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Abstract

China is accused of ‘land grabbing’ and neo-colonialism because of its FDI investments in Africa.
As an exploratory study, this master’s thesis uses macroeconomic data from 48 Sub-Saharan
African countries to investigate the host-country determinants of Chinese land investments in
that region. Also, differences in investment strategies for Chinese and non-Chinese investors are
looked at. Lastly, it is investigated whether China intends to export their agricultural products
back to China as a solution for Chinese food insecurity. The results of this study show that
Chinese land investments are attracted by large, corrupt, poor, and agricultural countries, that
the Chinese investment strategy does not seem to differ much from the non-Chinese strategies,
and that there is no clear evidence that China intends to export their agricultural products back
to China.
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1 Introduction

China faces a growing food security problem (Alden, 2013). The domestic production is no
longer able to provide for the Chinese consumption. There are several reasons; the total area
of agricultural land in China is decreasing (De Schutter, 2011; Cui & Kattumuri, 2010; Zhao,
Luo, Deng, & Yan, 2008), the quality of the land is getting worse, and a changing diet of
Chinese people puts the remaining area under high pressure (Cui & Kattumuri, 2010; Alden,
2013; Popkin, 2008; Naughton, 2007, pp. 266, 498). This is exaggerated by China’s population
growth and a high number of farmers that is moving to urban areas (Cui & Kattumuri, 2010;
Fortune Industry Perspectives and DuPont, 2013; Naughton, 2007, p. 152). And even though
China seems a huge country, the total area available for agriculture is relatively small; it has only
7 per cent of the world’s arable land (Zhang, 2011). Up to now, China has been able to remain
largely self-sufficient in grains—rice, wheat, maize, and soya beans—but concerns for the future
are growing.

Increasing domestic production will not be sufficient to make up for the increase in demand
and the Chinese government is very careful in being dependent on the world market for food
imports (Hongzhou, 2013; Smaller, Wei, & Yalan, 2012; Cui & Kattumuri, 2010). As a result,
there is potential for investing in arable land outside its own borders to produce food for its
domestic market. Africa, having almost half of the world’s agricultural land suitable for expansion
of crop production (The World Bank, 2013), provides for a good investment in agricultural land
for Chinese multinational enterprises (MNE’s). Acquisitions of land in Africa by Chinese firms
have indeed been confirmed by qualitative studies (Hofman & Ho, 2011, 2012; GRAIN, 2008),
especially in the period 2000–2008 (Hofman & Ho, 2012).

This rise in land investments did not go unnoticed. China has been accused of ‘land grab-
bing’ and even ‘neo-colonialism’ in poor and vulnerable countries. The land investments are
troubled, because it became clear that existing land rights are often neglected and that economic
advantages for Africa seem limited.

In the first part of this study, the hypothesized argument made above is reviewed in light of
the recent literature on Chinese land investments in Africa. Is there indeed potential for Chinese
land investments in Africa, and do the Chinese seem to be investing in African land for its own
food security?

In the empirical part of this study, a first exploring quantitative analysis of the Chinese land
investments is made. This is done using cross-sectional data from 48 Sub-Saharan countries. The
main research objective of this study is to find out which specific characteristics in Sub-Saharan
African countries attract Chinese land investments. It will be possible to identify the driving
forces behind land investments. For example, whether the model shows that land investments
are more targeted towards poorer countries. In doing so, it is necessary to determine all possible
factors influencing the investment decisions. The theoretical model will cover this.

From these determinants, it should also be possible to make some statements about the
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intentions of Chinese investors and whether there are indications that China aims at exporting
food back to China.

Land investments from other countries in Africa are modelled the same way. Comparing
the Chinese investments and investments will describe the differences of investment strategies
and will make it possible to elaborate on whether Chinese land acquisitions are more apparent
than other countries’ land investments. It is also helpful in determining the robustness of the
regression models.

2 Literature review

This section will review the literature on the topic of Chinese food insecurity and the possible
responses. Since the Chinese government does not want to rely on the international food market
and domestic production is not able to keep up, there will be potential for investing in land
abroad. Africa will prove to be a good target region and the Chinese have invested heavily in
the continent. The earlier qualitative and quantitative studies will be covered in this section.

2.1 China’s food security problem

The Chinese government considers domestic food production as the cornerstone of its food se-
curity strategy, but China has to turn to international sources to meet rising domestic food
demand (Hongzhou, 2013). China’s core response, besides stimulating domestic production by
investing in agricultural technology, water and rural infrastructure, will be to increase food
imports from other countries in the future (Freemantle & Stevens, 2011; Hongzhou, 2013). Ac-
cording to Hongzhou (2013), China will turn to international sources especially for its quest for
cereal self-sufficiency.

And imports of many commodities have gone up already, as Table 1 on page 3 below shows.
In this table, the total trade value of China’s imports in 2011 is compared to the value in 2001.
That last year is chosen specifically because China joined the World Trade Organisation (WTO)
in that year. China drastically reduced many import tariffs on certain core agricultural and ‘land-
intensive’ commodities. A much quoted example is the soya bean import tariff, which decreased
from 114 per cent to just 3 per cent in 2002, resulting in a substantial import growth over in
the next two years (Huang & Rozelle, 2002; Freemantle & Stevens, 2011; Freeman, Holslag, &
Weil, 2009). In 2012, the WTO reported that China has become world’s largest importer of
agricultural products (Bloomberg News, 2012).

The increased imports are a clear signs that China can not keep up with the growing demand
for agricultural goods with its domestic production (Smaller et al., 2012). Up to 2003, China
was a net exporter of food, but has been a net importer since (Freeman et al., 2009). By
2010, China accounted for 9 per cent of total agricultural imports in the world. China’s main
agricultural imports are soya beans, cotton and palm oil. They made up for 38%, 9% and 8% of
total agricultural imports in 2010, respectively (Smaller et al., 2012). Most of China’s imports
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Table 1: Chinese imports of selected agricultural imports (in million US$)

Year Dairy products Soya beans Cotton Palm oil Wool Sugars Cereals

2011 2,658 29,726 14,730 6,634 3,841 2,132 2,016
2001 219 2,810 2,941 425 1,897 376 607
Increase 1214% 1058% 501% 1561% 202% 567% 332%

Source: United Nations Commodity Trade Statistics Database (n.d.).

come from Asia and the Americas. As for soya beans, China’s number one agricultural import
commodity, they are coming from the America’s for 99 per cent, while rubber imports come from
Asia for roughly 75 per cent (Freemantle & Stevens, 2011). Predictions say that China’s import
demand for agricultural products will grow at double-digit rates over the next 25 years (Trinh,
Voss, & Dyck, 2006, p. 7).

But there are several concerns that China has with increasing its imports; there is a fear that if
food becomes scarce, exporting countries can cut off supplies easily (Cui & Kattumuri, 2010), just
as in the 2007–2008 years of the global food crisis, when exporters resorted to export restrictions
(Hallam, 2011). Also, one must consider that China’s domestic production far outweighs the total
amount of food being traded on the world market. If China would become more dependent on
food imports, world food prices would drastically increase. Already in 1995, Lester Brown wrote
a wake-up call article from outside of China about China’s food security issues. In his article,
which was later expanded in a book titled ‘who will feed China’, this increase in world prices
was already expected if China would become dependent on world market supplies (L. R. Brown,
1995). Today, the Chinese government fears a situation in which millions of Chinese people could
not afford to eat (Cui & Kattumuri, 2010). Another reason for this concern is the high volatility
of agricultural prices (Smaller et al., 2012). This became particularly evident during and after
the food crisis, for obvious reasons. And if China becomes increasingly dependent on the global
food market for its imports, this volatility will undoubtedly increase (Cui & Kattumuri, 2010).

For these reasons, simply increasing its dependence on the world market is not considered an
ideal option. An alternative way of securing food security is covered in the next subsection.

2.2 China ‘Going Global’ and its interest in Africa and Africa’s agri-
cultural land

2.2.1 China ‘Going Global’

Since the ‘Go Global’ policy, which was introduced in the beginning of this century, investments
abroad have surged. Many restrictive barriers to invest abroad were removed at first. Later,
also positive incentives were provided for sectors that were considered important for achieving
national goals (Freeman et al., 2009; Freeman, 2008). Among the important sectors for Chinese
investments abroad are the following: “those which can obtain resources or raw materials that
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are lacking within China and which the development of the national economy urgently requires”
(Freeman et al., 2009, p. 5).

China’s search for natural resources in general is clearly a result of the the ‘Go Global’ policy;
oil, natural gas, but also mineral resources, food and agricultural products like timber and rubber
were—and still are—wanted resources (Friedberg, 2006). China’s own natural resources are no
longer sufficient to keep up with the economic development. Many important resources are not
abundant in China, only coal is an exception (Gugler & Boie, 2008).

Africa on the other hand is abundant in these resources and China seems to be securing
those resources in Africa. According to Alden, Large, and De Oliveira (2008, p. 7) the pursuit
for natural resources has been the overarching driver of Chinese investment in Africa. There is
little doubt that natural resources are at the core of China’s economic interests in Africa. Nine
of its ten trading partners are resource-rich countries (Tull, 2006). That said, China’s search
for food security is one of the most important aspects of China’s search for resource security
(Alden, 2013). That statement is supported by Hofman and Ho (2011). They mention that
securing domestic food supplies is presumed to be one of the core motives underlying China’s
land investments abroad.

2.2.2 China as a global investor in food production

Today, China is seen as a major global investor in food production, along with the Gulf States and
South-Korea (Hallam, 2011; Chamberlain & Rogerson, 2012). Chinese foreign direct investment
(FDI) stocks in agriculture1 increased from US$ 1.2 billion in 2007 to US$ 2.6 billion in 2010
(UNCTAD, 2009; MOFCOM, 2010), making it the third largest source behind the US and
Canada. But given that China’s total outward investment stock comprises more than US$ 300
billion, agriculture is still only a small faction (around 1 per cent) of China’s total FDI stocks
(Smaller et al., 2012; MOFCOM, 2010). Subsidies act as the main form of direct financial
support, encouraging firms to invest abroad in agriculture (Freeman et al., 2009).

