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Abstract

Foreign direct investment (FDI) is marked with model uncertainty due to different theories

and conclusions as to what variables should be included in the model. Using two specifica-

tions; the global sample and developing countries, I utilize the Bayesian Model Averaging

(BMA) technique to determine the robust variables. Since the FDI modes; Greenfield Invest-

ment (GFI) and Mergers & Acquisitions (M&A) have different impacts on the economy, the

BMA method is used to tackle separately model uncertainty in the two modes. My findings

show that some of the variables identified by previous literature as determinants of FDI are

not robust. In examining the FDI modes, I show that they behave in different ways having

only six determinants in common. This study provides a better understanding of the robust

determinants of FDI and the different ways GFI and M&A responds to policies.
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Chapter 1

Background

1.1 Introduction

In recent years, global Foreign Direct Investment (FDI) activities have increased greatly.

FDI rose by 38% to $1.76 trillion in 2015, highest level since 2008 (UNCTAD, 2016). This

trend and its economic importance 1 has given rise to a large body of research that focuses

on the theoretical and empirical investigation of the determinants of FDI. However, there

is no agreement on the robust determinants of FDI as previous studies simply control for

factors they consider important. This practice leads to omitted variable bias (Blonigen, 2005)

and determinants that are not robust across alternative specifications and theories. In this

paper, I explore various model combinations suggested by previous literature to identify the

robust determinants of Greenfield (GFI) and Mergers and Acquisitions (M&A) FDI using

the Bayesian Model Averaging (BMA) approach. This is important, as the critical review

provided by Blonigen (2005) concludes that the FDI literature is lacking an established model

and empirical specification that states the main long-run determinants of FDI. Thus, FDI is

1FDI benefits economies in many ways. By increasing the flow of capital, FDI serves as a major catalyst for
economic growth, expands the market for goods and services, increases employment opportunities, facilitates
transfer of skills and technology, and creates additional income
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characterized by a variety of models that yields results that do not remain significant when

an alternative model is considered.

The question that comes to mind is why does FDI not have a widely acceptable

model that explains its long run determinants? Jordan and Lenkoski (2012) in response to

this, stated that it is easier to model international trade flows than FDI flows because national

firms that trade internationally, only consider country characteristics that affect profit while

multinational firms factor in the risks of both their home and host countries which are difficult

to estimate. Blonigen (2005) also argued that the existing general equilibrium theories such

as Vertical FDI theory, Horizontal FDI and Knowledge Capital model do not have closed

form solutions. This implies that the models are not expressed in terms of functions, making

it difficult to convert them to empirical specifications

The issues confronting FDI analysis revolve around a model uncertainty problem.

There are two sides to this problem: First, the variables that should be included in the

model. Second, the form the model should take. In this study, I focus on the first by looking

at a linear regression model of FDI and abstract from other issues of model uncertainty2.

In dealing with this, the BMA approach proves to be an excellent method3. As Amini and

Parmeter (2011) ( pp. 253) note, “BMA is employed when there exists a variety of models

which may all be statistically reasonable but most likely result in different conclusions about

the key questions of interest to the researcher.” The Bayesian analysis considers all possible

independent variables and determines the set of variables that have high probabilities of being

included by all the models as determinants of the question of interest. The probabilities are

arrived at by averaging across all the variables using model weights known as prior structure.

The priors give an idea of previous belief about the variables and they are expressed as a

probability distribution.

2There is also uncertainty as to the functional form of FDI model. It is not clear if FDI should be expressed
as a linear, log-linear, or quadratic function. There are also other model issues of adding interaction terms
and fixed effects

3Although there are other ways of dealing with model uncertainty, the BMA according to theory and
empirical evidence provides better average predictive performance (Hoeting et al., 1999)
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This paper also seeks to address the question of whether the modes of FDI: GFI

and M&A respond differently to the proposed determinants. GFI is a mode of FDI where the

multinational enterprise starts a new project or enterprise in the host country by building

from the ground up. M&A on the other hand involves transfer of ownership of already

established enterprises. While some multinational enterprises choose to invest in M&A,

others choose GFI. This suggests that different factors determine both modes. While the

majority of empirical studies use a combination of both GFI and M&A to measure FDI, I

evaluate the FDI modes separately. This is important because it allows for comparison of

the determinants of the modes. Evidence from literature 4 suggests that GFI and M&A have

significant differences. Specifically, research has shown that the impact of FDI on economic

growth depends on the mode of investment. I provide some examples here. Wang and Wong

(2009) find that while GFI positively influences the economic growth of a host country, M&A

does not. Harms et al. (2012) using a sample of developing countries also obtained a similar

result. This further justifies the need to compare the robust determinants of both modes.

A number of previous studies are closely related to this work. Davies et al. (2015)

using a count data of the number of FDI projects and negative binomial regression model

compared the determinants of GFI and M&A but did not solve the model uncertainty prob-

lem. Blonigen and Piger (2014) addressed model uncertainty by applying the BMA method

to a cross sectional data of FDI stock. Eicher et al. (2012), Jordan and Lenkoski (2012) using

a panel data of bilateral FDI flows improved on the work by extending the BMA approach

to solve for selection bias present as a result of zero FDI observations.

While these studies are useful for understanding the robust determinants of FDI, my

research stands out in the following ways. First, I address model uncertainty surrounding

FDI flows by analyzing separately the robust determinants of GFI and M&A modes of

investment for the period 2005-2014 using 45 potential variables suggested by literature.

This allows me to compare their determinants and find out the different ways they respond

4Examples of studies that compare M&A and GFI flows Davies et al. (2015); Kim (2009); Neto et al.
(2010)
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to policies. Although some studies have provided similar comparisons, they do not solve

the model uncertainty problem. The GFI and M&A data come from the FDI Intelligence

and Thomson Financial database respectively. Second, my sample of 36 developed and 84

developing countries is more representative than previous studies that restricts their analysis

to a sample of mostly developed countries. This also allows me to explore a specification that

analyzes the robust determinants of FDI flows to developing countries only. Using data based

on developed countries alone may yield incorrect inferences due to major differences between

developed and developing countries. It would therefore be improper to assume that FDI plays

the same role in both (Blonigen and Wang, 2004). Analyzing the specific determinants of

FDI to developing countries is also important because FDI holds a very large share of capital

formation in poor countries that could lead to their overall productivity and development

(UNCTAD, 2004). It is true that the majority of FDI activities occurs in developed countries

because it involves the transfer of capital and technology which most developing countries

lack. However recent trends show that some developing countries are also actively engaged

in FDI activities. UNCTAD (2016) reported that FDI inflows to developing economies rose

to $765 billion in 2015, about 43.5% of worldwide FDI flows .

My results show that GFI and M&A respond in different ways to the potential

determinants. Both modes only share six robust determinants with GFI being influenced by

more variables than M&A. The shared variables are the source country’s market size, voice

and accountability, urban concentration, distance, host country’s land area and common

border. I also find that while GFI is influenced by both source and host country characteris-

tics, M&A is mostly affected by source country characteristics. Apart from the determinants

that are common to both modes, the host country’s market size and common legal origin

are important determinants of M&A but not for GFI. While distance, institutional factors,

host country’s corporate tax level, trade openness, population, source country’s inflation,

and other geographical factors matter for explaining GFI flows, they do not receive high

likelihoods for determining M&A. On the other hand, M&A is strongly influenced by factor

endowments which includes education level and the growth rate of the economy. The results
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obtained from the developing countries follow a similar pattern. However, GFI to developing

countries is influenced by the market size of both the source and host country and only six

variables are important for explaining M&A to developing countries. They are source coun-

try’s urban concentration, population, land area, GDP growth, and host country’s urban

concentration, political instability and population.

In relating my findings to existing general equilibrium FDI theories, I find some

evidence for the vertical and horizontal FDI. For export platform FDI, I find very little

support with trade agreements having a very low effect on both GFI and M&A.

The paper is organized as follows. In the rest of this chapter, I give an overview

of FDI and its modes; GFI and M&A. Chapter 2 discusses the inconsistencies found in the

major theories of FDI. In Chapter 3, the methodology and data are described, empirical

results are presented in chapter 4 and chapter 5 concludes.

1.2 Overview of Foreign Direct Investment (FDI)

UNCTAD defines FDI as “an investment made to acquire lasting interest in enterprises

operating outside of the economy or investor”. According to the OECD, a minimum of

10% equity ownership is required. Multinational enterprises (MNEs) usually carry out FDI

activities and they are the source country firms investing in a foreign country(host). There

are other ways MNEs can invest abroad, such as through portfolio investment, licenses,

contracts, franchising, outsourcing, sub contracting and so on. These are not regarded as

FDI.

