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Abstract: The belt and road initiative (BRI) is a mutual development approach projected by China,
which delivers exceptional opportunities for multi-phased communication and cooperation across
Asia, Africa, and Europe. It opens ample opportunities for China to easily invest in overseas arable
land. Based on the macro data of 119 countries in 2010 and 2016 before and after the BRI, the study
comprehensively uses fuzzy C-means clustering and the entropy method to evaluate the potential
of arable land investment from four dimensions, which existing literature has not fully grasped.
Moreover, the study uses the exploratory spatial data analysis methods (ESDA), kernel density
estimation, and trend surface analysis to study the spatial pattern characteristics. The results show
that: (i) there are noticeable regional differences in the investment potential of arable land in BRI
countries. Asian countries, led by Kazakhstan and Indonesia, and African Unions, led by Ethiopia,
South Africa, and Tanzania, generally have higher investment potential. However, South America
and European countries are relatively lower. (ii) Resource endowment and production conditions
significantly impact overseas arable land investment potential. Asia and Africa have advantages in
resource endowment and production conditions, while European countries generally have better
economic and political environments. (iii) From the perspective of time evolution, the investment
potential in 2016 is generally higher than in 2010, and the negative correlation and dispersion are
lower than in 2010. Based on these findings, it is recommended that Chinese enterprises should
comprehensively consider the differences in resource endowments and agricultural development
levels in various countries, optimize investment layout, and reduce investment risks. Chinese
companies should collaborate with host nations on modernization and promote the long-term
viability of arable land investments.

Keywords: overseas arable land investment; potential measuring; spatial differentiation pattern;
fuzzy C-means clustering; belt and road initiatives

1. Introduction

China’s initiatives to support its rapidly expanding populations (1.398 billion in
2019) have long been acknowledged. Despite having roughly one-fifth of the global
agricultural territory (approximately 167.5 million hectares), it serves over one-fifth of
the global population [1,2]. Since the reform and opening up, China has made significant
achievements in agricultural development, becoming the world’s largest food producer
and achieving the food security goal of basic self-sufficiency in grains and absolute security
in the ration [3,4]. However, reducing available arable land resources, the decline of arable
land quality, and the slow growth rate of grain yield have also caused China to rely heavily
on imports to ensure national food security [2,5]. In 2020, China imported 115.55 million
tons of agricultural products, a 944.8 percent increase from 1996 [6]. At the same time,
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the evolution of the international food trade pattern occurred, along with the increasingly
technical and environmental barriers of various countries [7–9]. Moreover, the spread of
the new coronavirus pneumonia (COVID-19) has resulted in global grain stocks falling to
the lowest level of 611 million tons in 5 years [10,11], and some countries began to ban the
export of agricultural products to protect themselves, which also putting’s food trade in a
disadvantageous position [12].

The Central Committee of the Communist Party of China articulated the No. 1 Central
Document in 2019, which focuses on accelerating and supporting agricultural outreach,
strengthening international cooperation in agriculture under the belt and road initiatives,
and improving agricultural cooperation with foreign countries [13]. Seemingly, the No. 1
Central Document in 2020 (China No.1 Central Document of 2020 laying down Opinions
of the Central Committee of Communist Party and the State Council of China on Doing a
Good Job in the Key Areas of Agriculture, Rural Areas, and Farmers to Ensure the Building
of a Moderately Prosperous Society in All Respects) focuses on food security, making it a
priority to accelerate agricultural modernization by supporting enterprises to integrate into
the global agricultural supply chain and enhance the ability to guarantee food supply [14].
The BRI-listed countries that are the most crucial cereal production areas globally account
for more than 40% of the world’s total cereal output [15]. They have rich agricultural
resources, more untapped arable land, and massive investment potential [16]. Investment
in arable land in these countries has gradually become an essential means of increasing
China’s agricultural product supply and ensuring national food security [17]. The nation’s
experience eliminating hunger in the country, where arable land and water resources are
scarce, sets an example for other developing countries. China’s skills and competence
in producing, processing, storing, distributing, and trading are broadly shared wherever
demanded [18]. As of the end of 2017, China’s overseas agriculture investment reached
17.3 billion USD, establishing 851 enterprises in more than 100 countries and employing
134,000 local staff [19]. More sharing is made possible by further investments under the
belt and road framework.

However, due to information asymmetry and the absence of risk management, cases
of failures of Chinese companies’ overseas arable investment projects continue to appear,
which caused huge costs and hard lessons [20,21]. According to the “Status and Survey
Report on Chinese Enterprises’ Outbound Investment (2019)”, the most challenging issue
in the process of foreign investment by enterprises is the unstable political situation in
the host country (54.8%), while labor (31%) and taxation (25.9%) make up other major
issues. Meanwhile, several issues such as export control and economic sanctions (25.9%)
and environmental protection (21.5%) have also become essential challenges for Chinese
companies to “go global”. Therefore, constructing an indicator system consistent with
Chinese companies’ actual investment status and accurately assessing the investment
potential of arable land in the host countries and regions suitable for Chinese companies to
invest in has become a vital issue. This will also be useful for them to effectively respond
to overseas investment challenges and reduce overseas investment risks.

Overseas arable land investment potential refers to the ability of certain countries
or regions to attract foreign direct investment and is a comprehensive characterization of
the regional agricultural investment environment and the degree of merit of arable land
investment value [22]. It is the essential driving force determining whether transnational
agricultural capital flows can be constituted spatially [23]. Some scholars believe that the
investment potential of arable land depends on two factors: one is the amount of arable
land-related resources, and the other is the quality of the investment environment [24].
However, other scholars have found that most host countries have low economic and rich
arable resources [3]. Hussain et al. [25] used the entropy-based the Technique for Order
of Preference by Similarity to Ideal Solution (TOPSIS) method to comprehensively assess
China’s overseas investment risks and natural resource potential in 63 BRI countries. They
indicated that most Central and Eastern European countries and Singapore, Malaysia,
Nepal, Bhutan, Russia, and countries such as Armenia and the UAE are the best choices
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for Chinese companies to invest overseas. Tian et al. [26] analyzed China’s arable land
investment data in 40 overseas countries from 2008 to 2018 and found that China’s overall
economic strength has significantly increased overseas arable land investment. Resource
endowments and labor costs have positively impacted overseas arable investment by
Chinese companies [26].

