data Sources and Processing
In determining the candidate countries, this study takes the actual host countries of 

China’s overseas farmland investment as its scope, with Belt and Road Initiative (BRI) 
partner countries serving as an important reference. More than 150 countries have signed 
BRI cooperation documents with China; however, by the end of 2021, Chinese enterprises 
had established agricultural firms in only 90 of these countries, with the investment stock 
of these firms accounting for 52% of China’s total outward agricultural investment stock. 
Because this study focuses on the country-level risk environment facing farmland investment, 
we retain host countries with at least one recorded commercial-scale transaction and exclude 
countries with only micro-scale agricultural activity.

Regarding data availability, we matched the candidate countries that met the investment 
screening criteria with country-level risk indicator data from 2014 to 2023, focusing on the 
completeness, continuity, and comparability of indicators related to political institutions, 
economic development, social stability, agricultural resource endowments, and China–host 
country bilateral relations. Countries for which substantial missing data on key indicators 
prevented the construction of a comparable risk index were excluded, including Nepal, 
Myanmar, and Colombia. According to Land Matrix data, as of September 2024, China had 
530 farmland investment projects across 61 host countries worldwide. These 61 Land Matrix 
host countries were further screened according to the availability of core indicators from 
the International Country Risk Guide (ICRG), Worldwide Governance Indicators (WGI), 
World Development Indicators (WDI), and Index of Economic Freedom (IEF). Countries 
with extensive missing data on key indicators were excluded, yielding a final balanced 
panel of 38 countries and 380 country-year observations. The regional distribution of the 
38 countries is shown in Table 3. The list of countries and their regional affiliations can be 
found in Supplementary Material Table S1. Table S2 provides the specific data access links, 
versions, and actual extraction dates for each database.

Table 3. List of Countries by Region.

Region Included Countries Number of 
Countries

Share of Sample 
Countries (%)

Africa

Cameroon; Ethiopia; Ghana; Liberia; 
Madagascar; Mali; Morocco; 

Mozambique; Nigeria; Sierra Leone; 
South Africa; Sudan; Tanzania; 
Uganda; Zambia; Zimbabwe

16 42.11

Latin America
Argentina; Brazil; Cuba; Guyana; 
Jamaica; Mexico; Paraguay; Peru; 

Uruguay; Venezuela
10 26.32

Central and Eastern Europe Belarus; Romania; Russian 
Federation; Ukraine 4 10.53

Asia
Bangladesh; Indonesia; Jordan; 

Kazakhstan; Malaysia; Philippines; 
Uzbekistan; Vietnam

8 21.05

Total — 38 100.00

3.3. Analysis of Risk Index Construction
To provide an initial assessment of the structure underlying the composite risk index, 

PCA was conducted using the five entropy-weighted dimension scores: political, economic, 
social, agricultural, and bilateral relations. Table 4 reports the KMO measure and Bartlett’s 
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test of sphericity. The KMO statistic is 0.565, and Bartlett’s test rejects the null hypothesis 
that the correlation matrix is an identity matrix (χ2  = 79.768, df = 10, p < 0.001).

Table 4. KMO and Bartlett’s Test.

KMO Measure of Sampling Adequacy

KMO Measure of Sampling Adequacy 0.565

Bartlett’s Test of Sphericity

Approx. Chi-Square 79.768
df 10

Sig. 0.000

Table 5 reports the eigenvalues and variance explained. Applying the eigenvalue-
greater-than-one criterion yields two components, with eigenvalues of 2.005 and 1.090. 
These components explain 40.095% and 21.800% of the variance, respectively, accounting 
for 61.896% in total. Table 6 reports the component loadings and communalities. The first 
component loads strongly on the political (0.890), economic (0.730), and social (0.686) 
dimensions. The second component loads strongly on the agricultural (0.803) and bilateral 
relations (0.557) dimensions. Communalities range from 0.513 to 0.806. Taken together, 
these results suggest that the five dimensions capture two broad groups of conditions: a 
macro-institutional and socioeconomic group, and an agricultural-resource and bilateral-
relations group.

Table 5. Variance Explained.

Component Initial 
Eigenvalues

Extraction 
Sums of 
Squared 
Loadings

Eigenvalue
Variance 

Explained 
(%)

Cumulative 
% Eigenvalue

Variance 
Explained 

(%)

Cumulative 
%

1 2.005 40.095 40.095 2.005 40.095 40.095
2 1.090 21.800 61.896 1.090 21.800 61.896
3 0.883 17.653 79.548 – – –
4 0.697 13.944 93.493 – – –
5 0.325 6.507 100.000 – – –

Table 6. Component Loadings and Communalities.

Dimension Component 1 Component 2 Communalities Dimension Component 1 Component 2

Political 0.890 −0.123 0.806 Political 0.890 −0.123
Economic 0.730 0.181 0.566 Economic 0.730 0.181

Social 0.686 −0.295 0.557 Social 0.686 −0.295

4. Spatiotemporal Evolution of Overseas Farmland Investment Risks
4.1. Temporal Statistical Results of Risk Levels Across Four Continents

From a temporal perspective, the spatial pattern of China’s overseas farmland invest-
ment risks exhibited significant dynamic evolution between 2014 and 2023. As shown in 
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Figure 1, in 2014, high-risk and medium-to-high-risk areas were widely dispersed. Coun-
tries such as Russia, Ukraine, and Argentina had already exhibited relatively high risk levels, 
whereas Southeast Asia generally maintained lower risk exposure. During this period, the 
Belt and Road Initiative had just been launched, agricultural cooperation between China 
and participating countries remained at an exploratory stage, and risk identification and 
assessment systems were still underdeveloped.