The outward strategy of investing in agriculture has multiple goals. First, it should enable
firms to directly manage and control agricultural production. Secondly, there is an advantage
in buying directly from producers. Last, there is the aim of expanding market opportunities in
developing countries (Smaller et al., 2012). “China must ‘go out’, because our land resources
are limited”, said Jiang Wenlai of the China Agricultural Science Institute (Astyk & Newton,
2009, p. 45). And China can invest abroad, as it has over US$3.3 trillion in foreign exchange
reserves (Yongzhong & Freeman, 2013). Bräutigam and Tang (2009) mention that China will
produce greater quantities of food abroad, like Korea, Japan and other land-scarce countries are
already doing; Japan has three times its domestic farmland (12 million hectares) located abroad
(Quizon, 2012). This strategy is seen as a long-term and innovative way of feeding the people at
a good price. Furthermore, it provides greater security (Zoomers, 2010). A report by Smaller et
al. (2012) states that the acquisition of farmland is indeed one of the investment strategies that

1Includes agriculture, forestry, husbandry and fishing.
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China is pursuing.

2.2.3 Africa as a partner

Africa creates allure for China in two core areas. First, in having a lot of cheap available land;
almost half (450 million hectares) of the world’s uncultivated land suitable for expanding crop
production is in Africa (The World Bank, 2013, p. 16). According to the Food and Agriculture
Organization of the United Nations (FAO), only 14 per cent of Africa’s arable land is cultivated
(Alden, 2013). In China, as mentioned earlier, land is becoming more scarce and therefore also
more costly. Africa’s land prices remain the cheapest in the world. Around the year 2000,
the average price per hectare in Africa was between US$800 and US$1,000. In South America,
this was between US$5,000–6,000 and in the US and Germany, these prices were US$7,000 and
US$22,000, respectively (The World Bank, 1999). This was confirmed more recently, when a
chief executive of a British fund (Emergent Asset Management) stated that “land values are
very, very inexpensive”(Henriques, 2008).

The second reason why Africa is interesting for China, is that Africa’s agriculture remains
underdeveloped. Chinese technological and developmental assistance is a way for Beijing to
build bilateral ties between Africa and China (Freemantle & Stevens, 2011). China has a lot of
agricultural knowledge e.g. new techniques and seed varieties that can be adapted by African
farmers. To this extent, the Chinese government has set up different training centers in the
continent (Alden, 2013).

There are four more reasons for Chinese agricultural investments in Africa. First, consider
the significant locational advantages such as being close to big markets in the Middle East and
Europe (The World Bank, 2013).

Secondly, as China is one of the first major investors in some African countries, it could have
‘first mover‘ advantages. The challenging political and economic situation might be seen as an
economic opportunity for Chinese firms (Tull, 2006). Related to this argument is the possibility
of Chinese farmers escaping Chinese competition in the relatively untouched landscape in Africa.

Thirdly, the environmental constraints have similarities, so that Chinese farmers might al-
ready be familiar with some of the problems they face in Africa (Alden, 2013).

Fourthly, China’s search for biofuels also creates a demand for agricultural land. Biofuels are
expected to rise in demand in the coming years and Africa provides a great place to go: there
is a lot of land space, a favourable climate and cheap labour. Asian companies are said to take
over crop producing land for biodiesel production (Kraus, 2009). According to Chamberlain and
Rogerson (2012), the greatest number of projects in Sub-Saharan Africa are related to biofuels
production, but food production accounts for the largest area of land allocations.

There is also a ‘pulling’ factor: developing countries in Africa (and elsewhere) are also trying
hard to attract such investments, aiming at the exploitation of surplus land. Many countries
opened up their land for foreign investments in agriculture, under pressure of organizations such
as the World Bank and the IMF (Chamberlain & Rogerson, 2012). An almost ironic situation

5



Chinese land investments in Africa J.J. Wortelboer

arose, where food-insecure, least developed countries were selling land to rich countries to provide
for their food. That said, according to Hallam (2011), FDI could be able to provide for bridging
the investment gap that has been present for African agriculture. Alternative sources e.g. public
spending, commercial bank lending and private investments have their limitations; bank lending
is less than 10 per cent in agriculture, official development assistance has fallen from around 10
per cent to 5 per cent, and public spending on agriculture is less than 7 per cent in Africa. Micro
finance loans are usually not suitable for capital formation and are often too small.

Other scholars also see opportunities for host countries as a result of the foreign investments:
they could create employment, stimulate the development of infrastructure, and there could be
technology transfers and new crops that expand the productivity of the land, bringing increased
food production. Also, there could be quality improvements, capital inflows and forward and
backward linkages (Hallam, 2011; Van der Werf, 2012; Chamberlain & Rogerson, 2012).

Therefore, the question is not whether FDI should contribute to meeting investment needs,
but rather how. There are significant risks for all parties that should be minimized, and the
total benefits are to be maximized (Hallam, 2011). It is outside the scope of this paper to assess
the recent discussion of the development benefits of foreign direct investments, but it should be
evident that there is potential for African countries as well.

2.2.4 Land Grabbing

In any case, it is evident that Chinese agricultural investments in land in Africa (and South
America) have risen since the introduction of the ‘Go Global’ policy (Hofman & Ho, 2011).
GRAIN (2008) reported that China had sealed some thirty agricultural co-operational deals in
recent years. These gave Chinese firms access to ‘friendly country’ farmland, while the host
countries got Chinese technologies, training and infrastructural development funds in return.

This sudden rise in land related investments in Africa did not go unnoticed. Over the past
few years, China has frequently been accused of ‘land grabbing’ or ‘new-colonialism’ in poor
and vulnerable countries. There is no clear-cut definition of ‘land grabbing’, but Hofman and Ho
(2012, p. 3) use the following definition: “The acquisition of user rights abroad for an area of over
1,000 hectares in order to outsource domestic agricultural production.” A recent report by Rulli,
Saviori, and D’Odorico (2013), estimated that China acquired 3.4 million hectares of land abroad.
One could question whether ‘land grabbing’ is a positive development, as it would provide needed
investments in agriculture to boost productivity and increase production (Hallam, 2011), or a
negative one in harming food security and livelihoods of local, often poor communities (IFPRI,
2012, p. 6). Complex social, cultural and economic issues may arise, especially in the absence of
clear land rights (Cotula, Vermeulen, Leonard, & Keeley, 2009; Hallam, 2011).

The discussion of ‘land grabbing’ has received much international attention, especially since
the 2007–2008 food crisis (Cotula et al., 2009), and does not only involve China. The UK,
the US, the United Arab Emirates and Israel are also among the ‘land grabbing’ countries,
according to Rulli et al. (2013). Land can be considered as a new strategic asset, as land
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prices are low and food prices are high. The financial and food crises combined are the main
catalyst for this change (GRAIN, 2008). A thorough report by Deininger and Byerlee (2011)
for the World Bank concluded that ‘land grabbing’ does exist and that it is concerning in a
number of ways. Existing land rights are often neglected and these projects generally fail to
generate employment (Deininger & Byerlee, 2011). Later research, inspired by the findings
by the World Bank, made similar findings (Smaller et al., 2012). Recommendations included
strengthening land administration systems and ensuring responsible agricultural investments by
local governments. A further discussion of land grabbing is outside the scope of this paper, but
the World Bank report by Deininger and Byerlee (2011) provides an excellent overview.

2.3 Quantitative and qualitative analyses

Hofman and Ho (2012) critically analysed Chinese agricultural investments over the years and
concluded that in the period 2000–2008, land-based investments in Africa were on the rise. At
least eighteen new Chinese land investment projects have started in Africa. Most of these deals
were sealed before 2007, while only a few took place after that year. This is most likely due
to the global financial crisis. The infrastructural development that China established in Africa
is seen as an important catalyst for fuelling these investments. Over the period 2009–2011,
China only started two new projects in Africa. This small number is probably related to some
unsuccessful experiences that China has had in Africa. Managerial problems and accusations of
‘neo-colonialism’ resulted in many Chinese land based investments in Africa not materializing.
Civil society and political opposition parties protested against the perception of the ‘Chinese
taking over’. This is often a cause for reconsideration or complete cancellation of investments.
Over a total of more than 130 investment cases that Hofman and Ho found, around one-third
was contested to a certain degree. China did increase its investments in other, less volatile and
mature markets and regions such as Australia, Canada, New Zealand and France.

The only quantitative analysis made regarding China’s land acquisitions in Africa was done
by Claassen, Loots, and Bezuidenhout (2012). In their study, Chinese FDI over the period
2003–2008 was investigated, aimed at determining drivers of Chinese FDI in Africa. Their
study included an hypothesis for food security and regressed investment flows on the percentage
of agricultural land of the total land area in African countries and other important variables
explaining those investments. Their results show that China’s investments over that period were
significantly attracted to countries with more arable land. The assumption that this would be
related to Chinese food security was only touched upon, but not dealt with in detail.

Contrary to common belief, and also contrary to the signs and many of the evidence described
in this study so far, there is surprisingly little evidence that China is currently using African
agricultural land for its own food security. Chinese farms in Africa seem to be producing almost
exclusively for the host country’s markets, or the products are meant for export to global markets
(Bräutigam & Tang, 2009). And although government policies encourage investments in African
agriculture, the Chinese government made clear that it would not actively support outsourcing
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food production by acquiring farmland abroad (Blas, 2009). Foreign land acquisitions were not
included as a pivotal featureIn the 20-year food security strategy presented by the National
Development and Reform Commission (Bräutigam & Tang, 2009). It would rather rely on its
own land to maintain self-sufficiency in grain (Blas, 2009). An important reason is that shipping
costs for growing products like rice in Africa are too high. In general, many offshore companies
are still struggling to repay their investments, a trade promotion official said (Callick, 2008).

Perhaps that in the future the outsourcing of food could become profitable for Chinese firms
and the large State Owned Enterprises (SOE’s). To date, China’s strategy remains overtly rooted
in technical cooperation aimed at developmental goals. However, they are becoming increasingly
commercially motivated and start to involve more market-based trading arrangements (Alden,
2013; Freemantle & Stevens, 2011). Beijing is clearly seeking to build deeper relationships with
its African agricultural trading partners. “Investments, backed by state-directed assistance, in the
countries will increasingly look to produce the types of crops—such as soya beans and cotton—
for which demand in China is elevated” (Freemantle & Stevens, 2011, p. 11). With that, some
Chinese firms will have positions to control the external source of production. One must also
consider that in the African host countries, institutional mechanisms to prevent export of the
harvest are often lacking. Sometimes, export of the harvest is even promoted (Chamberlain &
Rogerson, 2012).

The conclusion of this section is that China does have an interest in African agricultural land,
but that the acquired African agricultural land is not—or not yet—meant to serve the Chinese
domestic market for its food security. The main reason is that exporting these products is simply
too costly. Maybe as food prices will rise in the future and transport costs are dropping, this
could become cost-effective. In the following sections, the empirical part of this study begins.
A regression model will be presented to determine the characteristics of host-countries and to
determine whether there are differences in the investments strategies between China and other
countries, a regression will be made. In the next section, the factors that are to be included in
the regression will be covered.