FDI can be described as stock or flow. When it is measured as a flow5, this refers

to equity capital, reinvested earnings and intra company loans over a period of time. FDI

stock on the other hand is the accumulated share of capital and reserves (including retained

5These definitions are explained in UNCTAD (2007) “Definitions and Sources”
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profits) of foreign owned assets at a given point in time. In empirical analysis, FDI activities

can be measured using either the flow or stock description. Lipsey (2001) argues that most

FDI stock data, except data for the U.S., does not reflect changes in currency and asset values

since the initial investments were made. This suggests that using the FDI flows description

is better than measuring FDI as stock. Furthermore, the majority of studies measure FDI as

flows. I consider it appropriate to use bilateral flows because it allows estimation of distance

between the home and host country and other bilateral factors. There are other ways FDI

activities are measured in the literature including sales, production, and employment level

of the multinational enterprises. However, data for these variables are only available for a

few countries. The number of projects can also be used to represent FDI activities but this

does not account for the value of the transaction.

As stated by Razin et al. (2004), there are two margins of FDI decisions: intensive

and extensive. The extensive margin of FDI is defined as the decision to invest influenced by

marginal profitability, while the intensive margin refers to the amount invested, determined

by total profitability. Their model also explains how zero flows in FDI could be a result

of measurement error or fixed costs involved in setting up FDI. There are some studies6

that have evaluated separately the determinants of the extensive and intensive margins of

investment by using the Tobit method or Heckman (1977) selection’s method. This however

is not the focus of this project.

1.3 FDI: Greenfield Investment or Mergers and Acqui-

sitions

When multinational enterprises decide to engage in FDI activities, they do so via two main

modes, namely: Greenfield investment (GFI) and Mergers and acquisitions (M&A). GFI

6Examples are Eicher et al. (2012), Jordan and Lenkoski (2012) and Razin et al. (2004)
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refers to starting a new project by building operational facilities from ground up and M&A

involves transfer of ownership of an existing enterprise. M&A used to be the dominant

Figure 1.1: Value of M&A and GFI inflows (2003-2015)

Figure 1.2: M&A and GFI number of projects (2003-2015)

mode of entry of FDI. UNCTAD (2000) reports that M&A alone accounted for about 78%

of FDI activities. Likewise, Head and Ries (2008) stated that for the period 1987-2001, the

share of M&A in FDI was about 67%. However, recent data show that this trend is changing.

From 2003, GFI has been leading in terms of value and number of projects. This can be

seen in Figures 1.1 and 1.2
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A major reason countries seek FDI is to attract foreign capital which will increase

their growth. However, research has shown that the ability of FDI to positively impact

economic growth depends on the mode by which it operates, that is GFI or M&A. Nocke

and Yeaple (2008) find that firms engaging in M&A are usually less efficient than GFI

firms. They argue that since GFI involves building of a new plant, only efficient firms are

able to cover the cost and make gains. This implies that GFI has a positive influence on

economic growth as it leads to creation of jobs, transfer of technology, skills, and research

and development (R&D).

Wang and Wong (2009) using a data of 84 countries over a long period of 1987-2001,

concludes that GFI positively impacts growth while the effect of M&A is negative. They

also explain that M&A can only impact growth if the host country has reached a minimum

level of human capital. Similar results are also obtained by Neto et al. (2010) and Harms

et al. (2012). These empirical studies are in line with UNCTAD (2000)’s report that states

that M&A is simply a transfer of ownership from domestic to foreign hands and not an

addition to productive capacity. Thus, countries seeking FDI (especially developing ones)

should focus on policies that will attract the mode that will lead to their economic growth.

This justifies the need to analyze separately the determinants of the modes of FDI as it is

clear that M&A and GFI have different characteristics.

8



Chapter 2

Model Uncertainty in FDI Literature

2.1 Existing FDI Theories and Empirical approaches

The literature on FDI determinants is vast and marked with little agreement on the best way

to model bilateral FDI patterns. This is due to the complexity in building an FDI model

that accounts for general equilibrium characteristics (Blonigen, 2005). In the following, I

discuss the major theories and empirical approaches of FDI suggested in literature and show

how they differ in their conclusions.

One of the early FDI theories by Markusen (1984) and Helpman (1984) identifies

two motivations for FDI: horizontal FDI (market seeking FDI) and vertical FDI (resource

seeking FDI). This theory explains that firms engage in horizontal FDI to expand the market

for their products. They do this to avoid trade barriers and costs, thereby having advantage

over other firms. Here trade and FDI are substitutes. Vertical FDI on the other hand takes

advantage of low cost of production in the host countries. A firm may decide to move to a

country that has lower wages or access to the resources used for production. The decision

of firms to invest in vertical FDI is influenced by this and other factors such as institutions,

infrastructure, and legal system of the host country. Carr et al. (2001) unified these theories
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empirically by developing the Knowledge Capital model. They tested for the factors sug-

gested by the theories which includes economic size, relative endowment differences, trade

and investment costs. Their findings revealed that these factors are important in attracting

FDI. In this way, they confirmed the vertical and horizontal motivations of FDI.

The OLI (Ownership, Location and Internalization) framework by Dunning (1980)

is another FDI theory of great significance. According to this theory, a firm’s decision to

service other countries is determined by its ownership and location advantages relative to

other countries. Location endowments explains whether the firm will supply the foreign

market by exports or by non-trade (local production). It accounts for production costs,

transfer costs (such as tariffs, transport costs, non-tariff barriers) and political risk and

institutions of the host country. Ownership advantages refers to productivity, profitability

and growth of both the home and host countries Therefore, if the benefits derived from

location advantages of a host country exceeds that of other countries, this attracts FDI to

that host country.

In the export platform three region model developed by Ekholm et al. (2007), using

two high cost countries and one low cost country they show that free trade between one of

the high cost countries and the low cost country can encourage multinationals to invest in

export platform FDI in the low cost country. Similarly, Motta and Norman (1996) using a

three country three firm model show that economic integration such as intra-regional trade

blocs improves market accessibility and encourages foreign firms to invest in the bloc. Here

FDI is undertaken in the host country to serve as an avenue of exporting to neighboring

countries. Empirical work on the effect of Regional trade agreements (RTAs) on FDI find

that trade agreements generally promotes FDI activity1. Baltagi et al. (2007) also added a

third-country determinant weighted by trade costs and concludes that third-country effects

are significant. Finally, Blonigen et al. (2007) evaluated the effect of proximate countries

and obtained a negative effect. They however explained that third-country effects on FDI is

1Chala and Lee (2015); Berger et al. (2013)
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very sensitive to the sample of countries examined.

Table 2.1: Summary of major General Equilibrium (GE) theories

GE theories Authors Variables

Vertical & Horizontal FDI Helpman (1984) Economic size
Markusen (1984) Distance

Knowledge Capital model Carr et al. (2001) Factor endowments
Trade costs
Investment costs

Export platform FDI Ekholm et al. (2007) Free trade agreements
Baltagi et al. (2007) Gravity variables

Skill, trade and investment costs
OLI framework Dunning (1980) Production costs

Transfer costs
Political risk and institutions

On the relationship between real exchange rate movements and FDI, Froot and

Stein (1991) developed a model that originated from imperfect information. The theory

predicts that foreign firms are more likely to invest in a host country that is experiencing

currency depreciation. This theory was confirmed by Blonigen (1997) using industry level

data on Japanese M&A into the United States. There has also been research on the effect

of exchange rate uncertainty on FDI. Campa (1993) basing her work on the options theory

found that exchange rate uncertainty decreases FDI because it increases the options of multi-

nationals to wait before undertaking an investment. The result was based on inward FDI of

61 US wholesale industries data. Goldberg and Kolstad (1994), using a different sample of

quarterly bilateral data on US FDI with Canada, Japan and the United Kingdom obtained

a different result. According to their analysis, exchange rate uncertainty increases FDI if the

uncertainty is unrelated to shocks in the export market and if the MNEs are reluctant to

take risks. One thing to note about all these studies is that they have generally concentrated

on developed countries particularly the United States and this limits generalization.

Firms are also influenced by the financial condition of the home and host countries.