Figure 1. Regional Distribution of Risk Evolution Scores across Four Continents, 2014–2023.

By 2017, the spatial extent of high-risk areas had contracted; however, risk levels in-
creased substantially in countries such as Ukraine and Venezuela due to escalating domestic 
political and economic crises. Meanwhile, several Southeast Asian countries experienced 
a transition from low to moderate risk levels owing to adjustments in land policies and 
stricter investment regulations.

In 2020, the global COVID-19 pandemic and fluctuations in international commodity 
prices led to substantial changes in the spatial distribution of investment risks. Many African 
countries experienced upward shifts in risk levels due to economic recession, rising debt 
burdens, and weakened governance capacity. In contrast, resource-rich countries such 
as Russia regained agricultural investment attractiveness amid rising global food prices, 
although geopolitical risks continued to accumulate.

By 2023, the spatial pattern of investment risks exhibited increasing polarization. On 
the one hand, the prolonged Russia–Ukraine conflict intensified geopolitical risks across 
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Eurasia, with Russia and Ukraine maintaining high-risk classifications. On the other hand, 
the implementation of the Regional Comprehensive Economic Partnership (RCEP) and 
strengthened China–Central and Eastern European cooperation contributed to declining risk 
levels in some Southeast Asian and Central and Eastern European countries. Meanwhile, 
risk patterns in Africa became increasingly differentiated, with countries such as South 
Africa experiencing reduced risks due to institutional improvements.

Overall, the spatial distribution of China’s overseas farmland investment risks is shaped 
by the interacting effects of resource endowments, geopolitical relationships, institutional 
environments, and global political-economic dynamics. These risks exhibit differentiated 
spatial patterns and continuously adjust in response to changes in the international political 
and economic landscape.

From a spatial perspective, high-risk areas are primarily distributed in countries such 
as Russia, Ukraine, Venezuela, Ethiopia, and Sudan. This category exhibits a distinct 
“geopolitical tension” pattern, mainly concentrated in countries characterized by complex 
geopolitical environments and significant exposure to international sanctions. Medium-to-
high-risk areas are mainly located in Belarus, Argentina, Kazakhstan, and Tanzania. Their 
distribution reflects a resource-oriented pattern, primarily concentrated in resource-rich 
regions across Central Asia, Latin America, and Africa. Medium-risk areas are mainly 
distributed in several Southeast Asian and African countries. Medium-to-low-risk areas 
are primarily located in Uruguay, Paraguay, Mexico, Malaysia, and Uzbekistan, whereas 
low-risk areas are mainly concentrated in some Southeast Asian countries.

4.2. Exploratory Spatial Analysis
(1) Global Spatial Autocorrelation Analysis

To examine the global spatial dependence of overseas farmland investment risks, Global 
Moran’s I statistics were calculated for the selected years during 2014–2023. As reported 
in Table 7, Moran’s I is positive in all six reported years, suggesting a general tendency 
toward positive spatial association. However, the statistical significance of this pattern is 
not stable over time. The Moran’s I statistic is significant at the 5% level in 2014, while the 
estimates for 2022 and 2023 are only marginally significant at the 10% level. The statistics 
for 2016, 2018, and 2020 do not reach conventional significance levels. Therefore, the results 
indicate positive but temporally unstable global spatial dependence, rather than persistent 
statistically significant clustering throughout the study period.

Table 7. Global Moran’s I Index of Risk Evolution across Four Continents.

Year 2014 2016 2018 2020 2022 2023

Moran’s I 0.3523 0.1407 0.1569 0.2274 0.3146 0.3587
Z-score 1.8013 0.7284 0.8204 1.1352 1.4934 1.6971
p-value 0.04 0.27 0.22 0.13 0.08 0.07

(2) Local Spatial Autocorrelation Analysis

To identify the spatial clustering and differentiation characteristics of risk levels at the 
local scale, spatial clustering tables and LISA cluster maps were generated.

Using GeoDa software (version 1.22), Moran scatter plots of China’s overseas farmland 
investment risk scores were generated for 2014 and 2023 (Figure 2). In Figure 2, blue open 
circles represent individual countries, and the solid purple line shows the fitted linear 
relationship between standardized risk scores and their spatial lag. The dashed horizontal 
and vertical lines mark zero values and divide each plot into four quadrants. The results 
show that investment risks were primarily distributed in the first and third quadrants. 
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In 2014, the high–high (HH) cluster areas mainly included high-risk countries such as 
Russia, Ukraine, Venezuela, and Ethiopia. These countries were surrounded by neighboring 
countries with similarly high risk levels, forming significant spatial clustering patterns. 
Notably, some countries, such as Brazil and other South American countries, were located 
in the low–high (LH) quadrant, indicating relatively lower domestic risk levels but higher 
risks in neighboring countries, reflecting pronounced spatial disparities.