3 Theoretical model

The background of China’s food security problems and its interest in Africa is now clear. The
most important studies that have qualitatively analysed Chinese food security in relation with
African investments have been covered and one quantitative analysis that touched upon this
subject has been discussed.

In this study, a new, more empirical analysis of the Chinese land investments in Africa will be
made. This study will provide some preliminary insights on the determinants of land investments.
Because the interest of this study lies also with food security, there will be a focus on clues that
provide for the case that China could aim at exporting food back to China. Also, the Chinese
investments will be compared to land investments from the rest of the world in African countries.
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Should there be large differences in determinants and coefficients of the regressions, this could
mean that China has a different investment strategy. There is some reason to believe that China is
pursuing a different strategy, at least for FDI in general. For example, Chinese FDI is sometimes
found to be attracted by corrupt countries and politically unstable countries. It should also be
possible to make a statement regarding ‘land grabbing’ and whether Chinese companies engage
more often, or in different ways, in ‘land grabbing’ in African countries.

All the projects undertaken by Chinese and non-Chinese investors in African countries, as
researched by Hofman and Ho (2012) and Anseeuw et al. (2012), will be listed. With the available
data, it is possible to compare countries with high numbers of land investments with countries
that received less or no investments at all. In subsection 4.1, these data will be covered in detail,
but it is important to mention upfront that the year and the size of the investments are often
unknown. This is due to a lack of transparency and missing data. Unfortunately, this limitation
simplifies the matter, as the number of projects per country is simply less informative than data
containing the exact size and year of the deal.

But by regressing the number of projects on explanatory variables, using this data will still
provide useful information on the determinants of land investments and host country charac-
teristics. To the author’s knowledge, there have not been any previous attempts to investigate
Chinese land projects in African countries.

The main regressions in this study will regress the number of land acquisition projects in
an African country on a number of explanatory variables. The models are estimated for both
Chinese projects, as for non-Chinese projects. As a starting point for the determinants, the
literature on FDI will be used. Most of the investments in land are made via FDI. But since
land investments are a specific type of FDI, it is possible to include some land and agricultural
specific variables that might be determining the investment decisions. In general, five types of
factors are determined; size factors, market factors, an infrastructure factor, institutional factors
and agricultural factors. On top of that, a number of control factors are included. These five
factors, together with the control variables, should be the most important variables in explaining
the land investments of Chinese and non-Chinese investors.

A generalized regression specification can be specified as follows:

projectsi = αi + β1sizei + β2mkti + β3agri + β4policyi + β5institi + β6cntrlι + εi (1)

Where projectsi are the count of projects in land investment in a specific countryi, made by
either China or non-Chinese countries, depending on the model. The time period is 1998–2011.
This will be dealt with in more detail later. sizei specifies the scale variables of the model,
measuring the size of a country in three different ways (total land area, population size and
GDP) mkti are the market factors per country, including GDP per capita and GDP growth,
agri are all factors related to agriculture and policyi are the included policy factors. Lastly,
some control factors are included in cntrli.
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3.1 Explanatory variables

In this subsection, all variables will be explained and their theoretical justification will be given.
A short overview of the used variables, together with a short explanation and their data sources
are presented in Table 2 on page 30 in the Tables and figures section.

3.1.1 Size factors

Three size factors are being investigated in this study; total land area (in square kilometres), GDP
(in constant US$) and the population size. These all measure the size, albeit in slightly different
ways, of a country. GDP is the standard measure that is often included in FDI regressions.
In this study, population size and total land area might also be of influence. Land investors
might be attracted to bigger countries and these variables are therefore expected to be positive.
More specifically, this variable is expected to be equal to 1, as will be explained later on in
subsubsection 4.3.2 on page 17.

3.1.2 Market factors

Measures for economic interest, or market-seeking factors, are often included in regressions re-
garding FDI determinants. Usually GDP, GDP per capita and GDP per capita growth are
included. GDP was already covered in the previous subsection. GDP growth is expected to
attract land investments, as it is a measure for economic opportunities.

In regular FDI studies, a high GDP per capita is an attracting factor. Many studies show
that FDI flows and GDP per capita are positively associated (Chakrabarti, 2001). Interestingly,
the Land Matrix report suggested that the most affected countries are significantly poorer (on a
GDP per capita level) than the average, and the least affected countries in their sample (Anseeuw
et al., 2012). As the Land Matrix study is specifically about land investments, it is expected
that GDP per capita has a negative effect in this study also.

3.1.3 Agricultural factors

Because the investments are in the form of land acquisitions and are related to agricultural
purposes, a number of agricultural factors are included in the regression. For the availability of
land, three measures are included; the area of arable, agricultural and forest area (as a percentage
of the total area). The higher these numbers, the more land is available, relatively, for agriculture.
This might lead to higher investments in land. However, this land might not be available for
investors and may already be in use. To check if investors account for this fact, a ranking of the
amount of available, uncultivated land is included. This rank runs from 1 to 34. This rank was
taken from Deininger and Byerlee (2011, p. 182). In this index, Burundi has the highest rank
1, indicating that this country has the most cultivated land available. Therefore, it is expected
that a negative sign appears here; the higher this rank, the less will be expected to be invested
in these countries.
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The last agricultural variable is a proxy for the productivity of land; the cereal yield per coun-
try. This argument could go both ways; a negative relation between cereal yield and investments
could mean that investors are more interested in underdeveloped land areas. A positive relation
would probably point to the general state of the land and a possibly good climate for agriculture.
On the whole, this variable is still expected to be positively related to land investments.

Ideally, an index like the yield gap should be included in the regression. This ratio measures
the potential of land productivity against the actual achieved land productivity. A low ratio
means that the land is being managed inefficiently. For a foreign investor who is able to manage
the land efficiently, gains can be achieved. However, this data could only be found for a small
number of the African countries and could therefore not be included.

Another variable of interest is the average land price in a country. Land prices in Africa
are the cheapest in the world, as was discussed earlier, but it is also possible that within the
continent there are big differences. The higher the average price in a country, the lower the
expected number of land investments will be. Unfortunately, no reliable data on the average
land prices per country was found.

3.1.4 Policy factors

The policy variables consist of infrastructure, literacy rate, trade and inflation.
As the main infrastructure variable, a commonly used proxy is used. The number of telephone

lines per 100 people in a country proves to be a good estimator of infrastructure. This study
expects a higher number of investments in countries where the infrastructure is better. Whether
this outcome is an argument for land acquisition for domestic food production or not, is arguable;
one could argue that a better infrastructure makes it easier and more cost-effective to export
to the domestic market. On the other hand, infrastructure is an important determinant in the
general FDI theory. Investors are usually attracted by countries with better infrastructure. This
makes doing business easier and reduces transport costs.

The variable on telephone lines turns out to be highly correlated with other independent
variables in this study, thereby influencing the regression results. Therefore, the percentage of
paved roads is used as an alternative measure for infrastructure. The higher the percentage of
paved roads, the easier it becomes to reach a place, generally. The further economic reasoning
is similar as described above. It is expected that this variable yields a positive sign with respect
to the amount of projects in a country.

Inflation is included as a measure of macroeconomic stability. The higher the inflation rate,
the less stable the macroeconomic situation in an economy. It is expected that less stable
macroeconomic situations have a negative influence on land acquisitions.

Trade, measured as the sum of total imports and exports as a percentage of GDP, can be
seen as a proxy for openness. The variable measures the degree of general trade restrictions of
each country. The more a country is trading, the more open a country is, and less restricted.
This is mainly an important variable in trade relations, but it might also be of importance in
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FDI concerning land investments.
Literacy rate is also a common factor in FDI regressions. Asiedu (2006) uses it specifically in

her model of Chinese FDI to Africa. She finds a positive and significant influence of the literacy
rate. The higher the literacy rate, the more educated the people are and the higher the human
capital. This in turn relates to the marginal productivity of labor. This could attract FDI in
land investments, because when a host country that possesses a relative high level of human
capital is more attractive to FDI (Choong & Lam, 2010).

3.1.5 Institutional quality

For institutional quality, three variables are included, measuring political stability, investor pro-
tection and the control of corruption in a specific African country. The higher the political
stability and the absence of violence, the higher the political stability index. A positive sign is
expected for this variable, because a stable political situation involves less risk for the investor.
If conflicts arise, there is a higher chance that the investor loses its land, that the land gets
damaged or that the land is inaccessible. The same sign holds for the control of corruption;
higher control of corruption would mean less transaction costs due to corruption. Although this
was a generally accepted statement, some of the recent literature on Chinese FDI suggests that
China is attracted to countries with a high level of corruption. This could be due to similarities
in the corruption levels. China is relatively corrupt, and therefore already familiar with how the
system works. A final factor is given by investor protection. A higher level of investor protection
is likely to attract land investments, as the rights of the investor are better protected.

The Land Matrix report concludes that investments are made in countries with significantly
worse conditions; more corruption, more political instability and less protection of the investors’
rights (Anseeuw et al., 2012).

3.1.6 Control factors

Two control factors are investigated in this study. The first is a measure of tariff rates in the
African countries, the second a dummy variable for landlocked landlocked countries.

Tariff rates are often included in FDI regressions. The hypothesis is that countries with higher
tariff rates are targeted via FDI more often. Trade obstacles from the imposition of a tariff can
be avoided by foreign investments. The more liberalized trade is, it becomes easier to trade and
the amount of international investments are expected to reduce (Mundell, 1957).

Non-landlocked countries might attract more land investments. Landlocked countries trade on
average 30 per cent less than coastal countries and experience weaker growth (Arvis, Raballand,
& Marteau, 2007). Two reasons might be that coastal countries may have political or economic
incentives to impose costs on landlocked countries, and that infrastructure development across
national borders is more difficult to arrange than similar investment within a country (Arvis et
al., 2007). In general, transport costs for doing business with landlocked countries are higher;
often even twice as much (Rodrigue, Comtois, & Slack, 2009, p. 44). This might mean that also
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in land investments, landlocked countries have a disadvantage. Especially if the aim is to export
products back to China.

In the next section, the regression set-up is covered. The data and the data sources will be
described and the regression method will be explained.

4 Regression set-up

4.1 Data

The dataset used for this study contains a total of 48 Sub-Saharan countries2. This is a very
small number of observations, considering the complexity of the topic. Therefore, the results of
the regression estimates should not be overestimated.

4.1.1 Dependent variables

The two dependent variables (projects by Chinese investors and projects by non-Chinese in-
vestors) come from different sources. For the Chinese investment projects in Africa, data by
Hofman and Ho (2012) is used. They have investigated the Chinese land investments in detail
and looked at projects in Africa, but also in the rest of the world. In the appendix of their paper,
a list of all the projects is included, per target county. They were unable to tell the exact year
and/or size of most deals, unfortunately.