Access to credit by banks promotes business activities and investment. Typically, a nation

11



with a largely undeveloped financial sector and limited access to funds is not likely to engage

in a lot of outward FDI. Di Giovanni (2005) finds that while increased stock market activity

increases outward cross border M&A for market based and bank based economies, access to

credit has an insignificant effect. The impact of other measures of financial depths on FDI

has also been evaluated by literature. For instance, Klein et al. (2002) concludes that the

banking collapse in Japan negatively influenced Japan’s FDI activity in the United States.

FDI determinants that are inferred from the above theories include trade costs,

infrastructure, legal system, productivity level, production costs, growth, exchange rate,

and the gravity variables represented by distance and economic size. In addition to these

variables, risk conditions of the home and host country also influences FDI flows. Corruption,

conflicts, political instability, fear of expropriation, difficulty in repatriating profits and other

institutional factors could lead to a total loss of investment. Therefore, it is expected that

multinationals will invest in countries where the level of risk is relatively low so that they may

reap the full benefits of their investment. Using inward FDI data, Wei (2000); Globerman and

Shapiro (2002) and Busse and Hefeker (2007) find support for a negative relationship between

weak institutions and FDI 2. However, Bénassy-Quéré et al. (2007), using bilateral FDI have

a different result. They find that institutions only matter when GDP per capita is not

included in the analysis. This suggests that institutions and GDP per capita are correlated.

Also, some studies have shown that the impact of institutions on FDI is not significant

(Asiedu, 2002) and Harms and Ursprung (2002). Several factors could be responsible for the

discrepancy in the results. First, there are no accurate measurements of institutions which

makes it difficult to estimate (Blonigen, 2005). Institutional indicators are constructed from

surveys, and survey respondents differ across the countries. Second, the composition of

the sample. Asiedu (2002) obtained an insignificant result when a sample of Sub Saharan

African countries are used. This implies that different results may be obtained when different

2While Wei (2000) only tested for the impact of corruption on inward FDI, Globerman and Shapiro (2002)
and Busse and Hefeker (2007) used a set of governance indicators that covers various issues including rule
of law, political stability, corruption, regulatory quality, influence of military in politics, risk of investment
and so on
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samples are considered.

Another important factor tested for in empirical analysis of FDI is taxation. Tax-

ation in general reduces the wealth of firms and it is expected to have a negative effect on

FDI inflows. Razin and Sadka (2007) find that increase in host country tax rates decreases

production by multinationals and increase in home country tax rates encourages them to

invest in other countries. Conversely, Becker et al. (2012) concludes that tax rates do not

affect the quantity and quality of FDI activities of European multinationals. Using bilateral

tax treaties to measure taxation, Blonigen and Davies (2004) reveal little evidence for the

effect of international bilateral tax treaties on FDI. However, Di Giovanni (2005) find that

capital tax treaty increases outward M&A activity.

Bilateral Investment Treaties (BITs) are agreements made by two or more nations

that state the terms and conditions for investment for nationals and multinationals. In

empirical literature, BITs are measured in two ways: number of BITs signed, and a dummy

variable for existence of a treaty between two countries. Developing countries usually engage

in BITs because it might increase their chance of obtaining more FDI from the developed

countries. Using a data set of developing countries and number of BITS signed, Neumayer

and Spess (2005) obtain a positive effect. However, Rose-Ackerman and Tobin (2005) show

that BITs weakly influence FDI except for low risk countries (developed countries). When

a BIT is measured as a dummy variable, Guerin (2010) and Busse et al. (2010) found that

BIT increases FDI flows to developing countries.

A group of empirical studies3 on FDI adopts the gravity model which was developed

by Anderson and Van Wincoop (2003) for explaining bilateral trade flows. Gravity model

predicts that bilateral trade or investment is a function of economic size and distance between

the countries involved. In explaining the gravity model, Head and Ries (2008) posited that

FDI is influenced by an international market for corporate control. Further, they predict

3 Bénassy-Quéré et al. (2007), and Di Giovanni (2005) are examples of many studies that adopts the
gravity model in explaining FDI behaviour
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Table 2.2: Summary of major FDI studies

FDI determinants Positive Negative Insignificant
Economic size Eaton and Tamura (1995)

Wei (2000)
Carr et al. (2001)
Head and Ries (2008)
Blonigen et al. (2007)
Bénassy-Quéré et al. (2007)
Razin and Sadka (2007)

GDP growth Blonigen (1997) Berger et al. (2013)
GDP per capita Neumayer and Spess (2005) Rose-Ackerman and Tobin (2005)

Razin and Sadka (2007)

Inflation
Neumayer and Spess
(2005)

Berger et al. (2013)

Investment costs Blonigen et al. (2007) Baltagi et al. (2007)
Trade
flows/openness

Di Giovanni (2005) Blonigen et al. (2007) Berger et al. (2013)

Trade agreements Berger et al. (2013)
(Bergstrand and Egger,
2007)

Chala and Lee (2015)â
Baltagi et al. (2008)

Factor endowments Baltagi et al. (2007)
Blonigen and Davies (2004)
Razin and Sadka (2007)
Bergstrand and Egger (2007)

Exchange rate
movements

Blonigen (1997)

Exchange rate un-
certainty

Goldberg and Kolstad (1994) Campa (1993)

Di Giovanni (2005)
Access to credit Di Giovanni (2005)
Stock market capi-
talization

Blonigen (1997) Blonigen (1997)

Di Giovanni (2005)
Institutions Wei (2000) Asiedu (2002)

Globerman and Shapiro (2002) Harms and Ursprung (2002)
Bénassy-Quéré et al. (2007)
Busse and Hefeker (2007)

Tax rate Wei (2000) Becker et al. (2012)
Razin and Sadka (2007)

Bilateral tax
treaties

Di Giovanni (2005)
Blonigen and Davies
(2004)

Bilateral invest-
ment treaties

Neumayer and Spess (2005)
Rose-Ackerman and To-
bin (2005)

Guerin (2010)
Busse et al. (2010)
Berger et al. (2013)

Productivity Razin and Sadka (2007)
Common language,
border

Wei (2000)

Di Giovanni (2005)
Bénassy-Quéré et al. (2007)

a

Per Chala and Lee (2015) RTAs discourage GFI in high income countries and vice versa
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that the ability of a country to obtain assets in a foreign country is not only a factor of

the distance between the two countries but also its location compared to other countries.

To control for this, they introduced geographical variables. Eaton and Tamura (1995) also

applied the gravity model to test for the impact of factor endowments on bilateral FDI and

trade. It is important to note that most of the theories mentioned are tested by modifying

the gravity model to fit the question of interest. There is a general consensus in the literature

that size and distance matter in explaining FDI activities. As Barba Navaretti and Venables

(2006) p.32 stated, “Gravity relationship links bilateral FDI between countries to the income

of the country, the distance between them, and possibly also other ‘between-country’ factors

such as sharing a common language and border”. What are the ‘between-country’ factors?

Which of them are important? And how are they measured? These are questions yet to be

answered by the gravity model. The different ways the “between-country” factors have been

measured in literature includes common language, common border, time zone differences,

colonial history, common currency, institutional distance (Bénassy-Quéré et al., 2007) and

so on.

Other significant variables in the FDI literature not mentioned in the theories in-

clude; communication infrastructure, market potential, macroeconomic stability, currency

unions and business costs. Table 2.1 presents a summary of major FDI determinants and

different results obtained by various studies

2.2 Literature on FDI mode: GFI and M&A

What are the factors that determine the entry mode of FDI? Even though GFI and M&A

have different characteristics and impacts on the host economy, there is very little theoretical

and empirical research that discuss their similarities and differences. In this section, I discuss

the small body of research that addresses this issue.
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The theory provided by Nocke and Yeaple (2008) states that the composition of

FDI between GFI and M&A depends on the firm and country characteristics. Specifically,

where production-cost differences (such as wages) are small, multinational enterprises are

more likely to engage in M&A. On the other hand, GFI is preferred when the production-

cost differences are large. In addition, host countries that have a low level of corporate

assets are more likely to attract GFI than M&A. An implication of this theory, is that the

host country’s level of development determines the mode of FDI it attracts, with developed

countries attracting more M&A than developing countries and vice versa.

Müller (2007)’s theory of FDI entry mode states that the entry mode decision of

firms depends on the competition intensity in the host market. Specifically, foreign firms

will prefer M&A when the competition level (number of firms) is average and GFI when

the competition level is either very low or very high. He also evaluated the impact of

technological differences, investment costs and market size. Low investment costs and a

large technological gap encourages foreign firms to invest in GFI rather than M&A. Other

theories provided by Kim (2009) and Nagano (2013) suggests that free trade agreements

encourage M&A and implementation of shareholder right laws in the host country tends

to attract GFI. Lastly, foreign firms investing abroad choose M&A when their goal is to

establish sales and distribution channels.