Figure 2. Agricultural investment risk.

The Moran scatter plot for 2023 shows that the scope of HH clusters expanded. In addi-
tion to traditional high-risk countries such as Russia and Ukraine, several African countries, 
including Sudan, entered this quadrant, suggesting the diffusion of geopolitical risks within 
specific regions. Low–low (LL) clusters remained primarily concentrated in high-income 
countries, with stronger spatial agglomeration effects. Meanwhile, some Southeast Asian 
countries, such as Vietnam, shifted from LL clusters to LH clusters, indicating that although 
their own investment risks remained relatively low, increasing risks in neighboring countries 
strengthened regional spatial linkages.

The Moran scatterplots show that Russia and neighboring countries such as Belarus 
and Kazakhstan exhibit relatively high risk scores, indicating a descriptive pattern of spatial 
association. Similar patterns are observed among some African countries.

4.3. Dynamic Evolution Trends of Investment Risks
(1) Kernel Density Estimation

To further examine the dynamic distribution characteristics of China’s overseas farm-
land investment risks across host countries and four major regions during 2014–2023, this 
study applies the kernel density estimation method using MATLAB (version 9.14) to char-
acterize the evolution of risk distributions from the perspectives of distribution location, 
shape, and extension [56].

As shown in Figure 3, in terms of distribution location, the center of the investment 
risk distribution curve for host countries shifted rightward during 2014–2017, indicating 
an increasing trend in overall investment risk levels. From 2017 to 2020, the distribution 
reached its peak range, after which the distribution center gradually shifted leftward, 
suggesting a decline in risk levels. After 2020, the distribution became relatively stable; 
however, the distribution center remained above the 2014 level, indicating a certain degree 
of risk persistence. In terms of distribution shape, the overall distribution exhibited a 
typical unimodal pattern. The height of the main peak first increased and then declined, 
reaching its maximum during 2017–2018, which indicates the highest concentration of 
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investment risks during this period. Subsequently, the peak gradually flattened, suggesting 
widening disparities in investment risks among countries. Regarding distribution extension, 
a significant right tail was observed, indicating the presence of high-risk outlier countries. 
In contrast, the relatively shorter left tail suggests that low-risk investment destinations 
were comparatively limited, resulting in an overall right-skewed distribution.

Figure 3. Dynamic Evolution of Overseas Farmland Investment Risk Development.

A comparative analysis of the dynamic risk distributions across different regions reveals 
the following findings:

2017 represented a critical turning point in the evolution of investment risk distribu-
tions. Before 2017, overall risks showed an upward trend, whereas regional differentiation 
intensified thereafter, with different regions exhibiting distinct evolutionary trajectories. 
The polarization and convergence patterns of investment risks demonstrated significant 
regional heterogeneity, closely associated with differences in economic development stages, 
institutional environments, and the depth of regional cooperation. Spatial spillover ef-
fects should not be overlooked. The risk convergence experiences of Asia and Central and 
Eastern Europe suggest that strengthening regional economic cooperation and enhancing 
institutional coordination are effective pathways for reducing disparities in investment risks.

(2) Markov Chain Analysis

To facilitate the Markov analysis, this study determines a single set of quintile thresh-
olds using the pooled investment-environment risk scores of all sample countries over 
2014–2023. The 20th, 40th, 60th, and 80th percentiles of the pooled distribution define five 
ordered risk categories, labeled I–V and corresponding to very low, low, moderate, high, 
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and very high risk, respectively. These thresholds remain fixed across all years and are not 
recalculated annually. Thus, transitions between categories indicate that a country’s risk 
score crosses a fixed threshold, rather than merely reflecting a change in its relative ranking 
within a particular year. Traditional and spatial Markov matrices are constructed using this 
common classification scheme (Table 8).

Table 8. Markov Probability Transition Matrix of Overseas Farmland Investment Risk Evolution.

Spatial Lag Type t/(t + 1) I II III IV V Observations

Traditional No Lag

I 0.6232 0.2464 0.1159 0.0145 0.0000 69
II 0.2941 0.4118 0.2647 0.0294 0.0000 68
III 0.0735 0.3382 0.3529 0.2206 0.0147 68
IV 0.0147 0.0000 0.2647 0.5735 0.1471 68
V 0.0000 0.0000 0.0000 0.1884 0.8116 69

Spatial

I

I 0.8571 0.0000 0.1429 0.0000 0.0000 7
II 0.0000 1.0000 0.0000 0.0000 0.0000 2
III 0.0000 1.0000 0.0000 0.0000 0.0000 2
IV 0.0000 0.0000 0.0000 0.0000 0.0000 0
V 0.0000 0.0000 0.0000 0.0000 1.0000 2

II

I 0.6250 0.0000 0.2500 0.1250 0.0000 8
II 0.0000 0.7143 0.2857 0.0000 0.0000 7
III 0.1667 0.0000 0.3333 0.5000 0.0000 6
IV 0.0000 0.0000 0.3077 0.3846 0.3077 13
V 0.0000 0.0000 0.0000 0.1765 0.8235 17