Host country corruption, infrastructure level, and urbanization rate significantly
negatively impact investment. However, some scholars also questioned the “purpose”
of China’s overseas arable land investment. For example, Böhme [27] believed China
has been a significant participant in the global “land grab” since the global food crisis
and suggested that the Australian Government strengthen foreign investment review. Jin
et al. [28] also found that some European countries covered by “the belt and road” are
hostile to overseas investment by Chinese companies. However, by exploring the Chinese
company’s investment in the Brazilian soybean sector, Oliveira [29] found that Chinese
investment promotes agricultural upstream and downstream cross-border mergers and
acquisitions. The challenge to the country and food sovereignty ultimately comes from the
global soybean production system and does not depend on the national characteristics of
the investor. Margulis and Porter [29] believed that the governance of global land grab
embodies the complexity of transnational governance, and transnational land governance
heralds a new change in the governance practices of global affairs. According to List
and Qui [30], intellectual property rights and environmental regulations are critical for
overseas investment.

As “overseas arable land investment” continues to receive widespread attention, the
disputes and value judgments of overseas arable land investment [31–33], the transnational
agricultural movement [34,35], the driving force of overseas arable land investment [36–38],
risks assessment of global land acquisition [39,40], financialization [41,42], and other aspects
of research results have matured and made positive progress. At the same time, Africa,
as the primary destination for an overseas arable land investment, has also been studied
by many scholars. Cotula and Vermulen [43] found that commodity price fluctuations,
economic growth in emerging economies, and biofuel demand have led to a surge in
arable land investment in Africa and discussed the main characteristics of overseas arable
land investment. From the perspective of private equity investment, Shepard Daniel [44]
discussed the impact of private equity financing on overseas arable land investment by
explaining the development status of private equity in the African land market. Bekele
et al. [45] conducted a survey and analysis of 866 households in Ethiopia and concluded
that 43.7% of farm households faced a reduction in herd size and 55.8% of land loss due to
large-scale land investment. In contrast, Ayelazuno [46] analyzed the actual situation of
Ghana’s attraction of foreign direct investment. In this case, he recognized the significance
of the overseas arable land investment for agricultural transformation and industrialization
in Ghana.

On the other hand, while scholars have evaluated China’s overseas arable land invest-
ment in recent years [3,47], the existing literature does not comprehensively evaluate the
potentialities of evaluating the suitability of the location of the host country for arable land
investment. Therefore, it is so difficult to guide the overseas investment layout. However,
the research scope of evaluating investment potentialities is relatively robust as many BRI
countries have less investment but have good investment conditions [48]. Interestingly,
evaluating the investment potential of arable land investment from the perspective of the
spatial pattern is relatively rare. In a study, Lu et al. [23] utilized the spatial distribution
pattern and its optimization strategy to capture the existing Chinese land investment,
but they do not consider the interconnection among the factors associated with overseas
land investment.

Therefore, the study’s main aim is to comprehensively evaluate the potential of arable
land investment by utilizing the macro data of 119 countries in 2010 and 2016 before and
after the BRI. The article uses the fuzzy C-means clustering and the entropy weight method
to craft the findings. More specifically, we use the ESDA, nuclear density estimation and
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trend surface method to analyze the evolution of arable land investment potential and
reveal the spatial distribution pattern. The study’s findings will be crucial to the scientific
basis and decision-making support not only for Chinese enterprises but also can assist in
global aspects to optimize overseas investment layout and reduce investment risks.

The following sections of the study lay the empirical setup of the study where the
sample collection, methodology, and associated theories have been portrayed.

2. Materials and Methods
2.1. Study Area and Data Source

This article selects 119 countries along the BRI as the research objects, including
39 African countries, 35 Asian countries, 26 European countries, 3 Oceanian countries,
8 South American countries, and 8 North American countries (Table 1 and Figure 1). We
use the data from 2010 to 2016 before and after the “belt and road initiative" was proposed
to analyze the investment potential of arable land in various countries and compare the
potential status before and after the initiative and its spatial distribution characteristics.

Table 1. Distribution of countries along with the “belt and road initiative”.

Region Number of
Countries (Number) Country Name

Africa 39 (1~39)

South Africa, Senegal, Sierra Leone, Côted’Ivoire, Cameroon, Guinea, Ghana, Zambia, Mozambique,
Gabon, Namibia, Mauritania, Angola, Djibouti, Ethiopia, Kenya, Nigeria, Chad, Congo-Brazzaville,

Zimbabwe, Algeria, Tanzania, Burundi, Cape Verde, Uganda, Gambia, Togo, Rwanda, Morocco,
Madagascar Tunisia, Libya, Egypt, Liberia, Lesotho, Comoros, Benin, Mali, Niger

Asia 35 (40~74)

Korea, Mongolia, Timor-Leste, Malaysia, Myanmar, Cambodia, Vietnam, Laos, Brunei, Pakistan, Sri
Lanka, Bangladesh, Nepal, Maldives, UAE, Kuwait, Turkey, Qatar, Oman, Lebanon, Saudi Arabia, Iran,

Iraq, Afghanistan, Azerbaijan, Georgia, Armenia, Kazakhstan, Kyrgyzstan, Tajikistan Uzbekistan,
Thailand, Indonesia, Philippines, Yemen

Europe 26 (75~100)
Cyprus, Russia, Austria, Greece, Poland, Serbia, Czech Republic, Bulgaria, Slovakia, Albania, Croatia,
Montenegro, Estonia, Lithuania, Slovenia, Hungary, North Macedonia (formerly Macedonia), Romania,

Latvia, Ukraine, Belarus, Moldova, Malta, Portugal, Italy, Luxembourg
Oceania 3 (101~103) New Zealand, Papua New Guinea, Fiji

South America 8 (104~111) Chile, Guyana, Bolivia, Uruguay, Venezuela, Suriname, Ecuador, Peru
North America 8 (112~119) Costa Rica, Panama, El Salvador, Dominica, Trinidad and Tobago, Barbados, Cuba, Jamaica

Note: According to the “Guidelines for Foreign Direct Investment and Cooperation” issued by the Ministry of Commerce of China,
Thailand, Bahrain, Uzbekistan, and Turkmenistan, they explicitly prohibit foreign investment in the field of agricultural investment. The
study has not ignored the data of these countries to ensure the completeness of the research.
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The data are mainly extracted from the World Bank statistics (http://www.worldbank.
org, accessed on 21 August 2021), Food and Agriculture Organization of the United Na-
tions (http://faostat.fao.org, accessed on 23 August 2021), International Trade Center
(ITC) (https://www.intracen.org/itc/sectors/services/tradestatistics, accessed on 25 Au-
gust 2021), United States Department of Agriculture World (USDA) and other interna-
tional databases.