For this study, all the projects in African countries were counted and listed. Many countries
have zero, one or two projects, with only a few countries having received more than two projects.
A maximum of eleven projects was undertaken in Zambia. The distribution of the projects is as
presented in Figure 1 on page 33 in the Tables and figures section. The figure also shows the
distribution for the non-Chinese projects in African countries. In these histograms, the frequency
of a specific number of land investments is displayed. It can be seen that China has ten African
countries in which it has two land investments, and only one country in which it has eleven land
investments (in Zambia). As for non-Chinese projects, most African countries have had between
zero and ten land investments, with a maximum number of 96 projects (in Mozambique).

For both the Chinese as the non-Chinese projects, the frequency decreases as the number of
land projects decreases and it looks like a non-linear relation.

Data about the projects undertaken by the rest of the world, were gathered via the Land

2Angola, Benin, Botswana, Burkina Faso, Burundi, Cameroon, Cape Verde, Central African Republic, Chad,
Comoros, Congo, Dem. Rep., Congo, Rep., Cote D’lvoir, Eq. Guinea, Eritrea, Ethiopia, Gabon, Gambia, Ghana,
Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia, Madagascar, Malawi, Mali, Mauritania, Mauritius, Mozambique,
Namibia, Niger, Nigeria, Rwanda, Senegal, Seychelles, Sierra Leone, Somalia, South Africa, South Sudan, Sudan,
Swaziland, São Tomé and Príncipe, Tanzania, Togo, Uganda, Zambia and Zimbabwe.
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Matrix Database3. Anseeuw et al. (2012) made an analytic report about this database. These
data—at least for Chinese land investment deals in Africa—are less complete than the data by
Hofman and Ho (2012), but may be slightly more reliable. On the other hand, Hofman and Ho
(2012) have done their research more thorough than the Land Matrix Database, probably, as
they were focussing on investments from one country only. For the Land Matrix Data, the sizes
of the projects are known. The time period in which these deals have taken place is unknown
for most projects. But the assumption is made that these were done no later than 1998. The
first reported deal with the known data in the Land Matrix Database was in 2003.

The Chinese projects that are recorded in the Land Matrix Database were subtracted from the
total amount of projects in the country, as this would trouble the comparison between Chinese
and non-Chinese projects.

4.1.2 Independent variables

Regarding the independent variables, the World Development Indicators and the World Gover-
nance Indicators are used for the lion’s share of the variables. These data are published by the
World Bank and are widely used in academic research. All of the following variables were taken
from the World Development Indicators database: GDP and GDP per capita, trade openness,
telephone lines, cereal yield, agricultural value added, the percentage of agricultural, arable and
forest area, literacy rate, tariff rates and inflation.

Two out of three institutional quality estimators were taken from the World Governance
Indicators database: control of corruption and political stability. The investor protection variable
was taken from the doing business database (The World Bank, n.d.). This database was launched
in 2002 by the World Bank and the International Finance Corporation (IFC). On the website of
the database, it states that “the Doing Business Project provides objective measures of business
regulations and their enforcement across 185 economies and selected cities at the subnational
and regional level.”

The dummy variable for landlocked countries was gathered from the CEPII GeoDist database
(Mayer & Zignago, 2011).

In Table 3 on page 31 in the Tables and figures section, the summary statistics of each variable
are presented. The mean, standard error, number of observations and minima and maxima are
given for each variable included in the regression. For example, it can be seen that the average
cereal yield for African countries is approximately 1319 kg per hectare and that the maximum
literacy rate is 92 per cent. The average growth rate of the African countries over 1998–2011 was
4.69 per cent per year and the inflation rate on average 18.7 per cent per year. It is also interesting
to see that the average number of Chinese land investments is around eight times smaller than

3It should be noted that the beta version of the website was used, as this was the only available version at
the time of writing. At the end of June 2013, the finalized website was launched with updated data on land
investments. However, since this study was already in the finalization process, it was not possible to include the
new information. The results in this study could be re-estimated in a future study to check whether the results
of this study still hold.
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the average number of investments from non-Chinese investors. Note that the variables in the
regression are actually the logged values of these variables. The dummy for landlocked countries
is an exception and is not logged.

4.2 Regression method

For the analysis, observational data over one period of time is used. The data used are not
recorded over time, so allowing for fixed effects is not an option. These projects are very likely
to all taken place over the last ten years, approximately. This study uses the projects from
1998 until 2011, as was mentioned earlier. All the independent variables are averaged over that
period. For an observational regression, it is important that all variables possibly of influence are
included. Otherwise, the omitted variable bias4 is present, which results in flawed estimators.

As the primary regression model, a negative binomial regression will be used. An ordinary
least squares (OLS) estimation proved not appropriate here, due to negative predicted outcomes5.

An often used model in modelling count data is the Poisson model. This model was also not
found to be the proper model, as some of the predicted models turned out to be overdispersed.
This means that there was more variation in the data than could be expected by the distributional
assumption. A very similar model to the Poison model, only differing in the variance function to
allow for overdispersion, are special cases of the negative binomial model, which will be used in
this study. For an explanation of how overdispersion is handled in the negative binomial model
and which special cases are used in this study, see subsection A in the Appendix on page 40.

A negative binomial regression is a form of a generalized linear model (GLM). A GLM model
for counts consists of a random component, a systematic component, and a link function. The
random component is the response variable (Y), which is assumed to have a negative binomial
distribution. In the Poisson model, and the two special cases of the negative binomial model, this
is denoted by E(Y ) = µ. The systematic components are the explanatory variables x, entering
in a linear manner α+ βx. The link function is the relation between the mean (or the expected
value E(Y)) of the random component and the systematic component. In a negative binomial
model, a log link is used.

log(µi) = α+ βx (2)

All the independent variables used in this study are logged (in natural logs)6. Applying this

4If some variables that are correlated with both the dependent variable and one or more included independent
variables are left out, this will lead to the omitted variable bias (OVB).

5It must be noted that the number of projects can only be positive integers (like 0, 1, 4, or 16 etc.). In testing
the OLS regression, the predicted number of land projects, after controlling for all variables, included negative
values. This is an unwanted and implausible result. The distribution looked like a very positive-skewed normal
distribution. From zero projects and higher, the distribution looks more like a negative binomial distribution.
The negative binomial regression method allows for count data and internalises the fact that count data—and
the predicted values of the count data—cannot assume negative values. As a result, the predicted values are also
solely positive in the negative binomial model.

6Except for the landlocked variable. Using natural logs is standard practise in economics.
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transformation gives:

log(µi) = α+ β log(x) (3)

In this example, only one independent variable is shown for brevity. The transformation makes
the interpretation of coefficients easier: this formula displays an elasticity of µ with respect to
x: a 1 % increase in x is associated with a β% change in µ. This can be seen from taking the
partial derivative with respect to x:

β =
∆µ/µ

∆x/x
=

100 ∗ (∆µ/µ)

100 ∗ (∆x/x)
=

precentage change in µ
percentage change in x

(4)

This is different for variables that are not in logs (in this study, only the landlocked dummy
was not logged). The effect of a 1 unit increase in the independent variable x (∆x = 1), results
in a 100% ∗ β change in µ. Consider that a change one unit change in x in the regression
log(µ) = α+βx would yield an increase of β. By exponentiating this number, the multiplicative
change is obtained. So, a 1 unit increase of x results in an exp(β) increase of µ (Anderson, n.d.).

4.3 Model preparation and considerations

4.3.1 Variable selection

In a first attempt of regressing the full model, as many variables as possible were included in the
regression. These included GDP, population size, GDP per capita, GDP growth, arable land,
forest land, agricultural land, agricultural value added, cereal yield, cultivated land available,
telephone lines, political stability, control of corruption, investor protection, the literacy rate,
trade, tariffs and the landlocked dummy. However, this resulted in many insignificant variables.
Many variables turned out to be highly correlated to each other, which is likely to influence the
regression and flaw the estimators.7

Especially GDP, population size, telephone lines, agricultural value added and GDP per capita
were highly multicollinear. To resolve this problem, the telephone lines proxy was replaced by
the percentage of paved roads. A principal component analysis (PCA) was tried to reduce the
number of variables, while retaining most important information. Unfortunately, this approach
did not work out, as the variables have too little in common to warrant a factor analysis.8 As
a second best solution, some variables were left out of the regression. GDP was chosen as the

7To see this, the variance inflation factor (VIF) was calculated. This is an indicator of correlation between two
or more independent variables. If this number is high, it may make the independent variables skewed to the data
used (Blomkvist & Drogendijk, 2012). In the literature, the multicollinearity cut-off points used are generally set
at either 5 (Studenmund & Cassidy, 2001) or 10 (Hair, Black, Babin, Anderson, & Tatham, 2010; Marquaridt,
1970). The VIF’s for the model including all variables were as high as 3511.57 for one variable.

8The variables scored lower than 0.5 on the Kaiser-Meyer-Olkin (KMO) test, testing whether the variables
have enough in common to warrant a factor analysis. Scores lower 0.5 are ‘unacceptable’ (Kaiser, 1958). In the
PCA, the first factor would account for GDP, population size and the total land area. The other factor scored
high on agricultural value added and GDP per capita. However, a different approach must be found due to the
unacceptable KMO test.
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primary measure for market size and is the only scale factor in the regression.9 The other two
factors, population size and total land area, could not be included at the same time without
creating multicollinearity problems. Agricultural value added was included as the measure for
general development of the country. It is expected that countries invest more in African countries
with a higher share of income from agriculture. Alternatively, GDP per capita could be included.
These variables have a high negative correlation of over 88 per cent. This implies that poorer
countries, on a GDP per capita level, tend to rely more on agriculture. This makes sense, as
richer countries tend to move away from agriculture as their main form of income. These effects
are expected to have opposite effects.

Furthermore, the index for available cultivated land was removed from the regression, as
this variable had a lot of missing observations and did not prove to be significant in any of the
predicted models10. The Land Matrix report states that most of the land deals are done for land
that is already occupied (Anseeuw et al., 2012). This strengthens the results that this index is
insignificant.

This leads to the specification of the full model, including sixteen variables. Multicollinearity
was no longer a problem in this model.11 The results of the full model are presented in 7 on page
34 in the Tables and figures section. The results will be discussed later in section 5.