III

I 0.7500 0.2500 0.0000 0.0000 0.0000 4
II 0.0769 0.7692 0.1538 0.0000 0.0000 13
III 0.1000 0.5000 0.2000 0.2000 0.0000 10
IV 0.0000 0.0000 0.2727 0.5455 0.1818 11
V 0.0000 0.0000 0.0000 0.1875 0.8125 16

IV

I 1.0000 0.0000 0.0000 0.0000 0.0000 7
II 0.2222 0.3333 0.4444 0.0000 0.0000 9
III 0.0000 0.1250 0.5000 0.3125 0.0625 16
IV 0.0000 0.0000 0.3333 0.5556 0.1111 9
V 0.0000 0.0000 0.0000 0.4167 0.5833 12

V

I 0.5116 0.3721 0.1163 0.0000 0.0000 43
II 0.4595 0.2162 0.2703 0.0541 0.0000 37
III 0.0882 0.4118 0.3529 0.1471 0.0000 34
IV 0.0286 0.0000 0.2286 0.6571 0.0857 35
V 0.0000 0.0000 0.0000 0.0909 0.9091 22

The spatial Markov matrices suggest that transition probabilities vary with neighboring 
risk conditions. However, several conditional states contain only a small number of observed 
transitions. Accordingly, individual probabilities equal to zero or one are not interpreted 
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as evidence of deterministic mobility. Greater weight is placed on transition patterns 
supported by larger cell counts. Overall, the results provide descriptive evidence that the 
persistence and direction of investment-risk transitions may depend on the surrounding 
spatial environment, but the magnitude of individual conditional probabilities should be 
interpreted cautiously.

Traditional Markov chain analysis shows that diagonal elements are consistently larger 
than off-diagonal elements, indicating strong temporal persistence in investment risk lev-
els. Specifically, countries classified as low risk (Level I) and high risk (Level V) have 
probabilities of remaining in the same category of 62.32% and 81.16%, respectively, which 
are significantly higher than those of Levels II, III, and IV (41.18%, 35.29%, and 57.35%, 
respectively). These results suggest greater risk-state persistence in the very low- and very 
high-risk categories, while the intermediate categories exhibit more frequent transitions. 
This pattern describes the persistence of observed risk states.

Considering the potential spatial dependence of investment-environment risks, this 
study uses spatial Markov matrices to explore transition patterns under five spatial lag 
categories. This analysis is exploratory: differences in the observed transition probabil-
ities are interpreted descriptively, rather than as statistically significant effects of spatial 
lag conditions.

Further classification by spatial lag category produces some conditioning groups 
with very few observed transitions, including groups with only 2, 4, or 7 observations. 
Transition probabilities estimated from these small samples may be unstable. In particular, 
probabilities of 0 or 1 describe the observed sample outcomes and should not be interpreted 
as evidence that a transition is impossible or certain.

Given this limitation, our discussion focuses primarily on the persistence and down-
ward transitions of countries initially classified as very high risk (category V), particularly 
in conditioning groups with relatively more observations. In the traditional Markov matrix, 
category V contains 69 observed transitions, with an 81.16% probability of remaining in the 
same category and an 18.84% probability of moving to category IV. Under spatial lag type V, 
the corresponding group contains 22 observations, with probabilities of 90.91% and 9.09%, 
respectively. These sample probabilities descriptively suggest greater persistence of very 
high risk under spatial lag type V. However, the comparison is exploratory. Without a formal 
test of differences between transition matrices, it does not establish a statistically significant 
effect of neighboring risk conditions or causal risk transmission between countries.

5. Risk Disparities and Decomposition of Their Sources
The Dagum Gini coefficient and its decomposition were calculated to examine the 

disparities in overseas farmland investment risks across the four regions during 2014–2023. 
For presentation purposes, the analysis was conducted using a biennial interval approach.

Table 9 reports the Dagum Gini coefficients and decomposition results for overseas 
farmland investment risks across the four regions from 2014 to 2023. In terms of overall 
disparities, the overall Gini coefficient declined from 0.2019 in 2014 to 0.1928 in 2022, repre-
senting a decrease of approximately 4.55%. This indicates that the absolute differences in 
risk levels among regions have gradually narrowed; however, overall disparities remain 
relatively substantial, with the Gini coefficient consistently above 0.19.

Regarding the evolutionary trend, the overall Gini coefficient exhibited a fluctuating 
downward pattern. It increased from 0.2019 in 2014 to 0.2193 in 2016, before declining 
to 0.2146 in 2020 and 0.1927 in 2022. These results describe changes in the dispersion of 
investment-environment risk scores over time; the Dagum Gini analysis does not identify 
the mechanisms underlying these changes.
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Table 9. Gini Coefficient Decomposition, 2014–2023.