2.2. Methods
2.2.1. Fuzzy C-Means Clustering

Clustering is a statistical anomaly detection approach that separates the population
into multiple categories or clusters with datasets from the same grouping, representing
identical, and data points from other groupings, representing distinct [49]. Fuzzy C-
means clustering (FCM) is a clustering algorithm that uses the degree of membership
to determine how each data point belongs to a specific cluster [50,51]. The geosciences
research commonly uses FCM to evaluate the interconnection among specific clusters as
a soft clustering system [52]. Bezdek [53] proposed the algorithm to improve the earlier
Hard C Mean Clustering (HCM) method. The FCM is superior to other clustering methods
such as K-means, as it comprehends the position by evaluating each data point among
multiple clusters and its probability score or likelihood [54,55]. It is classified according to
the membership degree of each category of the research object, and the classification is more
accurate [56,57]. The principle of this method is to divide multiple vectors Xi (i = 1, 2, . . . , n)
into C fuzzy groups and find the cluster center of each group so that the value function
of the dissimilarity index is minimized [58]. Using this method to cluster the investment
potential of arable land in the countries within BRI will help to grasp the characteristics
of the overall potential of each country and provide a reference for enterprises to choose
investment targets. The full workflow of the study has been portrayed in Figure 2. The
specific equations are as follows:
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function of the ith sample for the jth class. The objective function of fuzzy C-means
clustering (FCM) is:

Ji =
c

∑
i=1

n

∑
j=1

[µ(i)]bdij2 (1)

where dij = xi −mj
2; is a constant that can control the clustering results. Under the con-

dition of
c
∑

j=1
µj(xi) = 1, the Lagrange multiplier method (for more details, please cheek

Bertsekas [59]) is used to find the minimal value of the objective function based on the
following equations:

mi =
∑n

i=1[µi(i)]
hxj

∑n
i=1
[
µj(i)

]b (j = 1, 2, 3, . . . , n) (2)

µj(xi) =

(
1

dij

) 1
h−1

∑c
k=1

(
1

dij

) 1
b−1

(i = 1, 2, . . . , n; j = 1, 2, . . . , c) (3)

2.2.2. Entropy Method

In the article, the entropy weighting method (EWM) is chosen to assign weights to
each indicator and calculate the value of arable land investment potential for each country,
as suggested by Ahn [60]. EWM is a frequently used weighting method that measures
value dispersion in decision-making [61]. The calculation steps are as follows:

(i) The standardization process has been performed as suggested by [62]. In order to
eliminate the magnitude of each variable, the indicators need to be standardized to
make them comparable with each other. The specific calculation formula is as follows:

Yij =
xij −min

(
x1j, · · · , xnj

)
max

(
x1j, · · · , xnj

)
−min

(
x1j, · · · , xnj

) (4)

The equation is applied to positive indicators.

Yij =
max

(
x1j, · · · , xnj

)
− xij

max
(
x1j, · · · , xnj

)
−min

(
x1j, · · · , xnj

) (5)

The equation is applied to negative indicators.

(ii) Determine the entropy value of each indicator. We calculate the weight of the ith
sample value under the jth indicator by using the following equation:

pij =
Yij

∑n
i=1 Yij

, i = 1, · · ·, n; j = 1, · · · , m (6)

The entropy value of the jth indicator is then calculated as follows:

ej = −k

(
n

∑
i=1

pij × ln pij

)
, i = 1, · · ·, n; j = 1, · · ·, m; ej ≥ 0, k =

1
ln n

> 0 (7)

If pij = 0, then the definition would be lim
pij→0

ln pij = 0

(iii) Determine the weights of each indicator. The weight w_j of the jth indicator is:

wj=
γj

∑m
j=1 γj

, j = 1, · · · , m (8)
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where γj = 1−ej, j = 1, · · · , m, denotes the information entropy redundancy.

(iv) The weights of the indicators are weighted to obtain the composite index of the
ith object.

zi =
n

∑
i=1

wj ×Yij, i = 1, · · · , n; j = 1, · · · , m (9)

2.2.3. Exploratory Spatial Data Analysis Methods (ESDA)

Exploratory spatial data analysis methods mainly describe the spatial clustering and
correlation of geographical things, including global spatial autocorrelation and local spatial
autocorrelation [63]. Global spatial autocorrelation examines the correlation and difference
of variables in the overall regional space. It can determine whether spatial variables
take values related to adjacent spaces and study the overall trend of spatial correlation
of variables in the region. The commonly used characterization indices are “Moran’s I
and Geary’s C.” In the study, the “Moran’s I” index is used to measure the global spatial
autocorrelation of arable land investment potential in the countries along BRI, as suggested
by De Jong et al. [58]. The formula is as follows:

Global−Moran′s I =
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 (10)

where n is the number of countries studied, xi and xj denote the investment potential of

arable land in countries i and j, respectively. x =
n
∑

i=1
xi, wij is the spatial weight matrix.

Moran’s I range between −1 and 1, and an immense value indicates a more significant
regional correlation. Moran’s I > 0 indicates that the investment potential of arable land
in countries along with the BRI is positively correlated spatially, and the larger values
are aggregate to similar attribute values. Conversely, Moran’s I < 0 indicates that the
investment potential is negatively correlated spatially, and a smaller the value indicates
that the aggregation of dissimilar attribute values becomes more pronounced, while Moran’s
I = 0 indicates that there is no spatial correlation in the investment potential.

Local autocorrelation examines the correlation and variability of variables in the
local space of a region (for more details about local autocorrelation, please cheek De Jong
et al. [64] and Papalia and Bertarelli [65]). Global autocorrelation cannot determine the
specific spatial clustering characteristics and their significance within the study area, while
local spatial autocorrelation can measure the local spatial correlation between each area
and its surrounding areas [66]. The calculation formula is as follows:

Local−Moran′s I =
n2(xi − x)∑n

j=1 wij
(
xj − x

)
∑n

i=1 ∑n
j=1 wij ×∑n

j=1
(
xj − x

)2 (11)

Local-Moran’s I > 0 indicates that the country has similar properties to neighboring
countries. Local-Moran’s I < 0 indicates that the country is not similar to its neighboring
countries in terms of attributes.