4.3.2 Accounting for scale differences

The scale effects of this model were lightly touched upon in earlier sections, but requires some
further explanation. The number of land investments in this study are not normalized by the
size of a country. In economics, this can be seen as standard practise. In general FDI studies,
FDI is almost always normalized by GDP. In this study, a different approach must be found to
account for scale differences. Two approaches incorporating this approach will be dealt with in
subsection B in the Appendix on page 40. The approach taken in this study will be explained
below:

It can be argued that if the coefficient of the included size variable is equal or close to 1,
the model accounts for scale effects correctly. Consider splitting one observation (country) into
a North and South part, while the total land investments remains the same. Then, the total
mean will be split into two parts: µi ≈ µi1 + µi2, and the predictors will also be split: xi1 + xi2.

9In the full model, adding the total land area as a variable resulted in similar results for the interpretation:
in the Chinese model, GDP was found as the only significant variable of the two, with a coefficient of 1.10. In the
World model, the land area was found as the only significant variable, with a coefficient of 1.17. These results are
very similar to the outcomes in the full model. The differences lies in the fact that the size effect of the World
model is now picked up by the land area variable, instead of the GDP variable. Including GDP only captures the
size effects for both models. Including the population size did not change the results for the Chinese model, but
slightly increased the size variable for the World model. As that coefficient could not be rejected to be different
from 1, it seemed best to choose GDP as the size variable.

10This was tested with and without mean substitution: all the missing data receive the mean value of the
index. This is not an ideal solution, but as this ratio is not likely to be correlated with the specific countries of
which the data is missing and is probably rather random, this should not be a problem. However, the variable
was not significant in the models, so it seemed more appropriate to dismiss the variable completely.

11All VIF’s in this model were below 5. The results of these VIF analyses are not presented for brevity.
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Considering Equation (3) on 16 and exponentiating this equation for the two factors yields that
µi ≈ µi1 + µi2 = eα(xi1 + xi2)β . If β = 1, the model corrects correctly for a change in scale.
In the full and the small model, the coefficients for the size variable included 1 in their 95%
confidence interval. The size variable (GDP) was closest to 1 in the full model . This implies
that the estimated model would correctly account for scale differences. In the example for this
to hold, one must assume that in splitting a country, GDP of the country and all other variables
are equally distributed across the North and South parts.

4.3.3 Endogeneity

One should look carefully whether the dependent variable does not influence the independent
variables. It might be that GDP in a specific country is influenced, probably in a positive way,
by land investments. The higher the number of land investments, the higher GDP becomes.
In this study, the assumption is made that the land projects do not significantly influence the
independent variables. The number of land projects is quite low for most countries. Besides, the
scale of these projects is usually not large. Since the land investments are generally a very small
percentage of FDI, the land investments are unlikely to influence GDP. The highest occurrence
of the land investment count was a total of 96, which was an extreme outlier. Divided over the
period of thirteen years (1998–2011), over which the independent variables are averaged, this
amounts to a total of 7.3 land investments per year. The mean number of non-Chinese land
investments per African country was around 8.4, which is less than one project per year over the
thirteen years. This is such a small number that endogeneity can be reasonably assumed. The
Chinese projects have an even lower average. All variables are thus assumed to be exogenous.

An alternative solution for dealing with endogeneity and the drawbacks of that method are
covered in subsection C in the Appendix on page 41.

4.3.4 Outlier in the non-Chinese models

After running the models, one outlier was found in the World model. Ethiopia, with 55 land
investments, was clearly an outlier in the models for non-Chinese land projects. This observation
was removed, which resulted in better estimates for the World models. The final results, without
the outlying observation for Ethiopia, are discussed in the next section.

5 Results and findings

5.1 Interpretation of the results

The tables in which the results for the models are presented, can be found on pages 34 to 36.
They can be read as follows. The first column displays the short explanation of the variable.
Note that the variables are actually in logs, but are presented here this way for clarity. The
full explanation of the variables and how they are measured is presented in Table 2, which was
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discussed earlier. In the second column, the results of the Chinese model are presented. The
robust standard errors are in parentheses underneath the coefficients.

Below the coefficients, some statistics about the whole regression model are presented; the
number of observations, the log pseudolikelihood, the pseudo R-squared12 and a χ2 test for the
whole model.

In the third column, the results for all non-Chinese projects are given. The fourth column
tests whether the coefficients for the two estimated models differ significantly. The last column
tests whether the coefficient (for every single variable) for the Chinese model and the World model
both equal zero. If this last test is significant, there is evidence that the coefficients together are
not zero. Below the fourth column a χ2 test is presented, testing whether the Chinese model is
not significantly different from the World model. For all the models, this test is rejected; the
total models differ significantly from each other.

The tests involving coefficients from both the Chinese model as the World model, could be
executed via a seemingly unrelated regression (SUR)13. An alternative way to combine the two
models into one via dummy variables and a fixed effects model is covered in subsection D in the
Appendix on page 41. This resulted in generally the same results. The results presented are
from the SUR models, as this allows to test the coefficients of the World model for significance
and also allows for inter-model testing.

5.2 Full model

Some interesting findings in the full model include the negative coefficient and thus elasticity on
control of corruption. This would imply that in African countries where the control of corruption
is higher, the number of land investments is significantly lower. Political stability does have an
attracting effect in the number of projects. This holds for both Chinese projects, as for non-
Chinese projects. Investor protection strangely has a negative sign, but this variable is not
significant in any of the models.

GDP has an attracting effect as expected and cannot be rejected to be significantly different
from 1 at the 5% level. This indicates that the model would account for scale effects correctly.
GDP growth was found significantly positive at the 10% level in the World model. This was
expected, as the economic prosperity of fast growing countries are likely to attract FDI and land
investments. In the Chinese model, the coefficient for GDP growth was negative, but highly
insignificant.

12The pseudo R2, for which Stata presents the McFadden R2, is a test for the goodness of fit of the model.
This statistic does not have the same interpretation as an R2 in an OLS regression, but tries to replicate the effect.
The statistic is computed as follows: R2

M = 1 − (ln(θ̃)/ln(θ̂)), where ln(θ̃) is the log likelihood with intercepts
only, and ln(θ̂) the log likelihood with all predictors. ln(θ̃) plays a role similar to the residual sum of squares
(RSS) in linear regression. This formula therefore corresponds to a proportional reduction in ‘error variance’ (Hu,
Shao, & Palta, 2006; Allison, 2013).

13This was done by regressing both models at the same time in Stata. First, the models are ran independently
and scores and estimates are saved. Then, the models can be combined with the suest command and stands for
seemingly unrelated estimates. This allows for inter-model testing of coefficients using the test command in Stata.
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The agricultural variables are all positive, except for arable land. This is another relatively
strange finding. The Chinese and the World model differ significantly on this factor at the 5%
level. Both Chinese and non-Chinese investors seem to invest significantly more in countries
with a higher share of agricultural value added in their GDP. In other words, a relatively large
agricultural sector attracts land investments. This is an outcome as was expected. The model
was also tested with GDP per capita instead of agricultural value added. This resulted in the
expected significant negative sign; the poorer a country, the higher the expected number of land
investments. The two variables (GDP per capita and agricultural value added) could not be
included at the same time due to multicollinearity, as explained in subsubsection 4.3.1.

The literacy variables were positive, which is also the expected sign. This finding was only
significant for the Chinese model. Inflation, as a proxy for the macroeconomic stability of an
African country, has the expected deterring effect on land investments. Chinese investors seem
to invest significantly more in landlocked countries, for an unknown reason. For non-Chinese
investors, this factor does not seem to be significant. The landlocked variable is the second
factor for which the two estimators differ significantly at the 5% level.

In the fourth column, displaying the χ2 test, it can be seen that most of the coefficients do
not significantly differ for the two different models. The only differences were found for arable
land area and the landlocked dummy. The coefficients differ at the 5% significance level. These
two were exactly the unexpected findings in the Chinese model. This indicates that the Chinese
and non-Chinese investors seem to have a strategy that is quite similar. This is an important
conclusion of this study. There does not seem to be a very different way in which the Chinese
and non-Chinese land investors acquire land in Africa. However, on the whole, the two models
could not be rejected to be the same. The test statistic for this χ2 test was displayed in the
fourth column at the bottom, in the row Prob > χ2.

As an alternative approach of testing the equality of the models, the average number of
predicted land investments are compared. For the observed projects, non-Chinese investors invest
around seven times14 the number of the Chinese investments in African countries, on average.
The full model also predicts that non-Chinese investments are approximately seven times the
number of Chinese investments. This means that on the models will on average predict the same
count factor difference. For individual cases, this approach is not very informative, as is to be
expected.15

The fifth column simultaneously tests whether the coefficients for the both models can be
rejected to be different from zero. In this model, only GDP growth, roads, trade and tariff rates
cannot be rejected to be significantly different from zero. In the reduced model presented later,

14Note that the outlier of the World model is not taken into account; in this calculation, Ethiopia is not
included. Otherwise, the factor would be 7.73.

15The standard deviation of the factor difference of the predicted model was quite high; around 9.9. This
means that using the predictions of the Chinese model to predict how much the non-Chinese investors would
invest, is unlikely to provide good estimations in individual cases. It must be noted that the actual individual
differences are also high and go as high as 48 (in the case of Mozambique, where China has 2 land investments,
and non-Chinese investors have 96). So, using the observed count to predict the other (simply by multiplying by
7) is also unlikely to provide good estimations.
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these four variables will be left out of the regression specification.
Comparing the pseudo R2 measures, the Chinese data seem better able to predict the number

of land investments.
In Figure 2 on page 37 in the Tables and figures section, the predicted values are graphed

against the observed number of projects. The full model seems to predict the number of land
projects in a certain country fairly accurately.

One potential problem with this model is the large amount of explanatory variables in the
model, considering that there are only a little over forty observations. This could lead to over-
fitting. This occurs when a regression model is describing the random error, instead of the
underlying relationship. A rule of thumb for the number of variables is that this amount should
not be greater than the square root of the number of observations. In this case, that would mean
that approximately six variables could be included. However, because this is an observational
study, all possibly influential variables should be included in the regression, as explained earlier.
In the reduced model and the small model presented in the following sections, a smaller number
of variables is included as a solution for the possibility of over-fitting in the regression model.

5.3 Reduced model

In the reduced model, four variables that were insignificant in both the full Chinese and the
World model were left out. These included the percentage of paved roads, trade, tariff rates, and
investor protection. This left twelve variables in the regression. The results provides roughly the
same pattern as in the full model. The goodness of fit measures of the reduced model were worse
than the full model, even controlling for the number of variables. This is shown in Table 6 on
page 33. The number of variables is still quite high for the number of observations in the dataset,
so the possibility of overfitting is still present. Therefore, the reduced model is not preferred over
the full model. In the small model presented below, a different approach was taken. Here, the
number of variables could be further reduced, while increasing the goodness of fit of the model.