Dagum Gini Coefficient 2014 2016 2018 2020 2022

Overall Gini Coefficient (G_T) 0.2019 0.2193 0.2170 0.2146 0.1928

Decomposition 
Components and 

Contributions

Intraregional Disparity 0.0535 0.0590 0.0598 0.0566 0.0486
Contribution of Intraregional Disparity 26.4724 26.9170 27.5483 26.3525 25.2242

Interregional Disparity 0.0905 0.0772 0.0800 0.0942 0.0960
Contribution of Interregional Disparity 44.8009 35.2191 36.8653 43.8768 49.8075

Transvariation Intensity 0.0580 0.0830 0.0772 0.0639 0.0481
Contribution of Transvariation Intensity 28.7267 37.8639 35.5864 29.7707 24.9683

Intraregional 
Disparity

Africa 0.0598 0.0899 0.0820 0.0896 0.1256
Latin America 0.1926 0.1899 0.2006 0.1917 0.1679

Asia 0.2058 0.2869 0.2667 0.2306 0.1654
Central and Eastern Europe 0.1142 0.1154 0.0932 0.1033 0.1253

Interregional 
Disparity

Africa–Latin America 0.1995 0.1829 0.1819 0.1880 0.1984
Africa–Asia 0.2461 0.2874 0.2554 0.2298 0.2140

Africa–Central and Eastern Europe 0.3034 0.2469 0.2661 0.3312 0.3353
Latin America–Asia 0.2069 0.2608 0.2472 0.2168 0.1714

Latin America–Central and Eastern Europe 0.1991 0.1899 0.2053 0.2331 0.2230
Asia–Central and Eastern Europe 0.1859 0.2294 0.2174 0.2321 0.2058

Interregional disparities were the largest component in most reported years, whereas 
transvariation made the largest contribution in 2016. Their contribution increased from 
44.80% in 2014 to 49.81% in 2022. The contribution of intraregional disparities exhibited a 
“first increasing then decreasing” trend, rising from 26.47% in 2014 to 27.55% in 2018 before 
declining to 25.22% in 2022. The contribution of transvariation intensity showed an inverted 
U-shaped evolution, reaching a peak of 37.86% in 2016 and decreasing to 24.97% in 2022. The 
high contribution of transvariation intensity indicates substantial overlap in development 
levels among the four regions. Specifically, some Asian and Central and Eastern European 
countries have surpassed certain Latin American countries in development performance, 
resulting in increasingly blurred boundaries between regional development levels.

Regarding intraregional disparities, Asia exhibited the most pronounced internal 
differences. Its Gini coefficient fluctuated upward from 0.2057 in 2014 to 0.2868 in 2016, 
before declining to 0.1653 in 2022, demonstrating characteristics of “high volatility and 
rapid convergence.” Intraregional disparities in Latin America remained relatively stable, 
fluctuating between 0.17 and 0.20, and declined to 0.1678 in 2022, indicating greater internal 
balance compared with Asia. Africa exhibited a rapidly expanding trend in intraregional 
disparities, with its Gini coefficient increasing sharply from 0.0597 in 2014 to 0.1256 in 
2022, representing an increase of more than 110% and making it the region with the fastest-
growing internal disparity. Central and Eastern Europe showed relatively low and stable 
intraregional disparities, maintaining a range of 0.09–0.12 during 2014–2022, with a value of 
0.1253 in 2022. Regarding interregional disparities, the Africa–Central and Eastern Europe 
pair recorded the largest interregional Gini coefficient, increasing from 0.3033 in 2014 to 
0.3352 in 2022. By contrast, the coefficient for Latin America and Asia declined from 0.2069 
to 0.1714, a reduction of approximately 17.15%. The coefficient for Africa and Latin America 
remained relatively stable, fluctuating between 0.18 and 0.20 and reaching 0.1984 in 2022.
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6. Convergence Analysis of Investment Risks
6.1. 𝜎-Convergence

Figure 4 presents the σ-convergence results of China’s overseas farmland investment 
risk scores. From 2014 to 2017, the national σ-convergence coefficient exhibited a fluctuating 
upward trend, increasing from approximately 0.36 in 2014 to 0.42 in 2017. This indicates 
that regional disparities in overseas farmland investment risks gradually expanded, demon-
strating a divergence trend. This divergence was closely associated with the initial stage of 
the Belt and Road Initiative, during which Chinese enterprises rapidly expanded overseas 
investment activities. The uneven distribution of investment across regions resulted in sig-
nificant differences in risk exposure. With the accumulation of investment experience and 
improvements in risk management capacity, the convergence coefficient declined between 
2017 and 2020, indicating that risk mitigation measures in some high-risk regions became 
effective and regional disparities in investment risks gradually narrowed. Subsequently, 
from 2020 to 2021, the convergence coefficient increased sharply again, reaching a peak 
of 0.45, suggesting a substantial expansion of regional disparities in overseas farmland 
investment risks. Since 2021, the convergence coefficient has shown a clear downward trend, 
declining to approximately 0.42 in 2023. This suggests that, with the transition of pandemic 
control measures, the gradual recovery of the international trade and economic order, and 
the systematic improvement of Chinese enterprises’ overseas investment risk management 
capabilities, regional differences in investment risks have gradually diminished, moving 
toward a more balanced state.

Figure 4. Coefficient of Variation of Risk Evolution across Four Continents.

6.2. 𝛽-Convergence
(1) Absolute β-Convergence

Table 10 presents the results of the absolute β-convergence test for China’s overseas 
farmland investment risk scores. Considering the potential existence of heterogeneous spa-
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tial effects in the evolution of investment risks, this study employs the Lagrange Multiplier 
(LM) test to examine spatial autocorrelation. Based on the statistical significance of the 
Wald and likelihood ratio (LR) tests, the most appropriate spatial econometric models are 
selected for empirical analysis. The reported β-convergence estimates include both country 
and year fixed effects, controlling for time-invariant country heterogeneity and common 
annual shocks.