The above analysis method constructs the weight matrix by whether the two countries
are adjacent to each other, which only considers the possible spatial interaction between
adjacent areas. However, practice proves that there is still a strong interaction between
two geographically close countries but not adjacent to each other. The geographic distance
matrix can better compensate for this deficiency [67]. Therefore, the study constructs
a geographic distance matrix, which is expressed as the inverse of the surface distance
between two countries:

Wij =

{ 1
dij

, i 6= j

0, i = j
(12)
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where dij denotes the geographical distance between the two countries, the distance be-
tween the two places is calculated based on the longitude and dimension of each country’s
capital location. The closer the two places are, the higher the weight is, and vice versa if
the weight is relatively lower.

Spatial linkages reflected by geographic location differences can only characterize
the influence of geographic proximity features, which are relatively coarse. The spatial
characteristics of arable land investment potential are inevitably influenced by various non-
geographic factors in combination [68], requiring the spatial weight matrix to be refined
from different perspectives. The economic conditions of different countries are spatially
correlated, and the intensity of the interaction between the two countries is not necessarily
the same [69]. Therefore, in the article, a new spatial matrix of economic distances is
established by combining the geographic distance matrix and the economic situation of
each country. The specific formula is:

W = Wij diag
(
Y1/Y, Y2/Y, · · · , Yn/Y

)
(13)

where Yt = 1
t1−t0+1

t1
∑

t=t0

Yit is the average of the gross domestic product (GDP) of country i in

the period under examination. Y = 1
n(t1−t0+1)

n
∑

i=1

t1
∑

t=t0

Yit is the average of total GDP of each

country in the period under examination. The above matrix shows that when a country
has a larger share of total GDP, its impact on neighboring countries is also significant.

2.2.4. Nuclear Density Estimation

Kernel density estimation is used in probability theory to estimate the density function
of the location, and it belongs to one of the nonparametric testing methods, as recom-
mended by Botev et al. [70]. The article uses the kernel density estimation method to
analyze the dynamic distribution characteristics of arable land investment potential in
countries along the BRI. Suppose the density function of the random variable X is f(x). The
estimated probability density of point x is given by:

fx =
1

Nh

N

∑
i=1

K
(

Xi − x
h

)
(14)

where N denotes the number of observations, h is the bandwidth Xi is the observation, and
x is the mean value. K(·) is the kernel function, and the Gaussian function is chosen for
estimation in this analysis, and the expressions are:

K(x) =
1√
2π

exp
(
− x2

2

)
(15)

lim
N→∞

h(N) = 0, lim
N→∞

Nh(N) = N → ∞ (16)

2.2.5. Trend Analysis

The trend surface approximates the actual surface and accurately simulates the dis-
tribution pattern of geographic elements in space [71]. The study explores the divergent
trends in the countries’ spatial patterns of arable land inves tment potential along BRI by
employing trend surface. Assuming that Zi(xi, yi) is the arable land investment potential of
a country and (xi, yi) is the spatial plane coordinates, the calculation formula is:

Zi(xi, yi) = Ti(xi, yi) + εi (17)

where Ti (xi, yi) is a trend function indicating the trend of investment in arable land in
each country, while εi is the auto-correlated random error, reflecting the error between
each country’s actual and trend values of arable land investment potential. In the analysis,
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a second-order polynomial is used to measure the trend value, as it is superior to other
methods such as data-scape and kriging [72], and the formula is:

Ti(xi, yi) = β0 + β1x + β2y + β3x2 + β4y2 + β5xy (18)

2.3. Indicator System Construction

The article draws on the index system constructed by Tian et al. [26], with the arable
land investment potential evaluation index system as the target layer and the resource
endowment, production conditions, economic conditions, and political environment of the
host country as the criterion layer (Table 2). As each region has not quantified the same
land prices, and, the deal is confidential most of the time, access to the transaction amount
of relevant data is relatively rare [73,74], and therefore, for constructing the index, the study
omits the price of land.

Table 2. Evaluating the index system of arable land investment potential.

Target Layer Guideline Layer Indicator Layer Unit

Arable land investment
potential evaluation

index system

Resource Endowment

Arable land per capita ha/per
Arable land area ha

Land area ha
Agricultural land area ha

The proportion of arable land that can be expanded %

Production conditions

Annual freshwater withdrawal for agriculture cubic meter
Crop production index -
Food production index -

Total workforce per
Percentage of employed persons in agriculture %

Economic conditions

Cereal production kg/ha
GDP per capita USD

GDP growth rate %
Logistics performance index -

Political Environment

Civil rights -
Political and social stability -

Government efficiency -
Quality of social regulation -

Laws and regulations -
Control of corruption -

2.3.1. Resource Endowment

Resource endowment is an investment background resource composed of natural
geographic conditions, determining regional arable land investment [75]. It is generally
difficult to change in the short term, including arable land and agricultural land. In the
study, the resource endowment is expressed by five indicators: arable land area per capita,
arable land area, national land area, agricultural land area, and arable land expandable
ratio. Among them, the arable land expandable ratio refers to the difference between the
ratio of agricultural land to the national land area of the country and the ratio of arable
land area to the national land area. If a country possessed a rich resource endowment,
there would be more significant investment potential [76].

2.3.2. Production Conditions

Production conditions include material conditions, production materials, and labor
conditions, including agricultural water, quality of arable land, and labor conditions, in
addition to the existing arable land area. The better production conditions provide a
significant potential for investment in arable land in the country [77]. In the analysis,
five indicators indicate the production conditions: annual freshwater withdrawal from
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agriculture, crop production index, food production index, total labor force, and the share
of employed people in agriculture.

2.3.3. Economic Conditions

In addition to land and labor, capital is also a key factor of production, and the
economic conditions reflect the labor cost of the country, which is the primary consideration
for the export of capital from the investing country to the host country [78]. Apart from
per capita GDP and GDP growth rate, the analysis adds cereal production and logistics
performance indices to characterize the national economy. While cereal production reflects
the country’s agricultural productivity to a certain extent, the logistics performance index
reflects the level of logistics and trade.

2.3.4. Political Environment

Political environment refers to a country’s general political context in a certain period
concerning the country’s dealings with other countries and cooperation. A country with
a good political environment and resources can attract more countries to cooperate and
invest [79]. On the contrary, even if a country has rich resources, if the political environment
is unstable, policy changes frequently, and there is a high level of corruption, it is difficult to
attract investment from other countries [80]. Therefore, the political environment can have
a significant impact on the investment potential of arable land. The article characterizes
the political environment of each country using six indicators: civil rights, political and
social stability, government efficiency, quality of social regulation, laws and regulations,
and control of corruption.