5.4 Small model

In this model, only seven variables were selected. This number of variables is better suitable for
the amount of observations in the used dataset16. This model should minimize the overfitting
problem. There are multiple ways to select the variables that should be included. Two are
considered here: The first is a simple selection of the existing variables, while the other uses a
principal component analysis to create new variables.

The first option of simply reducing the number of variables by excluding them from the
regression did not provide strong results. The models were barely able to predict the correct
number of land investments on the basis of the included variables. The residuals were generally

16According to a rule of thumb which indicates that the number of variables should be close to the square
root of the number observations. In this case, there are 48 observations, so that would mean that around seven
variables can be included.
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very large and also do not seem to be random. The results are not presented for brevity. In this
model, the omitted variable bias is very likely to flaw the regression results.

The second option uses principal component analysis (PCA). This approach was tried earlier
in this study, but was not appropriate for the selected variables (see subsubsection 4.3.1). Now,
all variables in the full model were included in the PCA, and six factors were estimated17.
The landlocked dummy was included as a seventh variables in the small model. All important
variables are now divided over six factors, accounting for the largest proportion of variation in
the data, with a smaller number of variables. This strategy is a form of data reduction. Tests
revealed that the data are suitable for factor analysis and that the correlations are not based on
coincidence18.

The six factors were created as follows. Looking at the factor scores in Table 10 on page 39,
the first factor, after Varimax rotation, scored high on the variables GDP per capita, telephone
lines, the literacy rate, trade and a negative correlation for agricultural value added. This
factor was given the name long term development, as most variables are related to the long
term development of a country. The second factor is a factor that incorporates all country size
measures; GDP, population size and the total land area. The third factor is made up mostly by
cereal yield and arable land and was renamed to agriculture. The fourth factor is named short
term development and includes GDP growth, control of corruption and political stability. In
contrast to the long term development, these variables are expected to be more volatile over a
short time period. The fifth factor scores high on agricultural land and negatively on forest land.
This factor is simply named land. If this coefficient is high, forest land is the attracting factor,
while agricultural land is the deterring factor. The last factor only includes inflation as the main
variable.

The results are presented in Table 9 on page 36. Both models are still significant at the 5%
level and gives some intuitive results.

Looking at the signs for the coefficients, land investments seem to take place more in less
developed countries. In both the Chinese and the World model, the sign for long term develop-
ment is negative. This could mean a low income per capita, or a highly agricultural economy.
This factor also relates to the infrastructure level, literacy rates and openness. According to this
model, the lower these levels, the higher the number of land investments. This result was only
significant for the World model, however.

Size seems to significantly attract land investments for both Chinese as non-Chinese investors.
However, the response to this variable is significantly different in the Chinese and the non-Chinese

17The cut-off point was set at an Eigenvalue of 1, which is the default option in Stata. This created six factors,
which was coincidentally roughly the number of variables acceptable for the small model, according to the rule of
thumb of the number of variables which was discussed earlier.

18The Kaiser-Meyer-Olkin test for sampling adequacy is displayed at the bottom of Table 10 on page 39. The
KMO statistic takes values between 0 and 1, with small values meaning that overall the variables have too little
in common to justify a factor analysis. The value of 0.6 in this case can be classified as ‘mediocre’ quality and
is sufficient for factor analysis (Kaiser, 1958; Sasovova, 2009). Bartlett’s test of sphericity has a null hypothesis
that the correlations are based on coincidence. This null hypothesis was rejected at the 1% level; the correlations
do not seem to be based on coincidence.
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models.
The agriculture factor, which included cereal yield and arable land, seems to attract land

investments. For the Chinese model, this variable was significant. In the World model, a positive
but insignificant value was found.

Short term development seems to attract land investments: high GDP growth, absence of
corruption and political stability are the primary components of this factor. This result was only
significant for the World model and is different in the two models at the 10% level.

The land factor is also positive. This means that forest land is attracting land investments,
and agricultural land is deterring land investment, strangely. In the full and the reduced models,
arable land was found as deterring land investments and agricultural land as attracting land
investments.

The inflation factor was insignificant and could not be rejected to be equal to zero in both
models at the same time.

The landlocked variable displays different signs for the Chinese and the World model, as
already seen in the other models. For the World model, the negative coefficient was significant
at the 10% level. For the Chinese model, it was insignificant.

5.5 Goodness of fit comparison

Choosing the ‘best’ model is not easy. The full and the reduced model could very likely be
influenced by over-fitting, while the small model might not capture all relevant information.
The full model has the highest log pseudolikelihood and the highest values for the pseudo R2,
indicating that the full model fits the data best. These statistics does not penalize the model for
the number of fitter parameters in the model, however. Different adjustments can be used, with
two important ones being Akaike’s Information Criterion (AIC) and the Bayesian Information
Criterion (BIC). The lower the values of these statistics, the better the fit, incorporating the
number of variables in the model. A table containing the log pseudolikelihood, the AIC and the
BIC statistics is given in Table 6 on page 33 in the Tables and figures section.

Of the three different models presented here, the full model seems to provide the best fit,
taking into account the number of variables included. This suggests that the full model is the
most appropriate model to use. However, when limiting the number of variables to seven, as is
reasonable for the number of observations in the dataset19, the small model might be the most
convincing one to use. This model incorporates most relevant information of all variables and
reduces the probability of overfitting. The small model scores better than the reduced model
on the AIC and BIC criteria. Except for the AIC in the Chinese model, which is better in the
reduced model. Still, the results of this study will be mostly based on the full model and the
small model.

19Based on the rule of thumb, indicating that the number of variables should be close to the square root of the
number of observations.
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5.6 Residual analysis

In Figure 3 on page 38 in the Tables and figures section, the residuals of the models are shown.
If the regression model is correctly specified, the residuals should not show any clear pattern
and should hover randomly around the reference line of zero. On the vertical axis of the graphs,
the residual score is shown; the observed count minus the predicted value. The closer the
residuals to zero, the better the model estimate. On the horizontal axis, the number of projects
is shown. The graphs show there is still some linear relation in the residuals, especially so for the
smaller model. It can be seen best in the small Chinese model, where there is a clear positive
relationship between the number of projects and the residual score. The larger the number of
land investments, the less precise the estimates become. The residuals of the full model are quite
randomly distributed. This provides some evidence that the full model is the most appropriate
model. However, considering the very small number of observation in the dataset used by this
study, the analysis of the residuals should not be overestimated.

5.7 Limitations

All results in the models should be interpreted with care. Most of the culprits were covered,
scattered over the sections earlier. Below, they are summarized again.

First of all, the number of observations in the dataset used was very small for a count
regression analysis. Secondly, because many variables are included in the full and reduced model.
This could lead to overfitting. Thirdly, the data on land investments is only the number of
land investments in a specific country and is not as informative as more specific data. These
data give no information about the size of the land acquisition or the year in which the deal
took place. This will probably influence the regression results. Last, since in this study the
Chinese and non-Chinese investments are compared, no bilateral variables could be included in
the regressions. This would make comparison impossible. An example on a bilateral variable
could be the geographical distance between the target country and the investing country. For
example, the distance between China and Zimbabwe, China being the investing country. Another
example could be the existing trade relations between the two countries (in terms of size or in
terms of trade agreements), or the values of bilateral FDI.

Considering also that the Heckman two-stage model (see subsection B in the Appendix) did
not result in robust estimations, the results presented in this study should be interpreted with
care.

6 Conclusion

This study researched Chinese land investments in Africa. In the literature review, it became
evident that China needs to expand its food production and that a good way would be to invest
in land in Africa for this purpose. China was indeed found to invest in African land. However, the
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evidence that China does this to provide for its own food security, is very limited. Transportation
costs seem to be too high to make it profitable to export food back to China. Perhaps that in
the future, considering the prediction of rising food prices and lower transportation costs in
the coming years, this could be a strategy for Chinese investors. But for now, China’s land
acquisitions seem to be intended to produce food for the local African markets.

In the analytical part of this study, an attempt was made to model Chinese land investments
and to investigate the determinants of both Chinese and non-Chinese land investments in Africa
according to host-country characteristics. To the author’s knowledge, no such study was done
before.

Land investments seem to be be attracted by bigger countries (in terms of GDP, population
size or the total land area), poorer countries and countries with a high share of agriculture (as
a percentage of GDP). Agricultural land area also seems to attract land investments. Strangely,
arable land was found to deter investments. Forest area attracts land investments, as does
political stability. The inflation rate, as a measure of macroeconomic stability, seems to deter
investments.

For other determinants, like cereal yield, investor protection, trade, tariff rates, roads, and
the landlocked dummy, the results were not clear.

Also, the Chinese investment model was compared to land investments from other countries
in Africa. The results indicate that the investing strategies do not significantly differ.

Returning to the subject of Chinese food security, the observation that China would want
to export food back to China was not strongly supported by the results of this study. For
example, China does not seem to base the investment decision on the level of infrastructure in a
country. Furthermore, China invests significantly more in landlocked countries. Also, tariff rates
and openness do not seem to matter in the investment decision. All this indicates that China
does not seem to invest in land to export food back to China, at least on the basis of economic
arguments.