Table 10. Absolute Convergence Result.

Region Global Africa Latin America Central and Eastern Europe Asia

Model OLS SAR SLM SDM OLS
β −0.0884 *** −0.7344 *** −1.1218 *** −0.5825 *** −0.1423 *

(−3.69) (−9.20) (−11.35) (−2.86) (−1.93)
rho −0.0428 −0.1378 0.3547 **

(−0.54) (−1.07) (2.55)
sigma2_e 0.0106 *** 0.0168 *** 0.0108 ***

(8.38) (6.84) (3.82)
N 342 144 90 36 72
R2 0.0394 0.0630 0.0626 0.1636 0.0565

Note: ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Values 
in parentheses are the corresponding test statistics.

At the global level, the ordinary least squares (OLS) model is applied to examine 
overseas farmland investment risks. The estimated β coefficient is −0.0884 and statistically 
significant at the 1% level, indicating that investment risk scores of China’s host countries 
tend to converge toward a common steady state. Therefore, absolute β-convergence exists 
globally. Although initial differences in investment risk levels exist among countries, these 
disparities gradually diminish over time.

For Africa, the spatial autoregressive model (SAR) is employed, with a β coefficient of 
−0.7344, significant at the 1% level, indicating a significant convergence trend in regional 
investment risks. For Latin America, Central and Eastern Europe, and Asia, the spatial 
lag model (SLM), spatial Durbin model (SDM), and ordinary least squares (OLS) model 
are respectively selected for estimation. The β coefficients are all negative and statistically 
significant, confirming the existence of absolute β-convergence in these regions.

Regarding spatial dependence, the results do not provide uniform evidence of pos-
itive spatial spillovers across regions. In the absolute β-convergence specifications, the 
spatial coefficient is positive and statistically significant only for Central and Eastern Europe
(ρ = 0.3547, p < 0.05).

(2) Conditional β-Convergence

To further investigate the convergence of China’s overseas farmland investment risks, 
control variables affecting the convergence process are incorporated into the β-convergence 
model. Drawing on previous studies [23,31], this study examines the mechanisms through 
which host countries’ foreign direct investment (FDI), capital stock (CAPITAL), GDP level 
(GDP), population size (POPU), tax level (TAX), and urbanization rate (URBAN) influence 
the convergence trend of China’s overseas farmland investment risks.

Table 11 presents the results of the conditional β-convergence tests at the global and 
regional levels. Regarding the existence of convergence, the regression coefficient at the 
global level is significantly negative at the 1% level, indicating that the growth rate of 
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investment risks in host countries is declining and that cross-country risk disparities are 
converging toward their respective steady states over time. Africa, Latin America, Central 
and Eastern Europe, and Asia also exhibit significant convergence trends.

Table 11. Results of Conditional β-Convergence of Overseas Farmland Investment Risks across 
Four Regions.

Region Global Africa Latin America Central and Eastern Europe Asia

Model OLS SAR SAR SDM OLS
β −0.0961 *** −0.7846 *** −1.1202 *** −1.0656 *** −0.1791 *

(−3.89) (−9.93) (−11.48) (−6.39) (−1.96)
FDI 0.0012 0.0028 −0.0032 −0.0165 −0.0039

(0.60) (0.90) (−0.97) (−0.90) (−0.36)
CAPITAL 0.0001 0.0096 0.0022 −0.1318 *** 0.0007

(0.17) (1.63) (0.85) (−2.65) (0.55)
GDP −0.0000 −0.0000 −0.0000 0.0532 −0.0000

(−1.05) (−0.30) (−0.95) (0.38) (−0.40)
POPU −0.0027 −0.0270 0.0776 ** 0.0230 0.0014

(−1.25) (−0.85) (2.25) (0.49) (0.15)
TAX 0.0001 0.0015 * −0.0031 −0.0508 −0.0006

(0.12) (1.92) (−0.80) (−1.19) (−0.15)
URBAN 0.0007 −0.0008 0.0289 −0.3539 *** 0.0013

(0.98) (−0.05) (0.44) (−5.04) (1.27)
rho −0.0288 −0.0489 0.5272 ***

(−0.37) (−0.39) (4.75)
sigma2_e 0.0098 *** 0.0151 *** 0.0053 ***

Direct −0.748 *** −1.228 *** −1.137 ***
(−9.25) (−12.19) (−6.48)

Indirect −0.063 −0.211 * −0.287 **
(−1.63) (−1.72) (−2.17)

Total −0.812 *** −1.439 *** −1.424 ***
(−8.41) (−8.95) (−8.20)

N 342 144 90 36 72
R2 0.0521 0.0890 0.0387 0.5821 0.1096

Note: ***, **, and * indicate statistical significance at the 1%, 5%, and 10% levels, respectively. Values 
in parentheses are the corresponding test statistics.