3. Results
3.1. Evaluation of the Investment Potential of the Host Country’s Arable Land

Arable land investment potential is a relatively fuzzy concept [81]. The study classifies
each country’s arable land investment potential into the corresponding categories more
accurately by fuzzy C-mean clustering to analyze the distribution of investment potential of
each country in a preliminary comparison. The countries are classified into three categories
according to their arable land investment potential characteristics. Namely, high investment
potential, average potential, and low potential, and the relevant data are clustered for 2010
and 2016, respectively. The results show that the classification of arable land investment
potential in countries along the BRI has not changed much between 2010 and 2016, and
only a few countries have changed their potential categories. Among the 119 countries in
2016, 50 countries have a high potential for investment in arable land, two more than in
2010, 39 countries are of average potential for investment in arable land, two more than in
2010, and 30 countries have a low potential for investment in arable land, four less than
in 2010.

Overall, 42% of the countries have a high potential for an arable land investment, and
only 25% of the countries have a low potential for an arable land investment, indicating that
the countries along the BRI have a better investment environment and can be China’s first
choice for arable land investment. In addition, the clustering results show that 90% of the
countries with high arable land investment potential in 2016 are located in Africa and Asia,
with most European countries having average arable land investment potential. However,
most countries with low potential are still concentrated in Africa and Asia, indicating that
African and Asian countries along the BRI have more potential for arable land investment
than other regions (Table 3).
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Table 3. Distribution of arable land investment potential in countries with the “belt and road initiative” in 2010 and 2016.

Category

Region and Period

Africa Asia Europe Oceania South America North America Total

2010/2016 2010/2016 2010/2016 2010/2016 2010/2016 2010/2016 2010/2016

High potential 27/27 16/18 1/2 1/1 3/2 0/0 48/50
Average
potential 2/3 7/8 20/20 1/1 2/2 5/5 37/39

Low potential 10/9 12/9 5/4 1/1 3/4 3/3 34/30

3.2. Analysis of the Investment Environment in Different Dimensions

In order to assess the investment environment of the countries along the BRI, the study
analyzes the four dimensions (resource endowment, production conditions, economic
conditions, and political environment) through fuzzy C-mean clustering. In addition to the
vast investment potential of each country, we explore the distribution of resources in each
dimension to provide more detailed reference information for the investment countries. The
study is intended to provide more detailed reference information for investing countries.

The distribution of countries’ resource endowments along the BRI in 2016 is not very
different from that in 2010, but in general, there is a slight trend of positive changes in
the investment potential of arable land (Figure 3). In terms of resource endowment, most
countries with high potential for investment in arable land are mainly located in Africa and
Asia, while some countries with low potential still exist in Africa and Asia. While most
European countries have poor resource endowment status and low investment potential,
countries in other continents have the average potential for investment in arable land.
Overall, results show that African and Asian countries have a more significant advantage
in resource endowment and have more significant potential for development.
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Figure 3. Distribution of resource endowments within “the belt and road initiative” countries.

As shown in Figure 4, in 2016 and 2010, the distribution pattern of production condi-
tions in countries along the BRI has changed relatively little, and the countries with more
significant investment potential are still mainly concentrated in Africa and Asia. Most
European countries have less investment potential. This could be due to the fact that
most developing countries in Africa and Asia are predominantly agricultural countries
with better production conditions regarding the amount of fresh water in agriculture and
people employed in agriculture [82]. European countries have less productive conditions,
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probably due to the gradual shift of gravity to non-agriculture in most European countries,
with fewer resources remaining for agricultural production.
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Figure 5 shows that the economic conditions of the countries along the BRI in 2016 are
significantly higher than those in 2010. The economic conditions of some African and Asian
countries are unstable and found low to average investment potential, and some European
countries have average to high investment potential. There was little change in Oceania.
Additionally, America shifted from average to higher investment potential. However, as
most African and Asian countries still have economic barriers, they have small investment
potential, indicating that the economic conditions are still the shortcomings of investment
in arable land in Africa and Asia. In contrast, European countries have a more significant
advantage in economic conditions.
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As shown in Figure 6, the deterioration of the political environment in African coun-
tries between 2010 and 2016 has led to low potential for investment in arable land in most
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countries. Asia also has a more significant portion of countries with less potential for
investment in the political environment and still has more room for improvement. The
political environment in European countries has always remained relatively good, with
most countries having average and above arable land investment potential.
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3.3. Investment Potential Value of Arable Land

The fuzzy C-mean clustering method provides a comprehensive cluster of 119 coun-
tries’ arable land investment potential by size but cannot derive the specific potential value
of each country and its ranking [83]. Therefore, the study uses the entropy weighting
method to analyze further and assign weights to each indicator to calculate the potential
value and provide relevant data for studying the spatial correlation of arable land invest-
ment potential, as suggested by Lu and Huang [84]. By calculating each indicator of arable
land investment potential (Table 4), it can be seen that there is not much difference between
the weight values derived using 2010 and 2016 data.

Table 4. Weight of each index of arable land investment potential within “the belt and road initiative countries”.

Guideline Layer 2010 Weights 2016 Weights Indicator Layer 2010 Weights 2016 Weights

Resource
Endowment 0.5080 0.5176

Arable land per capita 0.0519 0.0575
Arable land area 0.1506 0.1529

Land area 0.1634 0.1642
Agricultural land area 0.1317 0.1327

The proportion of arable land that can be expanded 0.0103 0.0104

Production
conditions

0.2173 0.2243

Annual freshwater withdrawal for agriculture 0.0290 0.0283
Crop production index 0.0161 0.0164
Food production Index 0.0106 0.0157

Total workforce 0.1181 0.1163
Percentage of employed persons in agriculture 0.0435 0.0477

Economic
conditions 0.1652 0.1636

Cereal production 0.0351 0.0415
GDP per capita 0.1087 0.1016

GDP growth rate 0.0102 0.0040
Logistics performance index 0.0111 0.0165

Political
Environment

0.1095 0.0946

Civil rights 0.0185 0.0207
Political and social stability 0.0123 0.0107

Government efficiency 0.0208 0.0165
Quality of social regulation 0.0123 0.0138

Laws and regulations 0.0210 0.0113
Control of corruption 0.0246 0.0216
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However, the study mainly relies on the 2016 results for the interpretation of its out-
comes. Resource endowment in the criterion layer contributes the most to the investment
potential of arable land, with a weight of 51.76%, and the country area plays the most
significant role, with a weight of 16.42%. The situation is followed by production con-
ditions, which contribute 22.43% to the investment potential, with the most significant
weight of 11.63% for the total labor force in the indicator layer. The economic conditions
contribute 16.36%, and the most significant weight is 10.16% for GDP per capita. Seemingly,
the political environment contributes less to the investment potential of arable land, with a
weight of 9.46%.