To evaluate the specific determinants of each entry mode, Neto et al. (2010) con-

ducted an empirical study and concludes that both modes are influenced by size of the

economy, degree of openness and governance level. Their analysis also reveals that economic

growth is more important for GFI and financial development for M&A. Davies et al. (2015)

in a similar study found that while GFI is more responsive to institutions, host country’s

tax rate and source country’s level of technology, M&A on the other hand is more sensitive

to investment costs, exchange rate, language, location and history differences.

Some empirical studies have looked at each mode separately without comparing
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them. In this category, there are more studies on cross border M&A than GFI. On M&A,

Rossi and Volpin (2004) found that good institutions such as accounting standards and

shareholder protection positively impacts M&A. Hyun and Kim (2010) obtained similar

results but observed that the effect institutions on M&A loose their significance for country

pairs that have similar development levels. For GFI, Chala and Lee (2015)’s study implies

that regional trade agreements exerts a positive effect only if the investment is between an

OECD and non OECD country

From the review presented, the following observations can be drawn. First, both

modes respond to market size and institutions. Financial market development and exchange

rates appear to be more important for M&A than GFI. Second, both the theoretical and

empirical studies have come up with different predictions with very little agreement. Thus,

there is no consensus on the specific factors that determines each mode.

2.3 Model Uncertainty and Bayesian Model Averaging

(BMA)

The review of FDI theories and empirics suggests that some statistically significant determi-

nants of FDI become insignificant when they are tested using alternative specifications and

theories. There could be several reasons for this: First, there is no general way of measur-

ing FDI. It could be measured as stock, flow, number of FDI projects, GFI, M&A, sales,

production or employment level of multinational enterprises (MNEs). Previous literature

show that using alternative measures of FDI may lead to different results. Second, while

most studies use log FDI to control for skewness, a few studies use a level specification and

end up with different results. Second, the sample of countries. Since most FDI takes place

among developed countries, and there exists difficulty in obtaining FDI data for developing

countries, many authors use data on OECD countries particularly the United States. The
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problem with this practice is that it does not capture factors peculiar to the countries omit-

ted. Furthermore, the results obtained from such analysis cannot be generalized. Third, the

form the model takes. Using different econometric specifications is likely to produce different

results. Linear regression model is often adopted but some studies model FDI as two stage

least square, quadratic models, generalised method of moments (GMM), Tobit, fixed effects,

random effects, and so on. Different specifications will likely produce different results.

BMA comes in handy here because its goal is to produce determinants that are

robust across various specifications and theories. I would like to note here that while there

are many issues confronting FDI, the purpose of this paper is to address the problem of model

uncertainty in a linear regression model of FDI. I am not looking at other aspects of model

uncertainty but simply the set of variables that remain significant even when alternative

models are considered. I also improve on previous work by covering a much larger sample

that includes both developed and developing countries.
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Chapter 3

Methodology and Data

3.1 Bayesian Model Averaging

This paper solves the model uncertainty problem relating to the variables that should be

included in a linear regression of FDI flows. The uncertainty exists because there are many

potential independent variables and models that provide a good fit to FDI data but leads

to different conclusions and predictions. Thus, basing inference on a single model may lead

to misleading results and evidence for effects that do not exist. As Zeugner (2011) stated,

using a single linear model that contains all the explanatory variables is not efficient or

even possible. Thus, how does a researcher determine the best model? Because FDI lacks

a widely accepted general equilibrium theory, previous studies have simply controlled for

variables they consider important. This has resulted in different conclusions across various

specifications and models.

Bayesian Model Averaging (BMA) provides an excellent way around this. It is a

statistical framework that solves model uncertainty problem in a linear regression or pro-

portional hazard models (survival analysis). What BMA does is to identify the independent

variables that are important for a given area of interest. In doing this, it considers all linear
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combinations of variables by averaging over all the models to identify the variables that

remain robust. The uncertainty about the unknown parameters of the model are treated in

terms of probabilities and the results obtained from it are derived from conditional prob-

ability, total probability and the Bayes theorem (Raftery, 1999). Each model is assigned

a weight which is determined from the model prior. The weights are used to compute the

posterior model probabilities and this determines a variable’s robustness. Therefore, inde-

pendent variables that are included in models with high posterior model probabilities are

said to have high likelihoods. BMA proves to be a suitable method because it considers

all possible models. FDI regressors that remain significant when alternative models are

considered are more robust than that of a single model.

Even though BMA provides a way of dealing with model uncertainty, it has some

limitations. It only solves the uncertainty surrounding the variables that should be included

in an analysis, it does not directly deal with the uncertainty that relates to the functional

form or the interaction between the variables of the model. Apart from this, the quality of

the BMA is linked to the data and class of models provided. Therefore, omitting the true

model class from the analysis might render the results unreliable. The researcher must be

sure, therefore, to include all possible variables in order to obtain reliable estimates. There

is also the challenge of specifying model prior. This is critical as it determines the weight

used for averaging and ultimately the results. Inadequate information about the behavior of

the variables makes prior specifications difficult. However, there is a body of literature that

have come up with different default priors that can be applied to BMA. This is discussed in

section 3.2.1.

There are other methods mentioned in the literature that could be used to solve

model uncertainty, for example the boot strapping method. Freedman et al. (1988) inves-

tigated the use of bootstrapping a regression model and concluded that it is not able to

solve model uncertainty when the number of variables is relatively large. Another one is the

extreme bounds analysis used by Chakrabarti (2001). However, recent research efforts show
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that BMA is more efficient1. Also, there is significant evidence from the literature2 that

BMA results are more robust than any single model

3.2 Application of BMA

The application of BMA to a linear regression of FDI is described as follows. Given the

linear regression of bilateral FDI is presented as:

Y = α + β1X1 + β2X2 + ...+ βγXγ + ε (3.1)

where Y represents bilateral FDI, βγ is the coefficient of all the independent variables, ε

measure the independent normally distributed disturbances, and γ stands for all the potential

determinants of FDI X1, X2, ..., Xγ. To identify which variables are robust in explaining FDI

flows, I consider 45 potential home and host country variables drawn from previous research

on FDI. From these variables, BMA draws all possible combinations (models) and averages

over all of them using weights determined from the posterior model probabilities. For each

model drawn, BMA computes a posterior model probability (PMP), which according to

Bayes’ theorem is the the ratio of the marginal likelihood of the model and the probability

of the model prior to the sum of the marginal likelihoods of all the models considered. This

is shown in the equation below.

Pr(
Mγ

Y
,X) =

Pr( Y
Mγ
, X)Pr(Mγ)∑2κ

σ=1 Pr(
Y
Mσ
, X)Pr(Mσ)

(3.2)

Pr( Y
Mγ
, X) - represents the marginal likelihood of model Mγ (probability of the data

1Blonigen and Piger (2014) and Eicher et al. (2012) both agree that BMA is an improvement on the
Extreme Bound analysis (EBA) because EBA restricts the model space and doesn’t allow for many variables
to be considered

2Hoeting et al. (1999), Fernandez et al. (2001a)
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given the model) which is obtained by integrating the vector parameters of the model and

its probability distribution. This is shown below

Pr(
Y

Mγ

, X) =

∫
Pr(

Y

θγ
,Mγ)Pr(

θγ
Mγ

δθγ) (3.3)

θγ measures the vector of the parameters of the model (the coefficients). Pr( θγ
Mγ

) stands for

the prior probability distribution of the regression coefficients

Pr(Mγ) - denotes the model prior. It is the posterior probability the model Mγ is

the true model given other models Mσ. This is chosen based on prior information.

The denominator
∑2κ

σ=1 Pr(
Y
Mσ
, X)Pr(Mσ) - is the sum of all marginal likelihoods

of all the models evaluated. The posterior model probabilities are then used to obtain the

main outputs of BMA explained below

• Posterior inclusion probability (PIP): BMA computes an inclusion probability for all

the variables considered. The PIP of a variable is defined as the sum of the posterior

model probabilities of all models that includes the variable. This is presented in the

equation below

µBMA(θXγ ) = Pr(θXγ 6=
0

Y
) =

∑
γ

∈MγPr(
Mγ

Y
) (3.4)

Therefore, if a variable has an inclusion probability of 100%, it means that 100% of all

models evaluated includes the variable as a significant determinant FDI. The inclusion

probability is a measure of the robustness of a variable to alternative models.