Specifically, the β-convergence coefficients for the global sample, Africa, Latin America, 
Central and Eastern Europe, and Asia are −0.0961, −0.7846, −1.1202, −1.0656, and −0.1791, 
respectively. Except for Asia, which is significant at the 10% level, all other regions pass the 
significance test at least at the 5% level. These results indicate that after controlling for host 
countries’ socioeconomic development characteristics and other influencing factors, China’s 
overseas farmland investment risks still exhibit a significant conditional β-convergence trend. 
In the long term, a more coordinated regional development pattern of China’s overseas 
farmland investment risks is gradually emerging.
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The convergence rates differ considerably across global and regional scales. The esti-
mated β coefficients differ substantially across regions. However, these differences should 
not be interpreted as a simple ranking of convergence speeds based on the absolute magni-
tude of β. In particular, the estimated coefficients for Latin America and Central and Eastern 
Europe are below −1 in some specifications. Under a discrete-time adjustment process, 
such estimates may be consistent with non-monotonic adjustment, including overshooting 
around the steady state, rather than faster monotonic convergence. Accordingly, the re-
gional coefficients are used primarily to assess the existence and form of convergence rather 
than to rank regions mechanically by convergence speed. In contrast, the global average 
and Asia show relatively slower convergence rates. Even after controlling for the effects 
of relevant factors, substantial differences remain in the speed of risk convergence across 
regions, suggesting that regional convergence has not yet reached a uniform trajectory.

Regarding the effects of control variables, at the global level, the impacts of host 
countries’ foreign direct investment (FDI), capital stock (CAPITAL), GDP level (GDP), 
population size (POPU), tax level (TAX), and urbanization rate (URBAN) on investment 
risks are relatively limited. At the regional level, the coefficients of tax level and population 
size are positive in Africa and Latin America, respectively, indicating that these factors hinder 
risk convergence. Specifically, increasing tax burdens in Africa and excessive population 
pressure in Latin America may slow regional risk convergence. This may be attributed to the 
incomplete tax systems in African countries and the inability of Latin American countries to 
fully realize population dividends due to relatively insufficient educational development.

In Central and Eastern Europe, the coefficient of capital stock is significantly negative, 
and the effect of urbanization rate is also negative, suggesting that capital accumulation 
and urbanization contribute to regional risk convergence. In addition, the spatial autocorre-
lation coefficient of the spatial Durbin model in Central and Eastern Europe is significantly 
positive, indicating that investment risks in neighboring regions exert significant positive 
spillover effects on local risks. This confirms the existence of risk contagion effects and 
reflects strong economic linkages and risk transmission mechanisms within the region. 
This phenomenon is closely associated with the high level of European Union integra-
tion and intensive economic interactions among Central and Eastern European countries. 
Meanwhile, the EU integration framework and the Belt and Road Initiative have further 
strengthened interregional connections. Although Central and Eastern Europe exhibits risk 
contagion effects, regional coordination mechanisms can facilitate collective risk governance 
and reduce overall risk levels, thereby promoting risk convergence. Furthermore, this 
study replaces explanatory variables and conducts robustness tests using different years as 
samples. The results are presented in Table 11, demonstrating that the convergence findings 
remain consistent and robust.

7. Discussion and Limitations
7.1. Discussion

Previous research has emphasized host-country conditions and geopolitical, geoe-
conomic, and geocultural relations as factors associated with China’s overseas farmland 
investment location and development [27,40]. The present study complements this litera-
ture by examining the temporal evolution of a country-level investment-environment risk 
index. The Markov results descriptively indicate greater persistence in the very low- and 
very high-risk categories than in the intermediate categories. This finding concerns the 
persistence of the measured investment environment and should not be interpreted as 
evidence of project-level success or failure.

The Dagum decomposition indicates that interregional disparities constitute the largest 
component of overall inequality in risk scores. This finding can be considered alongside 
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research documenting geographical shifts in overseas farmland investment toward Latin 
America and Eastern Europe [30]. However, changes in investment locations and differences 
in investment-environment risk are distinct outcomes; the present analysis does not establish 
whether risk differences caused these geographical shifts. Moreover, a decline in the Gini 
coefficient indicates reduced dispersion, which can occur at either higher or lower levels of 
risk. Reduced inequality therefore does not necessarily imply improved investment safety.

The spatial and convergence findings also admit alternative explanations. Similar 
risk scores among neighboring countries may reflect common regional shocks, shared 
institutional characteristics, trade exposure, or geopolitical events, rather than direct risk 
transmission. Likewise, changes in risk dispersion may reflect different combinations of 
changes in the political, economic, social, resource, and bilateral components of the index. 
The analyses do not separately identify these mechanisms. Digital transformation, green 
development, and institutional coordination should therefore not be treated as explanations 
demonstrated by the reported results.

Finally, the β coefficients describe the estimated relationship between initial risk scores 
and subsequent changes. Their absolute magnitudes are not used to rank regional con-
vergence speeds. Spatial Markov comparisons based on small conditioning groups are 
interpreted as exploratory, and neither these comparisons nor the spatial regression coeffi-
cients establish causal transmission between countries [57].