The combined value of arable land investment potential for each country was calcu-
lated by evaluating the weights in Table 4 with the standardized indicator values, and
the results are shown in Table 5. There is little change in the potential values between
2010 and 2016 for each country, and the 2016 results are used as the primary basis for
the analysis. The five countries with the highest potential values are Russia, Kazakhstan,
Indonesia, Saudi Arabia, and Pakistan. The five countries with the lower potential are
Maldives, Lesotho, Congo (Brazzaville), Gambia, and Montenegro. A total of 10 Asian
countries, 6 African countries, 3 European countries, and 1 Oceanian country are among
the top 20 countries in investment potential value. The bottom 20 countries include 4 Asian
countries, 8 African countries, 4 European countries, 3 North American countries, and
1 Oceanian country. As per the range of larger and smaller investment potentials, both
Asian and African countries account for a larger share, while the investment potentials of
countries in other continents are mainly in the middle stage, further verifying the cluster
analysis’s conclusion.

Table 5. The potential value of the arable land investment in countries along the “belt and road" initiative.

Country Potential Value (2010/2016) Country Potential Value (2010/2016) Country Potential Value (2010/2016)

South Africa 0.2437/0.2331 Mongolia 0.2149/0.2196 Czech Republic 0.1544/0.1475
Senegal 0.1534/0.1469 East Timor 0.1232/0.1175 Bulgaria 0.1315/0.1305

Sierra Leone 0.1199/0.1221 Malaysia 0.1575/0.1485 Slovakia 0.1374/0.1358
Côted’Ivoire 0.1194/0.1378 Myanmar 0.1554/0.1724 Albania 0.1348/0.1404
Cameroon 0.1478/0.1437 Cambodia 0.1499/0.1483 Croatia 0.1361/0.1312

Guinea 0.1256/0.1346 Vietnam 0.2020/0.2008 Montenegro 0.0975/0.0838
Ghana 0.1722/0.1592 Laos 0.1447/0.1588 Estonia 0.1546/0.1574
Zambia 0.1813/0.1699 Brunei 0.1452/0.1223 Lithuania 0.1507/0.1729

Mozambique 0.2059/0.1868 Pakistan 0.2304/0.2439 Slovenia 0.1510/0.1352
Gabon 0.1177/0.1046 Sri Lanka 0.1391/0.1356 Hungary 0.1426/0.1355

Namibia 0.1720/0.1647 Bangladesh 0.1906/0.1873 North Macedonia 0.1320/0.1122
Mauritania 0.1578/0.1544 Nepal 0.1476/0.1513 Romania 0.1531/0.1556

Angola 0.1667/0.1699 Maldives 0.0841/0.0719 Latvia 0.1454/0.1666
Djibouti 0.0962/0.0860 UAE 0.2019/0.2059 Ukraine 0.1987/0.2072
Ethiopia 0.2261/0.2289 Kuwait 0.1763/0.1435 Belarus 0.1235/0.1154
Kenya 0.1687/0.1795 Turkey 0.2298/0.2135 Moldova 0.1053/0.1085
Nigeria 0.2370/0.2354 Qatar 0.2135/0.1724 Malta 0.1615/0.1398
Chad 0.1846/0.1764 Oman 0.1581/0.1556 Portugal 0.1835/0.1691

Congo (Brazzaville) 0.0795/0.0790 Lebanon 0.1030/0.0858 Italy 0.2082/0.1901
Zimbabwe 0.1315/0.1323 Saudi Arabia 0.2767/0.2688 Luxembourg 0.2570/0.2354

Algeria 0.1699/0.1673 Iran 0.1914/0.1939 New Zealand 0.2267/0.2175
Tanzania 0.2152/0.2228 Iraq 0.1115/0.1058 Papua New Guinea 0.1174/0.1152
Burundi 0.1197/0.1174 Afghanistan 0.1522/0.1507 Fiji 0.1074/0.1216

Cape Verde 0.1354/0.1255 Azerbaijan 0.1220/0.1214 Chile 0.2075/0.1875
Uganda 0.1449/0.1470 Georgia 0.1277/0.1331 Guyana 0.1416/0.1444
Gambia 0.1043/0.0824 Armenia 0.1203/0.1206 Bolivia 0.1732/0.1722

Togo 0.1068/0.1111 Kazakhstan 0.3616/0.3659 Uruguay 0.1984/0.1934
Rwanda 0.1356/0.1313 Kyrgyzstan 0.1210/0.1212 Venezuela 0.1323/0.1212
Morocco 0.1804/0.1669 Tajikistan 0.1206/0.1175 Suriname 0.1335/0.1206

Madagascar 0.1834/0.1762 Uzbekistan 0.1461/0.1467 Ecuador 0.1303/0.1287
Tunisia 0.1360/0.1275 Thailand 0.2156/0.2021 Peru 0.1870/0.1844
Libya 0.1360/0.1356 Indonesia 0.3318/0.3331 Costa Rica 0.1501/0.1459
Egypt 0.1655/0.1542 Philippines 0.1773/0.1717 Panama 0.1269/0.1278
Liberia 0.0981/0.0941 Yemen 0.1250/0.1034 Salvador 0.1181/0.1116
Lesotho 0.0989/0.0783 Cyprus 0.1701/0.1393 Dominica 0.1269/0.1276

Comoros 0.0932/0.0973 Russia 0.6280/0.6364 Trinidad and Tobago 0.1034/0.0927
Benin 0.1232/0.1242 Austria 0.2041/0.1868 Barbados 0.1478/0.1301
Mali 0.2007/0.1994 Greece 0.1754/0.1508 Cuba 0.1140/0.1171

Niger 0.2333/0.2361 Poland 0.1824/0.1731 Jamaica 0.1019/0.0979
Republic of Korea 0.1933/0.1836 Serbia 0.1230/0.1196
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Figures 7 and 8 show the spatial distribution pattern of arable land investment poten-
tial in 119 countries along the BRI. The value of arable land investment potential in the
countries increased in 2016 compared to 2010. Among them, the investment potential of
arable land in most countries in Asia and Europe is at the upper-middle level, most of the
African countries have the lower-middle level of arable land investment potential, and
some countries have more significant potential. The investment potential of the American
countries is at the middle-to-lower level.
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3.4. Exploratory Spatial Analysis

With the development of overseas arable land investment markets and the expansion
of inter-regional openness, the spatial linkages between arable land investment potential
are becoming more significant. In order to explore the spatial dispersion and agglomeration
characteristics and distribution trends of arable land investment potential in each country
along the BRI, the study conducts an exploratory spatial analysis further to analyze the
distribution pattern of potential in each country.