• Posterior means and standard deviations: The posterior means and variances of the

regression coefficients are also obtained from the posterior model probabilities. The

posterior mean of a variable is an average of its coefficient across all models considered.
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This is shown below:

θBMA =
2κ∑
γ

Pr(
Mγ

Y
)θγ (3.5)

And the posterior standard deviation is given as:

V ar(
θBMA

Y
) = E(

θBMA

Y
)2 − [E(

θBMA

Y
)]2 (3.6)

=
2κ∑
γ

E(
θBMA

Y
,Mγ)

2Pr(
Mγ

Y
)− [E(

θBMA

Y
)]2 (3.7)

2κ∑
γ

[V ar(
θBMA

Y
,Mγ) + (θ2γ)]Pr(

Mγ

Y
)− [E(

θBMA

Y
)]2 (3.8)

3.2.1 Choosing Priors

Having explained the importance of using BMA to deal with uncertainty, it is important

to state that the results obtained from BMA are largely dependent on the choice of the

prior structure which has two parts: a prior for the regression coefficients Pr( θγ
Mγ

) and the

model prior Pr(Mγ). The prior distribution is a measure of one’s belief about the variables

considered. Per Fernandez et al. (2001b), the choice of prior structure can have a huge

effect on the posterior model probabilities and ultimately the inclusion probabilities. This

is because the averaging performed by BMA is done using weights based on the posterior

model probabilities determined by the prior specification. Therefore, the quality of BMA

results depends on the prior specification.

How are good priors chosen when substantial information is not available or fea-

sible? And how are they implemented? Priors can be obtained from past information or

a subjective assessment. According to Eicher et al. (2011), priors can be determined by

converting past information about the variables and models to a probability distribution.
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However, this might be difficult to achieve. Thus, there is a considerable amount of re-

search3 that have proposed default priors which can be applied to situations when adequate

information is not available. For a regression coefficients prior for this study, I adopt the

popular Unit information prior (UIP) and consider two other popular default priors to test

the sensitivity of my results. This is discussed in the following:

• Unit information prior (UIP): This prior was developed by Kass and Wasserman (1995),

and it implies that all models have a mean equal to the maximum likelihood estimate

and variance is equal to the expected information matrix for one observation (Raftery,

1999). It is a data-dependent prior and assigns about the same amount of information

in one observation to the regression coefficient’s prior. Thus, if prior=g, then g = N .

They argue that it is simple and convenient to use. Furthermore, Eicher et al. (2011)

have evidence to show that the results obtained from this priors are superior to other

priors.4

• Non informative prior: Using a natural conjugate framework, Fernandez et al. (2001a)

proposed this prior. They argue that the prior works well for cases where past infor-

mation is not available or desired. This method sets the regression coefficient’s prior

equal to g = max(N, κ2) where κ=number of variables used in the analysis

• Bayesian information criterion (BIC): This method employs the BIC5 approximation

in determining the priors for the regression coefficients. Raftery (1995) applied this

approach to BMA. Although this approach has been criticized for using a simple mech-

anism and being too conservative (not spread out enough and having few variables

that have high inclusion probabilities), Eicher et al. (2012) argues that the prior den-

sity is spread out in economic applications. Raftery (1999) also argues that the BIC

3Raftery (1995), Kass and Wasserman (1995), Fernandez et al. (2001a), Eicher et al. (2011) are examples
of studies that have performed tests and simulations and come up with various priors.

4non informative priors by Fernandez et al. (2001a)
5The BIC is a model selection tool originally developed by Schwarz et al. (1978). It is defined as BIC =

−2 ∗ logmaximizedlikelihoodfunctionofthemodel + d ∗ log(N) where N =sample size and d=number of
parameters
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mechanism simplifies the BMA process and the results obtained from it are usually

reasonable6.

The other part of prior specification involves choosing a model prior. I adopt the

uniform model approach widely used in literature. This prior suggests that each model is

expected to behave the same way. Specifically, it sets the model size to K
2

. K is the number

of variables used in the analysis. To compare the effect of the model prior on the posterior

distribution, another model prior namely the fixed model prior 7 is also implemented.

3.2.2 Model Space

Computing the BMA also involves enumerating the model space. The model space repre-

sents the number of independent variables included in the analysis. Therefore, in a regression

between a dependent variable and n independent variables, there can be 2n models. Since

45 independent variables are controlled for in this study, I have 245 different combinations.

Implementing BMA technique becomes difficult because the number of models (explanatory

variables) is large. To search the model space effectively under the UIP and Non informa-

tive prior structures, I utilize the Monte Carlo Model Composition (MCMC) first used by

Madigan et al. (1995). The procedure the MCMC takes in searching the model space is

described as follows: if the chain is at a model say Mτ , MCMC randomly draws a model

and moves to that model if its marginal likelihood is higher than the present model (Amini

and Parmeter, 2011). The model it moves to will also have to survive other competing

models. The procedure is then repeated and the models with low marginal likelihoods are

discarded(burn-ins). MCMC converges to an optimal solution by drawing out models with

high marginal likelihoods and convergence is attained if there is a high correlation between

the number of times models are kept and the posterior model probability distribution.

6See Raftery (1995) for more information on BMA using BIC
7The fixed model prior is a binomial model prior set to the product of the model’s inclusion and exclusion

probabilities Amini and Parmeter (2011)
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The BIC method to BMA employs a different search mechanism. In this approach,

only a subset of models supported by data are averaged. To choose models, a specific BIC

difference is computed and the reduced set of models that are chosen are said to belong to

the Occam’s window.

3.3 Dependent variable: GFI and M&A

The dependent variable, Foreign direct investment (FDI) is measured by bilateral flows of

M&A and GFI. A new project is referred to as GFI while an acquisition or merger of an

existing project is referred to as a deal. The values of the GFI and M&A data are logged to

reduce the skewness in FDI data. The period of study covers ten years (2005-2014). These

recent years are chosen to take advantage of recent trends in FDI.

3.3.1 Measurement of GFI

The cross border GFI data come from fdimarkets.com database published by the Finan-

cial Times Limited. This database tracks cross border GFI across all countries and sectors

worldwide with real-time monitoring investment projects, capital investment and job cre-

ation. Reports on the origin and destination firm names and location, the value of the

capital invested, jobs created as well as the industry and sector of the project for all coun-

tries for the period are also covered in the database. Before the existence of this dataset in

2003, GFI data was measured by subtracting the value of cross border M&A from FDI. This

dataset is unique because it tracks GFI directly.
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3.3.2 Measurement of M&A

Data on M&A flows are from the Thomson ONE database which reports bilateral M&A

activity for all countries in the world. Although the data dates back to 1983, I only use data

from 2005 to 2014. This dataset contains detailed information for all daily deals involving

at least 5% ownership change in firm which includes: the announcement date, date the

deal is effective, value of the deal in US dollar, status of the deal i.e. completed or not,

payments used in deal e.g. cash, profit related payments, stocks etc., target and acquiring

firms’ names and sector. Thomson ONE obtains their information from stock market fillings,

news, reports, law firms, and surveys by investment banks. This data source is good because

it has a wide coverage of countries. However, not all deals have values attached to them

because not all firms announce the value of their deals. The deals that have no values

attached to them are assumed to be zero based on the argument by Di Giovanni (2005) that

they are random. Both the GFI and M&A data are at project level and recorded on a daily

basis. To perform the analysis, I aggregated them to an annual basis.

3.4 Control Variables

The details of the control variables used in this study are grouped into different headings

and summarized in table 3.1.

The gravity variables which comprises of GDP, distance, and population of the host

and home countries are obtained from World Development Indicators (WDI) and CEPII8.

Both variables are logged. Per capita income is not controlled for since it is indirectly mea-

sured by the natural log of GDP and population. Distance is measured as the physical

distance between the capital/major cities of the home and host country. To measure institu-

8CEPII (Centre d’Etudes Prospectives et d’Informations Internationales) is a french research center that
does research and produces database on international economics. More information at www.cepii.fr
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tional quality of the countries, I use the governance indicators from Kaufmann et al. (2011).