The results of this study should be interpreted with care, as the dataset for such a complex
comparison was limited and the data on land investments is somewhat unreliable. Also, the
information of the land investments was not specified with size or the year in which the investment
took place. This would improve the models. Perhaps that these data become available in the
future.
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7 Tables and figures

Table 2: Variables

Variable name Explanation Theory Data source

PROJ_CHINA No. of projects by China in host
country

Dependent variable Hofman & Ho
(2012)

PROJ_WORLD No. of projects by non-Chinese
countries in host country

Dependent variable Land Matrix
Database

LPOP Log of population size (in mil-
lion people)

Market size WDI

LGDP Log of GDP (current US$) Market size WDI
LLANDTOTAL Log of land area (sq. km) Market size WDI
LGDPP Log of GDP per capita (current

US$)
Market opportunities WDI

LGDPG Log of GDP growth (annual %) Market opportunities WDI
LAGRIC Log of agricultural area (% of

land area)
Agricultural potential WDI

LARBL Log of arable area (% of land
area)

Agricultural potential WDI

LFORST Log of forest area (% of land
area)

Agricultural potential WDI

LAGRIC Log of agricultural value added
(% of GDP)

Agricultural potential WDI

LCYIELD Log of cereal yield (kg per
hectare)

Agricultural potential WDI

LCULTIV Rank of cultivated to available
land (1 to 34)

Agricultural potential WDI

LTEL Log of no. of telephone users
(per 100 inhabitants)

Infrastructure WDI

LROADS Log of roads, paved (% of total
roads)

Infrastructure WDI

LCORRPT Log of control of corruption (%) Institutional quality WGI
LPSTAB Log political stability and ab-

sence of violence (%)
Institutional quality WGI

LIVPROT Log of investor protection (%) Institutional quality Doing Busi-
ness Database

LINFL Log of inflation rate, consumer
price (% annual)

Macroeconomic stability WDI

LLIT Log of literacy rate, adult total
(% of people ages 15 and above)

Human Capital WDI

LTRADE Log of trade (as a % of GDP) Openness WDI
LLOCK If a country is landlocked yes or

no (0/1)
Transaction costs CEPII

GeoDist
database

LTARIFF Log of tariff rate, applied,
weighted mean, all products (%)

Transaction costs WDI

Note: All variables, where applicable, are averaged over 1998–2011.
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Table 3: Summary statistics

Variable Obs Mean Std. Dev. Min Max

PROJ_CHINA 48 1.083333 1.831559 0 11
PROJ_WORLD 48 8.375 17.30284 0 96
GDP 47 1.45E+10 3.60E+10 1.38E+08 2.24E+11
GDPP 47 1565.658 2486.516 140.3525 12038.78
GDPG 47 4.67836 3.310991 -2.625808 18.97285

POP 48 1.56E+07 2.38E+07 83564.36 1.39E+08
LANDTOTAL 47 502485.8 568894.3 460 2376000
ARBL 47 13.5993 13.13563 0.416083 43.74891
AGRIC 47 47.97939 21.368 7.919255 88.26213
FORST 47 30.71034 23.01383 0.257835 88.47826

AGVA 46 27.23374 16.40523 2.369738 68.57679
CULTIV 47 19 10.82436 1 37
CYIELD 45 1319.361 1063.591 364.8571 7281.071
TEL 47 2.919405 5.718787 0.03205 26.78316
LROADS 46 2.862501 .8977766 -.2231435 4.585817

CORRPT 48 30.88421 21.30755 0.078989 79.36045
PSTAB 48 33.14982 22.6093 0.440705 79.93037
IVPROT 46 4.28913 1.300637 2 8
INFL 47 18.70264 43.89807 2.146861 276.8613
LIT 45 63.03499 20.47307 19.03188 92.23544

TRADE 47 77.86291 33.65666 34.31002 176.6291
LOCK 48 0.333333 0.476393 0 1
TARIFF 43 10.81093 4.422789 1.774444 27.384

Notes: Table generated in Stata via the summarize command.
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Figure 1: Histograms for the dependent variables

Table 6: Goodness of fit statistics

Log likelihood pseudo R2 AIC BIC

Chinese model
Full -29.640775 0.4642 93.282 121.562
Reduced -40.532973 0.3686 107.066 129.962
Small -47.144542 0.1479 112.289 127.261

World model
Full -67.629330 0.3163 171.259 200.735
Reduced -89.508095 0.2001 205.016 227.606
Small -79.074160 0.2006 176.148 190.887

Note: The AIC and BIC statistics shown are calculated by Stata. A lower
value of the statistics implies a better fit, taking into account the number
of variables included.
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Table 7: Results full model (simultaneous negative binomial regressions)

Model

Variable (logged) China (1) World (1)
χ2 test for
difference
in coeff.

χ2 test
both

coeff.= 0

GDP (current US$) 1.19 1.51
(0.35) *** (0.39) *** ***

Agric. value added (% of GDP) 2.61 3.80
(0.74) *** (1.00) *** ***

GDP growth (annual %) -0.19 0.92
(0.30) (0.51) *

Agric. land area (% of total) 2.35 3.45
(1.07) ** (1.51) ** ***

Arable land area (% of total) -0.65 -1.65
(0.21) *** (0.43) *** ** ***

Forest area (% of total) 0.55 0.86
(0.13) *** (0.39) ** ***

Cereal yield (kg/hectare) 1.29 0.66
(0.52) ** (1.11) **

Roads (% paved) -0.11 -0.21
(0.25) (0.39)

Contrl. of corruption (%) -2.24 -1.67
(0.90) ** (0.93) * ***

Political stability (%) 3.07 2.75
(1.18) *** (1.09) ** ***

Investor protection (%) -2.11 -2.08
(1.71) (2.11)

Inflation (annual %) -0.57 -1.10
(0.27) ** (0.56) ** **

Literacy rate (% of pop.) 2.01 1.73
(0.87) ** (1.19) **

Trade (% of GDP) -0.49 -0.73
(1.11) (1.60)

Tariff rates (%) -0.42 0.24
(0.65) (0.80)

Landlocked (dummy 0/1) 1.15 -0.08
(0.18) *** (0.46) ** ***

[Constant] -57.69 -65.75
(17.73) *** (22.02) *** ***

Number of observations 39 38
Prob. > χ2 0.0000 0.0000 ***
Pseudo R2 0.4642 0.3163
Pseudo loglikelihood -29.641 -67.629

Notes:*** , **, and * indicate that the coefficient is significant at the 1, 5, and 10% levels, respec-
tively. Robust standard errors are in parentheses. The Chinese model was estimated via the NB2
specification of the negative binomial model, the World model fitted best with the NB1 specification.
See subsection A in the Appendix for an explanation. In the World model, one outlier was removed.
See subsubsection 4.3.4.
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Table 8: Results reduced model (simultaneous negative binomial regressions)

Model

Variable (logged) China (2) World (2)
χ2 test for
difference
in coeff.

χ2 test
both

coeff.= 0

GDP (current US$) 0.67 1.20
(0.16) *** (0.31) *** ***

Agric. value added (% of GDP) 1.56 2.66
(0.31) *** (0.83) *** ***

Agric. land area (% of total) 1.20 1.39
(0.46) *** (0.67) ** ***

Arable land area (% of total) -0.44 -0.89
(0.15) *** (0.44) ** ***

Forest area (% of total) 0.66 0.82
(0.20) *** (0.35) ** ***

Cereal yield (kg/hectare) 0.77 -0.12
(0.29) *** (0.55) **

Contrl. of corruption (%) -1.12 -0.19
(0.40) *** (0.51) **

Political stability (%) 1.47 1.17
(0.41) *** (0.60) * **

Inflation (annual %) -0.53 -0.62
(0.24) ** (0.41) **

Literacy rate (% of pop.) 1.25 0.58
(0.37) *** (0.60) **

Landlocked (dummy 0/1) 1.05 0.04
(0.22) *** (0.38) ** ***

[Constant] -36.74 -43.40
(6.33) *** (11.76) *** **

Number of observations 43 42
Prob. > χ2 0.0000 0.0000 ***
Pseudo R2 0.3434 0.2001
Pseudo loglikelihood -39.563 -89.508

Notes:*** , **, and * indicate that the coefficient is significant at the 1, 5, and 10% levels, respec-
tively. Robust standard errors are in parentheses. The Chinese model was estimated via the NB2
specification of the negative binomial model, the World model fitted best with the NB1 specification.
See subsection A in the Appendix for an explanation. In the World model, one outlier was removed.
See subsubsection 4.3.4.
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Table 9: Results small model (simultaneous negative binomial regressions)

Model

Variable (logged) China (3) World (3)
χ2 test for
difference
in coeff.

χ2 test
both

coeff.= 0

Long term dev. -0.19 -0.81
(0.26) (0.20) *** * ***

Size 0.60 1.51
(0.27) ** (0.28) *** ** ***

Agriculture 0.69 0.20
(0.28) ** (0.18) **

Short term dev. 0.08 0.67
(0.23) (0.28) ** *

Land 0.47 0.21
(0.24) * (0.15) **

Inflation 0.21 -0.01
(0.22) (0.12)

Landlocked 0.38 -0.87
(0.51) (0.47) * *

[Constant] -0.54 1.25
(0.32) * (0.35) *** *** ***

Number of obs. 39 38
Prob. > χ2 0.0220 0.0000 ***
Pseudo R2 0.1479 0.2006
Pseudo loglikelihood -47.145 -79.074

Notes:*** , **, and * indicate that the coefficient is significant at the 1, 5, and 10% levels,
respectively. Robust standard errors are in parentheses. The Chinese model was estimated
via the NB2 specification of the negative binomial model, the World model fitted best with
the NB1 specification. See subsection A in the Appendix for an explanation. In the World
model, one outlier was removed. See subsubsection 4.3.4.
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Figure 2: Predicted model results
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Figure 3: Residuals for all models
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8 Appendix

A Overdisperion and the negative binomial model
The negative binomial distribution does allow for overdispersed data, in contrast to the Poisson
distribution. If E[Yi|xi] < V ar[Yi|xi] (e.g. there is more variation in the data than is expected
by the distributional assumption), there is overdispersion. The variance function for a Poisson
model is simply equal to the mean. The variance function of the negative binomial model adds
a function for overdispersion: V ar = µ(1 + α ∗ µpi ). Cameron and Trivedi (1986) focus on two
models and special cases of the forms: one where p = 1 (NB1), and another where p = 2 (NB2).
In these two special cases, the conditional mean of the model is similar to the mean, as in the
Poisson model, but the variance function is different and allows for overdispersion (Greene, 2008).
Negative binomial and Poisson models are nested because as α converges to zero, the negative
binomial distribution converges to the Poisson distribution (Erdman, Jackson, & Sinko, 2008).
The data on the non-Chinese investments fitted best with the NB1 specification20. The Chinese
investments fitted best with the NB2 specification21. The Chinese data were not rejected to
follow a regular Poisson distribution, with α being zero and the variance being equal to the
mean. Comparison between the two models is still possible.

B Alternative approaches to account for scale differences
An alternative approach to account for scale differences in the models would be to normalize
the number of projects. As explained, normalizing the size of FDI by GDP is common in FDI
regressions. Similarly, one could argue that the land investment projects should be normalized
by a size variable, such as GDP, the population size or the total land area.

To use an OLS regression would not be optimal. This is because the observations without
any land investments could not be calculated, as it is impossible to divide by zero.

To account for this, a Heckman two-stage method could be used. In the first stage, a selection
is made between countries that have land investments, and countries that have no land invest-
ments. This is a similar approach as a regular Probit model. In the second stage, the amount
of land projects is examined, given that a country has land investments. Two sets of variables
are selected.22 One set is used for the first stage, the other is used for the second stage. As
dependent variable, the log of the amount of land projects, divided by the total land area in a
country was used. The results were logged to account for non-linear relationships and to make
it possible to compare the results with those of the negative binomial model.

For the Chinese data, this method did not result in many significant variables in the second
stage (only cereal yield and political stability). It is questionable whether the results are very
robust. The small number of significant variables is probably due to the small variation in the
data for countries that have land investments. The number of projects is often one or two, with
only a few observations that have more projects. The first stage did return some significant
values. These generally had similar signs as in the negative binomial models presented in this
study.