3.4.1. Global Spatial Autocorrelation Analysis

The section performs a global autocorrelation analysis of each country’s arable land
investment potential to examine the correlation and variability across regional aggregates
and study the overall trend of its spatial correlation. Table 6 shows that under the spatial
weight matrix of economic distance, the global Moran’s I index of arable land investment
potential of BRI countries is negative and passes the significance test in 2010 and 2016.
Therefore, it indicates a significant negative correlation between the arable land investment
potential of each country. However, the absolute values of Moran’s I are smaller, and the
negative correlation is relatively weaker, and the Z value in 2016 is more significant than
that in 2010, indicating that the spatial dispersion of the investment potential of arable
land in countries along the BRI has decreased by 2016. Overall, the spatial dispersion
and variability of arable land investment potential in countries along the BRI are more
significant than the agglomeration, which may be caused by the differences in resource
endowments and other conditions.

Table 6. Moran’s I index test of cultivated land investment potential index of countries along “the belt and road initiative".

Investment
Potential

Resource
Endowment

Production
Conditions

Economic
Level

Political
Environment

2010 2016 2010 2016 2010 2016 2010 2016 2010 2016

Moran’s I −0.053 −0.047 −0.068 −0.067 0.008 0.008 0.001 −0.007 0.020 0.019
E(I) −0.008 −0.008 −0.008 −0.008 −0.008 −0.008 −0.008 −0.008 −0.008 −0.008

Z value −2.206 −1.923 −3.119 −3.060 0.800 0.807 0.462 0.076 1.368 1.313
p value 0.014 0.027 0.001 0.001 0.212 0.210 0.322 0.470 0.086 0.095

In the criterion layer, the global Moran’s I index of resource endowment in 2010 and
2016 is negative and passes the significance test, indicating a significant negative corre-
lation between the distribution of resources in countries along BRI. There are significant
differences in the distribution of resources in countries with similar levels of economic
development. The distribution of resources in countries along the BRI has a negative corre-
lation, and the distribution of resources in countries with similar economic development
levels is different, showing the distribution of “large, mixed and small cluster”. By 2016,
the absolute value of the Z-value had slightly decreased, indicating that the dispersion of
the resource distribution is decreasing. The global Moran’s I indices for both production
conditions and political environment are positive, but the p-values are more significant
than 0.05; therefore, the original hypothesis is accepted. It indicates that the overall spatial
correlation between production conditions and the political environment in each country is
not significant. However, drawing on related studies, Moran’s 1 > E(I) and Z > 0 suggest a
non-significant correlation between production conditions and the political environment in
each country in space. The economic conditions Moran’s I index was positive in 2010 and
negative by 2016, but none of them passed the significance test, indicating that the spatial
correlation of the economic conditions of each country is not significant.

3.4.2. Local Spatial Autocorrelation Analysis

The global spatial autocorrelation analysis reveals the overall spatial pattern of arable
land investment potential in the countries along the BRI. In order to examine the local cor-
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relations of arable land investment potential in each country in more detail, to understand
the spatial clustering status of high and low values of arable land investment potential
in 119 countries, and to explore their local spatial variability and correlation, the article
conducts a local spatial pattern analysis.

The results show that the local Moran’s I index is still negative and significantly rejects
the original hypothesis of “no spatial autocorrelation” for some countries, consistent with
global spatial autocorrelation test results. In order to represent the test of spatial correlation
more graphically, the study also describes it by drawing a scatter plot. The horizontal
coordinate represents the arable land investment potential, and the vertical coordinate is
the spatially lagged data of investment potential. For better understanding, the plot is
divided into four quadrants. The first and third quadrants reflect local spatial positive
autocorrelation, indicating H–H agglomeration and L–L agglomeration types. On the
other hand, the second and fourth quadrants reflect local spatial negative autocorrelation,
indicating L–H and L–L agglomeration types, denoting L–H and H–L are agglomeration
types, respectively.

As shown in Figure 9, most countries in the two different years fall in the second,
third, and fourth quadrants, further rejecting the original hypothesis that the arable land
investment potential shows a random distribution in space. The countries along the BRI
with high and low arable land investment potential are spatially represented by large and
small clusters. However, the countries with low potential still dominate, and more countries
belong to the low and high low types and are connected into pieces. Interestingly, the
Moran’s I value decreases from −0.053 in 2010 to −0.047 in 2016, indicating that the spatial
correlation between the investment potential of arable land in each country is weakening.
In contrast, the number of countries in the first quadrant (high–high agglomeration) and
the third quadrant (low–low agglomeration) decreased by 2016, validating the results
of the global correlation analysis. However, Sierra Leone and Russia in the second and
fourth quadrants are far from the origin, further proving that Sierra Leone’s arable land
investment potential is low and Russia’s arable land investment potential is much higher
than the other countries. In summary, the analysis shows that countries with similar arable
land investment potential no longer tend to be spatially contiguous due to differences
in resource endowments and policy conditions across countries. The degree of spatial
dispersion is higher than the degree of spatial dispersion agglomeration.
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3.4.3. Nuclear Density and Trend Surface Analysis

In order to continue exploring the differences in the clustering of arable land invest-
ment potential over time in each country, kernel density estimates were performed for 2010
and 2016 using a kernel density function to obtain a distribution for both years. The results
of kernel density estimation of arable land investment potential in countries along the BRI
are shown in Figure 10. It shows that: (i) the kernel density curve did not shift significantly
from 2010 to 2016, indicating that the investment potential of arable land did not change
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much in each country during the study period and remained relatively stable. (ii) There is
only one peak in the graph, and the steepness of the peak in 2016 has slightly increased
compared with that in 2010, indicating a polarized pattern of investment potential in arable
land in countries along BRI. (iii) The investment potential of cropland in most countries is
concentrated between 0.1 and 0.2, and the trend of the wave moving to both sides is not
apparent, indicating that the low investment potential of cropland in most countries will
persist for a long time.
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Figure 10. Kernel density estimation of arable land investment potential of countries along “the belt
and road initiative”.