The indicators are a weighted average of variables that measure individuals’ perception of

control of corruption, rule of law, voice and accountability, absence of political violence and

terrorism, and regulatory quality. The six aggregate indicators are based on 30 underlying

data sources reporting the perceptions of governance of a large number of survey respondents

and expert assessments worldwide. The indicators are ranked on a scale of -2.5 to 2.5 with

higher values indicating good institutions. Factor endowments of the host countries are mea-

sured using variables from the United Nations Human Development Indicators (UN HDI),

WDI and CEPII. They include land area, literacy rate and skill level (number of years of ter-

tiary education). To analyze the effect of productivity on FDI, I control for GDP per worker

obtained from the Penn World Table (PWT) 9.0. Beyond these variables, time difference

and dummy variables that takes the value of 1 if there is common border, common colonial

origin, common language and common currency between the home and host countries are

also controlled for. These variables are obtained from the CEPII database.

Given the importance of the economic and financial environment of both the host

and home countries in FDI activities, I include measures that control for it. Data on domestic

credit provided by banks, inflation, and growth rate of GDP are taken from WDI. Further-

more, corporate tax rates are from Trading economics and exchange rates are obtained from

PWT 9.0.

On trade and trade related variables, data host and the home country’s membership

in GATT is gotten from CEPII, trade openness calculated as the ratio of imports and

exports to GDP comes from the WDI. Using information from UNCTAD and CEPII, dummy

variables that take the value of 1 if there is regional trade agreement (RTA) and bilateral

investment treaty (BIT) between the host and home countries are also included. Finally,

data on number of internet users and urban concentration of the home and host countries

are also obtained from the WDI.
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Table 3.1: Control variables description

Headings Variable Description
Gravity GDPi Log of home GDP

GDPj Log of host GDP
DISTANCEij Weighted distance between home and host countries
POPi Log of home population size
POPj Log of host population size

Institutions CORRUPTi Corruption level of home country
CORRUPTj Corruption level of host country
GOVTi Government effectiveness of home country
GOVTj Government effectiveness of host country
POLi Home country’s political stability
POLj Host country’s political stability
REGi Regulatory quality of home country
REGj Regulatory quality of host country
RULi Rule of law of home country
RULj Rule of law of host country
VOCi Voice and accountability of home country
VOCj Voice and accountability of host country

Geographical/historical
factors

TIMEij Time difference

COMMON BORDERij Dummy variable for common border
COM COLij Dummy variable for common colonial origin
COM LANGij Indicator variable for common language
COM LEGij equals 1 if both countries have the same legal origin
COMCURij equals 1 if both countries have the same currency
URBANi Urban population (% of total) in home country
URBANj Urban population (% of total) in host country

Trade and invest-
ment treaties

RTAij equals 1 if both countries have a RTAa

BITij equals 1 if both countries have a BITb

TRADE OPENi Home country’s imports plus exports as share of GDP
TRADEOPENj Host country’s imports plus exports as share of GDP
GATTi Home country’s membership in GATT
GATTj Host country’s membership in GATT

Factor endow-
ments/productivity

AREAi Land area of host country in sq. km

AREAj Land area of home country in sq.km
EDUCATIONj Average years of schooling in host country
GDP WORKERj Share of labour compensation in GDP in host country
GDP GROWTHi Growth rate of GDP in home country
GDP GROWTHj Growth rate of GDP in host country

Financial factors DOMESTIC CREDITj Host’s domestic credit provided by banks as a % of GDP
Corporate Tax rate TAXi Corporate tax rate in home country

TAXj Corporate tax rate in host country
Economic Risk INFLATIONi Inflation level (GDP deflator) in home country

INFLATIONj Inflation level (GDP deflator) in host country
Exchange Rate EXGj Real exchange rate in host country
a

RTA is defined as regional trade agreements. They include free trade agreements and customs unions
b

BIT means bilateral investment treaties
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3.5 Examining the Data

Before going into the analysis, it is important to perform some descriptive statistics on the

dependent variable to examine the data and check for any trends or patterns. The GFI and

M&A data sets are reported in different ways. First, the GFI dataset covers more countries

than the M&A. GFI dataset when combined with other control variables, has a total of

15,037 observations, 120 origin countries; 36 developed and 84 developing economies. This

is different from the M&A dataset that has 4453 observations which includes 90 countries

(36 developed and 54 developing). Second, while the GFI gives information on the value and

sector of the project, the M&A data set in addition to value and sector of the project also

provides information on the firms involved. Despite these differences, comparison of both

modes can still be done.

Note that the M&A values only account for the gross amount at the time of trans-

action. It does not account for changes to the investment after the deal is done.

3.5.1 FDI trends over time

The evolution of M&A and GFI FDI over the period 2005-2014 is shown in figure 3.1. GFI

was at its peak in 2008 but fell drastically by 27.35% to about $901.5 billion. This is likely

due to the financial crisis of 2007-2008. Since then, the total value of green field investment

has experienced rise and fall without rising back to its pre-recession value. Specifically, it

rose by 9.1% in 2011, dropped by a sharp 29.6% to $586.1 billion in 2012. It then rebounded

in 2013 to $733.5 billion but declined slightly by about 9.4% in 2014.

Looking at the trend of M&A over the same period, I find similar behavior although

there are some differences. Total value of cross border M&A was at its peak in 2007 with

a value of $1970 billion. It then dropped to $1249 billion in 2008. M&A was badly hit by
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(a) Value of GFI (2005-2014) (b) Value of M&A(2005-2014)

Figure 3.1: Evolution of GFI and M&A FDI over time

the financial crisis of 2007-2008. This is seen in the sharp decline of 65.5% to a value of

about $431 billion. The value grew a bit in 2010 but declined over the period 2011-2013.

After these years of decline, it resumed growth in 2014, growing greatly by 79.8% to a value

almost reaching $850 billion.

The following observations can be drawn from this analysis. First, both GFI and

M&A FDI were impacted negatively by the financial crisis. However, the value of cross border

M&A is more sensitive to the crisis than GFI. Second, both FDI modes have experienced a

rise and fall and neither mode has risen back to its pre-recession value. This suggests that

FDI is still recovering from the economic recession.

Figure 3.2 presents the evolution of GFI and M&A FDI for developing host coun-

tries. The top panel shows the value of GFI while the lower panel is for M&A. The grouping

of countries into developed and less developed is done according to UNCTAD (2012)’s clas-

sification. The trend of GFI and M&A FDI in less developing countries (LDCs) is similar

to the global sample. Both modes of FDI to developing countries are also greatly affected

by the economic recession and have not recovered from it.
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Figure 3.2: GFI and M&A in developing countries (2005-2014)

Over the period, green field investments to developing countries accounts for about

67% of the total value. The case is very different for M&A to developing countries which

is a very low 7.5%. These figures clearly show that developing countries dominate green

field investments, while the bulk of M&A activities takes place in developed countries. This

confirms the theory of Nocke and Yeaple (2008).

3.5.2 Top Host and Source countries

The top 20 host countries in terms of the value of investment for GFI and M&A are presented

in table 3.2. The majority of the top 10 destination countries for GFI are developing countries

with the exception of the United States, United Kingdom, and Australia. This again confirms

the fact that GFI projects are mainly carried out in developing countries. However, those

developing countries are economies that are notably progressing towards being advanced
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Table 3.2: Top 20 Host countries for GFI and M&A (2005-2014)

Country Name GFI ($b) % Country Name M&A ($b) %
China 921 11.7 United States 1346 16.7
United States 532 6.8 Egypt 1003 12.5
India 384 4.9 Hong Kong 720 9
UK 343 4.4 United Kingdom 660 8.2
Brazil 274 3.5 China 520 6.5
Russia 243 3.1 Canada 308 3.8
Vietnam 236 3.0 Australia 296 3.7
Mexico 212 2.7 Germany 266 3.3
Australia 207 2.6 Spain 237 2.9
Indonesia 179 2.3 France 179 2.2
Canada 170 2.2 Italy 178 2.2
Germany 142 1.8 Netherlands 142 1.8
Saudi Arabia 130 1.7 Brazil 130 1.6
Romania 126 1.6 Russia 120 1.5
Turkey 125 1.6 Switzerland 111 1.4
Singapore 125 1.6 India 92 1.1
Spain 123 1.6 Belgium 84 1.0
Poland 122 1.6 Singapore 82 1.0
UAE 116 1.5 Sweden 81 1.0
France 115 1.5 Luxembourg 68 0.8
Other Host countries 3368 42.9 1417 17.6
Total 7850 100 8040 100

$b represents billions of US dollars

and industrialized. This implies that the GDP of the destination might have an impact on

the value of GFI flows received. Turning to M&A, the destinations are mainly developed

countries. Only China, India, Egypt and Hong Kong are not in that category. It is a known

fact that cross border M&A thrives in developed nations as this process involves a sound

financial system which is absent in most developing countries.