7.2. Limitations
Several limitations should be acknowledged. First, the study covers 38 host countries 

over 2014–2023. The findings are therefore specific to the selected sample and period and 
may not generalize to all destinations of China’s overseas farmland investment [58–60]. 
Sample inclusion depends partly on data availability. Countries with incomplete infor-
mation may differ systematically from those retained, creating potential selection bias. 
Second, the composite index measures country-level investment-environment risk rather 
than project-specific risk or realized investment losses. Indicator selection, directional cod-
ing, standardization, and weighting introduce uncertainty into the index [61,62]. Entropy 
weights reflect informational variation in the observed sample and do not necessarily rep-
resent the economic importance of each indicator. Alternative indicator sets or weighting 
methods may produce different scores and rankings. Third, regional sample sizes are un-
even, with particularly few countries in the Central and Eastern European subsample. This 
limits the precision and stability of regional estimates. Fourth, linear interpolation is used 
to fill some missing observations. Interpolation may smooth short-term fluctuations and 
fail to capture abrupt changes associated with political or economic shocks. Finally, spatial 
results may be sensitive to the choice and standardization of the spatial weight matrix.

8. Conclusions and Policy Implications
8.1. Conclusions

Grounded in the national food security strategy and the broader framework of agricul-
tural “going global” initiatives, this study constructs an overseas farmland investment risk 
evaluation system from five dimensions—political risk, economic risk, social risk, natural 
resource risk, and bilateral relationship risk—using panel data on China’s investments in 
38 host countries from 2014 to 2023. It systematically evaluates the spatiotemporal charac-
teristics and convergence patterns of China’s overseas farmland investment risks. The main 
findings are as follows:

First, regarding the spatiotemporal distribution of overseas farmland investment risks, 
significant spatial disparities and imbalanced development patterns are observed. From 
a static comparative perspective, high-risk investment areas are mainly concentrated in 
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countries such as Russia, Ukraine, and Venezuela, exhibiting prominent characteristics 
of “geopolitical tension.” From the perspective of spatial transitions, both low-risk and 
high-risk countries demonstrate strong persistence in their risk levels, whereas medium-risk 
countries show greater mobility. Risk transitions primarily occur between adjacent risk 
categories, with limited possibilities for cross-level shifts.

Second, regarding regional disparities in overseas farmland investment risks, the Gini 
coefficient of risk development across the four regions exhibits a fluctuating downward trend. 
Decomposition analysis further reveals that the sources of spatial disparities are ranked as 
follows: interregional disparities, transvariation intensity, and intraregional disparities.

Third, regarding the convergence characteristics of overseas farmland investment risks, 
the analysis reveals heterogeneous dynamic adjustment patterns. The β-convergence results 
provide evidence of heterogeneous adjustment dynamics across regions. In particular, 
some regional coefficients (e.g., Latin America and Central and Eastern Europe) suggest 
non-monotonic rather than purely monotonic adjustment toward region-specific steady 
states. Thus, we cannot simply rank regions based on the absolute magnitude of the β
coefficients. The σ-convergence analysis reveals the high volatility of Latin America, the 
relative stability of Africa, the geopolitical sensitivity of Central and Eastern Europe, and 
the gradual differentiation of Asia.

8.2. Policy Implications
Based on the above findings, this study proposes the following policy recommendations:
First, Chinese public authorities should strengthen country-risk monitoring and public 

risk-information infrastructure. Given the persistence and regional heterogeneity of over-
seas farmland investment risk, a cross-departmental monitoring platform should integrate 
political, economic, social, resource, and bilateral indicators and update country-risk assess-
ments regularly. Public agencies can also improve access to political-risk insurance, legal 
advisory services, emergency information, and investment-screening guidance. Because 
spatial dependence is not equally strong in all regions, regional early-warning mechanisms 
should be prioritized where statistically supported cross-border risk association is observed 
rather than applied mechanically to all destinations.

Second, Chinese investing enterprises may consider combining country-level risk 
assessment with project-specific due diligence. Depending on project conditions and in-
vestor exposure, possible risk-management options include staged investment, pilot projects, 
contractual safeguards, political-risk insurance, diversified financing arrangements, and 
predefined suspension or exit criteria. These options are broader practical considerations, 
and their effectiveness is not established by the convergence estimates. Decisions concerning 
their use require separate assessments of land tenure, community relations, crop character-
istics, local infrastructure, financing exposure, and partner reliability. A low country-level 
risk score should therefore not substitute for project-specific assessment.

Third, host-country governments can reduce investment uncertainty by improving the 
transparency and predictability of agricultural investment institutions. Priorities include 
clear land-tenure and land-use rules, transparent approval procedures, credible dispute-
resolution mechanisms, stable taxation and investment regulations, improved infrastructure, 
and mechanisms for consultation with local communities [63]. Such measures can reduce 
institutional uncertainty for foreign agricultural investors while simultaneously protecting 
local landholders and supporting sustainable agricultural development.

Fourth, regional and multilateral institutions should promote cross-border risk-
information sharing and coordinated agricultural investment standards. Where coun-
tries are exposed to common geopolitical, financial, environmental, or supply-chain shocks, 
regional platforms can facilitate information exchange, emergency coordination, investment-
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dispute prevention, and common environmental and social safeguards. Regional coordina-
tion is particularly relevant where the empirical analysis identifies statistically supported 
spatial dependence, but such coordination should complement rather than replace country-
specific risk assessment.
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