The trend surface analysis method is used to analyze the trend characteristics and
determine the distribution law and development trend. As shown in Figure 11, the arable
land investment potential in 2010 and 2016 is represented by the vertical direction Z-
axis, the due east direction by X-axis, and the due north direction by Y-axis. The two
trend lines are fitted lines of points in space projected to the X–Z plane and Y–Z plane,
respectively. However, none of the trend lines parallel the X–Y plane, indicating specific
spatial divergence characteristics of the arable land investment potential. Overall, the
investment potential of arable land in countries along the BRI is high in the east and low in
the west, with a shaped divergence between the north and the south, and the difference in
the north–south direction is slightly larger than the east–west direction.
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4. Discussion

For a better understanding of investment potential, countries are classified into “high
potential”, “average potential”, and “low potential” based on the fuzzy C-mean cluster
analysis. Nearly 42% of countries are classified in the “high potential” group, and more
than half belongs to African and Asian region. Further, the study clusters those coun-
tries into four dimensions of the investment environment. The results show that African
and Asian countries have better resource endowments and production conditions, which
contribute more to the investment potential of arable land but have unstable economic
conditions in political environments. European countries, in contrast, have better eco-
nomic conditions and political environments but less optimistic resource endowments and
production conditions. In order to obtain accurate estimates of investment potential, the
entropy weighting method was applied to measure the weights of each indicator further
and then calculate the investment potential of each country’s arable land. The results show
that resource endowment contributes the most to the investment potential of arable land
with a weight of 51.76%, followed by production conditions with a weight of 22.43%, and
the remaining two dimensions, economic conditions and political environment, contribute
less to the investment potential of arable land. Moreover, by calculating the potential value
of the arable land investment in each country by weighting, the potential value ranges
from 0.0719 to 0.6364 in 2016, which is higher than in 2010. Most countries in Asia and
Europe are in the upper-middle range of potential. Most African countries are in the lower
middle class.

From the spatial pattern, the global Moran’s I index results show a significant nega-
tive correlation between the spatial distribution of investment potential in arable land in
countries along BRI in 2010 2016. Investment potential is more spatially discrete and hetero-
geneous than agglomerative, resulting in negative correlations and decreased dispersion in
2016 compared to 2010. Resource endowment also has a significant negative spatial correla-
tion in the criterion layer, and the remaining variables have insignificant spatial correlations.
The Moran’s I scatterplot shows that countries with low investment potential in arable land
dominate, with more contiguous countries belonging to the low–low and high–low types,
and the distribution has prominent spatially non-homogeneous characteristics.

From the distribution pattern and trend, the kernel density curve shows that the
investment potential of arable land in countries along the BRI has a bifurcated pattern and
remains stable in the long term. Most countries will have investment potential concentrated
between 0.1 and 0.2 in the long term. The trend surface shows that the spatial distribution
of arable land investment potential in each country is high in the east and low in the
west, with a shaped divergence in the north–south direction, and the difference in the
north–south direction is more significant than that in the east–west direction.

5. Conclusions

Based on macro data, the study constructs a comprehensive evaluation index system of
arable land investment potential of countries along the “belt and road initiative” from four
distinct dimensions: resource endowment, production conditions, economic conditions,
and political environment. The existing researches have not fully captured this crucial issue.
More specifically, the article evaluates and measures the arable land investment potential
of 119 countries along the BRI using the fuzzy C-mean cluster analysis method and entropy
weight method. The spatial correlation analysis of arable land investment potential of 119
countries along the BRI in 2010 and 2016 has also been portrayed. The distribution and
trend of each country’s arable land investment potential are further explored by using the
kernel density estimation and trend surface analysis method based on the ESDA method
from the spatial and temporal perspectives. We also explore the spatial relationship of
the investment potential of cultivated land in various countries and trace the changes
in time and space of those potential countries. We provide an in-depth analysis of the
characteristics of the investment potential of each country and provide an appropriate
investment strategy for Chinese companies.
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The investment potential of arable land in BRI countries is high in the east and low in
the west, with a U-shaped distribution pattern in the north and south. Chinese companies
should accurately grasp each country’s differences in resource endowments and production
conditions when choosing a host country, give full play to regional advantages, optimize
investment layout, and improve the level of investment. Moreover, they should try to
choose countries in regions with more significant investment potential, such as Asia and
Africa. On the one hand, Asia and Africa have better resource endowments and production
conditions, but their economic and political environments are inadequate to fully use
China’s economic advantages to some of its potentials. Large countries make investments
and complement each other’s advantages to achieve a win–win effect. The more they grasp
the characteristics of the investment environment, the more conducive to giving full play
to regional advantages. It is conducive to optimizing the investment layout and improving
the level of investment in cultivated land.

Due to negative spatial correlation, there are apparent differences in the investment
potential of arable land in various countries. Therefore, it is necessary to fully consider
their regional characteristics and avoid low agglomeration areas. This study can help any
investors considering investing in arable land in the studied countries. Although additional
investments in agriculture in developing countries by the private and the public sector
should be welcome in principle, the scale, the terms, and the speed of land acquisition
have provoked opposition in some target countries. The investment potential of arable
land in the countries along the “belt and road” is high in the east and low in the west, with
a U-shaped distribution pattern in the north and south. Therefore, the next step should
be to focus on the arable land investment environment of countries in the southeast and
northeast, explore existing investment cases, explore better modes of investment, and
increase investment in countries with a good investment environment.

As the core data frame of the study is relatively narrowed (2010–2016), future re-
searches should explore the investment potential with the broader timeframe. In addition,
the indicator system for measuring the investment potential of cultivated land based on
secondary data sources could provide a bias assumption to find the indicators of cultivated
land quality, which leads to some errors in the results. Thus, it will be more interesting if
future research can focus on empirical setup for crafting the indicator systems. Due to the
lack of available data, land price has been omitted from the index-building. The study only
studied 119 countries, and the other 19 countries’ data have not been compiled as those
countries’ data have been restricted by their government. This is the main limitation of
the study. Future research needs to include all factors that affect the investment potential
of arable land into the indicator system. The trends of resource endowment, production
conditions, economic conditions, and political environment should be cultured with the
structural model to provide an in-depth understanding of the inner relationship. It would
be of great interest to verify the methodology at a country level to specify the regional
differences within one country for future studies. It would also be interesting to comple-
ment the study with environmental regulations: how and to what extent environmental
regulations can impact the investment potential could be an excellent research scope.
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