Two countries namely China and the United States are the top destination countries

for both GFI and M&A modes. While China accounts for 11.7 % and 6.5% of total GFI and

M&A flows, the United States absorbs 6.8% and 16.7% respectively. Also, the table reveals

that the bulk of FDI activities is concentrated in some top countries while other countries

only account for a small percentage. Precisely, out of the 175 destination countries for GFI

used in this study, only the top 20 accounts for 57.1 %. This means that the remaining 57.1%

is divided between the remaining 155 countries. For M&A, the distribution is more skewed

with the top 20 out of 134 destination countries accounting for 82.4% of total inflows.

For the top source countries, both M&A and GFI show similar patterns. Specifi-
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Table 3.3: Top 20 Source countries for GFI and M&A (2005-2014)

Country Name GFI ($b) % Country Name M&A ($b) %
United States 1401 17.8 Kuwait 996 12.4
Japan 595 7.6 China 886 11
Germany 575 7.3 Hong Kong 703 8.7
United Kingdom 537 6.8 United States 595 7.4
France 416 5.3 France 487 6.1
China 283 3.6 Germany 426 5.3
Canada 258 3.3 Netherlands 408 5.1
South Korea 251 3.2 Australia 377 4.7
UAE 250 3.2 Canada 368 4.6
Spain 246 3.1 United Kingdom 316 3.9
Netherlands 219 2.8 Japan 315 3.9
India 190 2.4 Singapore 232 2.9
Italy 190 2.4 Italy 169 2.1
Switzerland 183 2.3 UAE 132 1.6
Hong Kong 158 2 Luxembourg 124 1.5
Australia 141 1.8 Belgium 106 1.3
Singapore 129 1.6 Russia 96 1.2
Russia 123 1.6 Norway 90 1.1
Taiwan 121 1.5 South Korea 83 1
Malaysia 117 1.5 India 80 1.0
Other source countries 2042 26 1051 13.1
Total 7850 100 Total 8040 100

cally, sixteen countries are top origins for both GFI and M&A modes. All these countries

excluding China, India, and South Korea, are developed and industrialized. This again

points to the fact that both FDI modes mostly originates from rich countries. The reason

for this is not far fetched. It is clear that investing abroad involves huge capital and technical

expertise which most developing countries lack. Countries like China, Russia, South Korea,

Brazil, India and other such economies are active players because they are advancing and

gradually growing towards being developed.

The skewness of the FDI data is also clearly expressed here. Out of the 148 source

countries for GFI, the top five account for 45% of the total value of outflows. The United

States has generated the greatest investment with a value of $1401 billion . A similar trend

can also be seen in the M&A outflows, the top five source countries account for 46% of the

total investment.

Examining the top host and source countries for GFI and M&A modes of investment

leads to the following conclusions. First, developing countries specifically the emerging ones
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dominate the GFI inflows while M&A is reserved for the developing countries. Thus, the

FDI data is skewed with the majority of FDI activities taking place between a select number

of countries, mainly the developed and emerging ones. Second, the United States and China

are major players in both GFI and M&A modes of investment

3.5.3 GFI and M&A trends by sector

Table 3.4: GFI and M&A trends by sector

GFI (in billions US $) M&A (in billions US $)
Year Primary Manufacturing Services Primary Manufacturing Services
2005 106.8 291.2 234.6 10.8 149.2 375
2006 57.8 402.7 357 45.5 188.6 385.6
2007 59.6 348 397 92.4 326.6 613.7
2008 128.7 510.9 654.7 94.8 195.8 327
2009 116.9 377.8 463.5 51.2 79.4 157
2010 56.4 428.7 333.9 79.8 127.8 140
2011 69.6 435.8 359.9 156 204.2 193.2
2012 27.1 284.3 319.6 46.2 134.8 147.2
2013 38.9 326.1 465.8 -12.9 135.5 140
2014 41.6 317.7 346.7 36.1 189.3 207.1
Total 703.4 3723.2 3932.7 599.9 1731.2 2685.8

Percentage 8.4 44.5 47 12 34.5 53.5

The primary sector contributed the least to both GFI and M&A forms of investment

with a value of 8.4 % and 12% respectively. Manufacturing sector’s share of GFI and M&A

is quite significant, contributing 44.5 % and 34.5 % respectively. The services sector appears

to be the most important contributor accounting for 47% and 53.5% respectively. For GFI,

the services sector recorded its highest growth in 2008. Due to the financial crisis, the value

began to decline over the years up till 2013 when it picked up and then dropped in 2014.

The pattern is quite similar for M&A which was at its peak in 2007 and has been declining

over the years. 2014 witnessed a considerable amount of growth by about 47.9%.

+
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Chapter 4

Robust GFI and M&A Determinants

4.1 Baseline results

This paper seeks to identify the robust determinants of GFI and M&A in the light of model

uncertainty. Bayesian model averaging (BMA) is adopted, which averages across all the

independent variables using weights based on priors chosen for the model and regression

coefficients. In this section, I present the baseline results where the Unit information prior

(UIP) is assumed for the regression coefficients and uniform prior for the model. The BMA

reports the posterior inclusion probabilities (PIP) which measures the importance of a vari-

able given the data. Variables with a PIP of 90% and above are assumed to be strong

determinants while those with 50-75% are deemed effective determinants. Following Eicher

et al. (2012), any variable with a PIP below 50% is not a robust determinant. If a vari-

able has an inclusion probability of 1.0, this implies that 100% of all the models evaluated

includes that variable. In addition, the number of drawings, number of burnins, the cor-

relation between the number of drawings and the models with the highest posterior model

probabilities (PMP), posterior means and posterior standard deviations are also reported by

the BMA. The posterior mean is defined as the average of the variable coefficient across all
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models. The signs are also included.

4.1.1 Robust GFI Determinants

The results of the BMA analysis is presented in Table 4.1. I ran 500,000 iterations and

100,000 burn-ins on GFI (dependent variable) and 45 independent variables1. Using a uni-

form model prior implies that the prior model size would be K
2

. Thus, testing for 45 variables

means that the prior expects the average number of regressors in each model to be about

22.5. However, the posterior model size may be slightly different from the prior size. The

figure below shows the extent to which the posterior model size corresponds to the model

prior distribution.

Figure 4.1: GFI Model Size

From the figure, the posterior model size is 25.9292. Thus, even though the model

prior size suggests a model size of 22.5, combining it with data obtains posterior models that

1The R package that provides the BMA software is found at Zeugner and Feldkircher (2015)
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includes more variables.

Because of the large number of model combinations used in this study, the MCMC

sampler is used to search the model space. To check whether the MCMC sampler has

converged by selecting models with the highest PMPs, the draws from the MCMC sampler

should be highly correlated with the distribution of the posterior model probabilities. In

Figure 4.3, I show the convergence for the best 2000 models. The high correlation of 0.9958

and the intersection between the MCMC sampler and the posterior model probabilities

confirms the convergence of the sampler.

Figure 4.2: GFI Posterior Model Probability Distribution

Turning to the coefficient results presented in Table 4.1, for all the regressors, the in-

clusion probabilities are shown in column 1 while columns 2 and 3 shows the posterior means

and posterior standard deviations. Twenty three variables have an inclusion probability of

at least 50%.