20In Stata, the option of dispersion(constant) was used with the nbreg command, running a negative binomial
regression via the NB1 specification.

21In Stata, this is the default option when running a negative binomial regression via the nbreg command
22The variables selected for the first stage were GDP, GDP per capita, total land area, agricultural value added,

agricultural land, forest land, telephone lines, literacy, trade and the landlocked dummy. For the second stage,
these were total land area, GDP growth, agricultural value added, cereal yield, control of corruption, political
stability, trade and inflation. These were selected on the basis of the author’s view of what variables are more
likely to influence the first or second stage of the decision.
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For the non-Chinese investments, this model approach also did not produce better results. In
the first stage, only GDP was significant. In the second stage, only GDP growth was significant
at the 5% level. Drawing conclusions from this model would be very difficult. All variables
do seem to have the same signs as in the negative binomial model results. Perhaps that with
other model specifications and different combinations of the included variables, the results might
change and become more significant. But big changes seem unlikely, considering the highly
insignificant outcomes for most variables.

The Heckman two-stage approach was also tested in combination with the PCA factors that
were created for the small model (see subsection 5.4), but did not provide many significant
variables. Only the size variable in the first stage was significant and positive. A test for the
significance of the whole model could also not be rejected.

The results of these models are not presented in this study, as this would add very little
useful information. The weak results of this approach might be an indication that there is some
overfitting in the negative binomial models. But it might also be an indication of insufficient
variation in the data and not enough observations to perform a regression like this.

C Alternative approach to deal with endogeneity
A possible solution to completely exclude endogeneity would be the following: instead of using
average data data for the independent variables (over 1998–2011), consider using data from 1997
only. By doing this, the land investments considered in this study can not possibly influence any
of the independent variables, as the land investments all took place later (starting in 1998).

The downside of this approach is that it creates a higher dependency on a single data point.
For some variables, e.g. GDP growth or inflation, this could heavily influence the results. Some
African economies are highly volatile and a single year might not give a complete and robust
reflection of the economic situation in a country. Using average data, more robust results might
be created. Also, land investments are a relatively new phenomenon and most of the land
investments are believed to have taken place recently. It is therefore reasonable to believe that
most investment decisions were done on the basis of recent information. Using the 1997 data
only could provide a distorted model for that matter. For these reasons, the results with the
averaged independent variables are presented in this study.

D Fixed effects models
To include all variables in a single model, it is possible to combine the dependent variable and
to separate the independent variables per group (in this case, the first group consists of Chinese
investors, the second group of non-Chinese investors). All variables are included, and dummy
variables for the non-Chinese group are included for each variable (as an interaction term between
the dummy and the variable). This should result in the same estimates as the seemingly unrelated
regression (SUR) models presented earlier.

This approach did not work with clustered standard errors23, but could be executed via a

23As the models for the Chinese and non-Chinese investments seem pretty similar, is is expected that the
standard errors between the two groups are correlated. To account for this, clustered standard errors can be used.
In Stata, the regular nbreg command was used, in combination with the dummy variables. The option vce(cluster)
was used in combination with the dummy variable differentiating between Chinese and non-Chinese investors.
This approach resulted in different coefficients than in the individual models and also gave highly significant values
for almost all variables. For both reasons, this seems an unlikely outcome and results are therefore not included.
This approach was repeated with another Stata package by Hilbe (1998), but this resulted in similar results. The
author is still trying to figure out why this approach does not result in reliable estimates.
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fixed effects model24. The entity by which the results are differentiated is the group variable,
which is in this case either the Chinese group, or the non-Chinese group.

The results of these models are roughly similar to the results of the SUR outcomes as presented
in Table 7 to Table 9. The results of the fixed effects approach are presented in Table 11, Table 12
and Table 13 on pages 43 to 45 below.

The results for the Chinese group are presented next to those of the non-Chinese group. This
was done for clarity, but unlike the SUR models, these models were estimated at once and can
be captured in a single mathematical expression, generating the results for the Chinese group
and the dummy variables for the non-Chinese group.

In the full and the reduced model, the coefficients are exactly similar to the results of the
seemingly unrelated regressions. To see this for the World model, one must add the coefficients
for the Chinese model to the World model. In the full model, for the GDP coefficient, the actual
predicted coefficient for the non-Chinese investors is 1.19 (as is the coefficient for the Chinese
investors) plus 0.32, the coefficient of the dummy variable for non-Chinese investors. This results
in 1.51, which is the same result as in the full model of the SUR approach.

In the small model, there are some minor differences in the coefficients.25
The many insignificant results for the non-Chinese—or World—dummies conclude that there

is no significant difference between most of the coefficients. This suggests, like in the SUR
model, that there is no clear evidence that the Chinese investment strategy differs from the
investment strategy of non-Chinese investors. In the full model, only the arable land factor and
the landlocked dummy differ at the 10% level, a similar result as in the SUR model (except that
they were significantly different at the 5% level in the SUR model). In the reduced model, GDP
is different at the 10% level. This was not found in the SUR model. The landlocked dummy is
also in this model statistically different at the 10% level. In the SUR model, the dummy was
significantly different at the 5% level.

24This was done via the Stata command xtnbreg, followed by all variables and interaction terms of the variables
multiplied with the dummy variable for non-Chinese investors. Xtset was used in combination with the dummy
variable for the non-Chinese investors to set the group dummy, differentiating between the Chinese and non-
Chinese investors. The fixed effects model is more suitable in this case than a random effects model, as the group
variable used is not random and not a sample of a greater population. In using the negative binomial fixed effects
model, Stata is unable to calculate robust or clustered standard errors, so these approaches could not be tested.

25The author was unable to explain these differences, but suggests that it has to do with convergence effects
of α in the negative binomial model. This might arise due to the use of constant instead of mean dispersion, and
testing the models at the same time this way does not allow for different values of α.
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Table 11: Results full model (negative binomial fixed effects)

Variable (logged) China (4) World
dummies (4)

GDP (current US$) 1.19 0.32
(0.50) ** (0.62)

Agric. value added (% of GDP) 2.61 1.18
(0.95) *** (1.24)

GDP growth (annual %) -0.19 1.10
(0.72) (0.84)

Agricultural land area (% of total) 2.35 1.08
(1.13) ** (1.50)

Arable land area (% of total) -0.65 -1.00
(0.44) (0.57) *

Forest area (% of total) 0.55 0.32
(0.35) (0.41)

Cereal yield (in kg/hectare) 1.29 -0.66
(0.96) (1.15)

Roads (% paved) -0.11 -0.09
(0.60) (0.68)

Contrl. of corruption (%) -2.24 0.59
(0.87) *** (1.13)

Political stability (%) 3.07 -0.34
(1.11) ** (1.41)

Investor protection (%) -2.11 0.03
(1.71) (2.25)

Inflation (annual %) -0.57 -0.52
(0.49) (0.60)

Literacy rate (% of pop.) 2.01 -0.28
(1.08) ** (1.37)

Trade (% of GDP) -0.49 -0.25
(1.75) (2.11)

Tariff rates (%) -0.42 0.68
(1.06) (1.29)

Landlocked (dummy 0/1) 1.15 -1.22
(0.52) ** (0.66) *

[Constant] -41.64 -24.30
(604.63) (604.80)

Number of observations 77
Number of groups 2
Prob > χ2 0.0000
Pseudo-loglikelihood -90.227

Notes:*** , **, and * indicate that the coefficient is significant at the 1, 5, and
10% levels, respectively. Standard errors are in parentheses. In the World
model, one outlier was removed. See subsubsection 4.3.4.
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Table 12: Results reduced model (negative binomial fixed effects)

Variable (logged) China (5) World
dummies (5)

GDP (current US$) 0.67 0.54
(0.18) *** (0.29) *

Agric. value added (% of GDP) 1.55 1.13
(0.45) *** (0.77)

Agricultural land area (% of total) 1.19 0.21
(0.50) ** (0.68)

Arable land area (% of total) -0.44 -0.46
(0.24) * (0.38)

Forest area (% of total) 0.66 0.16
(0.29) ** (0.38)

Cereal yield (kg/hectare) 0.76 -0.87
(0.43) * (0.61)

Contrl. of corruption (%) -1.09 0.90
(0.46) ** (0.64)

Political stability (%) 1.44 -0.26
(0.43) *** (0.62)

Inflation (annual %) -0.52 -0.11
(0.23) ** (0.36)

Literacy rate (% pop.) 1.23 -0.65
(0.63) * (0.88)

Landlocked (dummy 0/1) 1.04 -1.01
(0.31) *** (0.49) *

[Constant] -33.77 -11.60
(7.23) *** (10.88)

Number of observations 85
Number of groups 2
Prob > χ2 0.0000
Pseudo-loglikelihood -137.265

Notes:*** , **, and * indicate that the coefficient is significant at the 1, 5, and
10% levels, respectively. Standard errors are in parentheses. In the World
model, one outlier was removed. See subsubsection 4.3.4.
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Table 13: Results small model (neg. binomial fixed effects)

Variable (logged) China (6) World
dummies (6)

Long term development -0.15 -0.65
(0.24) (0.35) *

Size 0.70 0.79
(0.29) ** (0.42) *

Agriculture 0.57 -0.37
(0.25) ** (0.33)

Short term development 0.14 0.52
(0.22) * (0.31) *

Land 0.43 -0.22
(0.26) (0.34)

Inflation 0.19 -0.19
(0.21) (0.26)

Landlocked 0.36 -1.19
(0.57) (0.77)

[Constant] -0.15 -0.82
(0.70) (0.83)

Number of observations 77
Number of groups 2
Prob > χ2 0.0000
Pseudo-loglikelihood -118.794

Notes:*** , **, and * indicate that the coefficient is significant at the
1, 5, and 10% levels, respectively. Standard errors are in parentheses.
In the World model, one outlier was removed. See subsubsection 4.3.4.
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Abstract

China is accused of ‘land grabbing’ and neo-colonialism because of its FDI investments in Africa.
As an exploratory study, this master’s thesis uses macroeconomic data from 48 Sub-Saharan
African countries to investigate the host-country determinants of Chinese land investments in
that region. Also, differences in investment strategies for Chinese and non-Chinese investors are
looked at. Lastly, it is investigated whether China intends to export their agricultural products
back to China as a solution for Chinese food insecurity. The results of this study show that
Chinese land investments are attracted by large, corrupt, poor, and agricultural countries, that
the Chinese investment strategy does not seem to differ much from the non-Chinese strategies,
and that there is no clear evidence that China intends to export their agricultural products back
to China.

Keywords: land investments; China; food security; Africa;
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