The gravity variables: market size of the source country, population of the host

and source country and distance have very high inclusion probabilities with the expected
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Table 4.1: Robust GFI determinants

Variable Posterior inclusion probability Posterior Mean Posterior S.D.
GDPi 1.000 0.575 0.059
INFLATIONi 1 .000 -0.288 0.045
POPj 1.000 0.441 0.054
URBANj 1.000 0.550 0.100
AREAj 1.000 0.106 0.010
AREAi 1.000 -0.065 0.011
TAXi 1.000 0.014 0.003
VOCj 1.000 -0.368 0.026
REGj 1.000 0.617 0.058
POLj 1.000 0.302 0.029
VOCi 1.000 -0.290 0.033
GATTi 1.000 -0.545 0.078
DISTANCEij 1.000 -0.000 0.000
COM COLij 1.000 0.606 0.070
COM LANGij 1.000 0.547 0.041
COM BORDERij 1.000 0.583 0.055
TRADEOPENi 1.000 -0.111 0.030
INTERNETj 1.000 -0.154 0.032
TAXj 0.989 -0.010 0.003
REGi 0.970 0.291 0.089
RULj 0.948 -0.261 0.082
GDPGROWTHj 0.920 0.011 0.004
URBANi 0.880 -0.413 0.191
POPi 0.814 -0.111 0.062
GOVTi 0.591 0.148 0.132
RULi 0.450 0.136 0.162
INFLATIONj 0.412 -0.037 0.048
GDPj 0.361 -0.037 0.054
COM LEGij 0.129 0.011 0.031
COM CURij 0.078 -0.011 0.044
CORRUPTj 0.072 -0.011 0.044
POLi 0.047 -0.003 0.016
EXGj 0.046 -0.001 0.003
GDPWORKERj 0.030 0.003 0.022
CORRUPTi 0.019 0.002 0.017
BIT 0.017 -0.001 0.001
DOMESTIC CREDITj 0.011 0.000 0.001
INTERNETi 0.011 -0.001 0.007
EDUCATIONj 0.008 -0.000 0.001
TIMEij 0.008 0.000 0.001
GOVTj 0.008 -0.0004 0.008
TRADEOPENj 0.008 -0.000 0.002
GATTj 0.007 -0.003 0.006
GDPGROWTHi 0.006 -0.000 0.000
RTA 0.006 0.000 0.003

39



signs. However, the population of the host country has a negative effect. The GDP of the

destination country has a very low inclusion probability suggesting that the market size of

the destination country doesn’t matter much in attracting GFI flows. This confirms the

assertion made by Nocke and Yeaple (2008) that multinational firms would rather invest in

green field investment in countries that have a low level of development.

Some of the measures of institutional quality also have very high inclusion proba-

bilities. They include political stability, regulatory quality, voice and accountability of host

country. For the source country, voice and accountability, regulatory quality and the rule of

law are robust variables. This finding is in line with Nagano (2013)’s theory that suggests

that implementation of institutional laws encourage GFI. The negative sign of the voice and

accountability variable implies that GFI is attracted to countries with lower freedom. This

result is contradictory and should be taken with caution as the institutional variables are

likely correlated with each other.

For trade policy variables, the host country’s trade openness and source country’s

membership in GATT have a negative relationship with GFI. This implies that countries

that are more open to trade are less likely to attract GFI. Also, multinationals operating

in countries with GATT membership will choose international trade over FDI. The other

trade policy variables; RTAS and BITs receive very low inclusion probabilities.This finding

contradicts the studies carried out by Neumayer and Spess (2005) and Guerin (2010) that

finds a positive significant impact of BIT on FDI. In explaining this contradiction, it is

possible that it is due to the sample of countries and measure of FDI used. The majority of

studies on BITs use a sample of developing countries and do not measure FDI as GFI. Thus,

including all countries and measuring FDI as GFI could greatly change the results. Also,

Hallward-Driemeier (2003), who finds a negative effect of BIT concludes that BITs are only

effective in attracting GFI, when the host country has sound institutions. This implies that

BIts serve more as complements and not substitutes to good institutional quality. According

to the empirical analysis conducted by Chala and Lee (2015), regional trade agreements is
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only significant in country pairs of low income countries and high income countries.

Turning to economic factors, both the host and source country’s corporate tax rate

exert a strong influence on GFI. The signs are also as expected revealing that a higher tax

rate in the destination country negatively influences GFI while a higher tax rate in the source

country encourages multinational firms to invest in GFI abroad. This is consistent with the

research of Razin et al. (2008). The inflation of the source country also has a high inclusion

probability of 100% with the expected sign. Thus, the macroeconomic stability of a source

country determines its level of investment. Host country’s domestic credit and exchange rate

levels receive very low inclusion probabilities. Of the variables that measure investment costs

in the host country, the results show that the higher the number of days to enforce contract

the less GFI a host country receives. Surprisingly, the number of days required to register

a property, number of hours required to prepare and pay tax positively influence GFI flows

with high inclusion probabilities.

Of the variables that measure factor endowments, GDP growth of the source coun-

try and the land area of the host and source countries are important. Specifically, countries

experiencing economic growth tend to attract GFI flows. The other variables that influence

GFI in a positive way are common colonial origin, common language, common border, and

urban concentration of the host country.

4.1.2 Robust M&A Determinants

The other mode through which FDI takes place is through mergers and acquisitions (M&A).

This section reports the results of the BMA estimation using M&A as the dependent variable.

Table 4.2 lists the inclusion probabilities, posterior means and standard deviations for all

the independent variables.

In Figure 4.3, I show the posterior model size distribution for the M&A specification.
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Although the model prior suggests a model size of about 22.5 (K
2

), combining the data with

the prior yields a posterior model size (number of regressors) of 15.5081.

Figure 4.3: M&A Model Size

The convergence of the MCMC sampler for the M&A specification is shown in

Figure 4.4. This is given by the high correlation (0.9944) between the number of MCMC

draws and the posterior model distribution.

Comparing the inclusion probabilities of M&A to GFI in Table 4.3, the following

conclusions are drawn. While the GFI flows has 25 variables that receive high inclusion

probabilities, only 15 variables are robust in explaining M&A. This implies that there are

more factors that explain GFI than M&A. Also, M&A is mostly influenced by source country

characteristics with the exception of host country’s GDP, land area and education.

Looking at the relationship between M&A and gravity variables, the market size of

both the host and source countries receive very high inclusion probabilities. This is different

for GFI, where only the market size of the source country matters. This implies that host
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Figure 4.4: M&A Posterior Model Probability Distribution

country’s level of growth is important in attracting M&A and explains why the majority of

M&A takes place in developed countries. Again the theory by Nocke and Yeaple (2008) is

confirmed. Apart from market size, distance also exerts an effect on M&A with the expected

sign. Host country’s population which received a 100% inclusion probability for the GFI

specification received little support as a robust determinant of M&A.

The institutional variables are more important in explaining GFI with M&A being

influenced by only two namely source rule of law, voice and accountability The sign for

the voice and accountability variable is somewhat contradictory suggesting that low levels

of institutional quality attracts M&A. Some of the other measures of institutions have the

expected signs but receive low inclusion probabilities. On the effect of trade policy, only

BIT has a moderate effect on M&A(56.2%). All the other trade policy variables such as

membership in GATT and regional trade agreements receive low inclusion probabilities and

are therefore not robust determinants of M&A.

None of the economic factors such as corporate tax, inflation, exchange rate, busi-
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Table 4.2: Robust M&A determinants

Variable Posterior inclusion probability Posterior Mean Posterior S.D.
GDPi 1.000 0.540 0.084
AREAj 1.000 0.168 0.034
GDPGROWTHi 1.000 0.080 0.016
COM LEGij 1.000 0.569 0.122
DISTANCEIj 1.000 -0.000 0.000
GDPj 1.000 0.389 0.041
VOCI 0.996 -0.486 0.115
URBANi 0.994 2.334 0.462
INTERNETi 0.981 -0.769 0.214
EDUCATIONj 0.981 0.107 0.032
RULi 0.853 0.554 0.289
REGj 0.633 0.266 0.214
POLi 0.631 0.233 0.203
COM LANGij 0.628 0.242 0.211
BITij 0.562 -0.174 0.172
GATTi 0.430 -0.470 0.620
COM BORDERij 0.391 0.168 0.230
CORRUPTj 0.248 0.077 0.139
TAXi 0.229 0.006 0.011
AREAi 0.131 -0.009 0.025
INFLATIONi 0.116 -0.087 0.263
REGi 0.078 0.044 0.165
RULj 0.072 0.024 0.090
POPi 0.052 -0.015 0.070
GOVTj 0.045 0.016 0.077
POLj 0.041 0.008 0.045
GATTj 0.036 -0.015 0.091
RTAij 0.032 -0.008 0.048
TRADEOPENi 0.015 0.001 0.013
TAXj 0.015 -0.000 0.002
CORRUPTi 0.015 0.004 0.038
INFLATIONj 0.012 -0.002 0.018
GDPGROWTHj 0.010 0.000 0.002
GOVTi 0.009 0.001 0.032
INTERNETj 0.008 -0.001 0.013
COM COLij 0.005 0.002 0.032
COM CURij 0.005 -0.001 0.016
POPj 0.004 0.000 0.008
GDPWORKERj 0.004 0.000 0.009
VOCj 0.004 -0.000 0.007
TRADEOPENJ 0.003 -0.000 0.004
URBANj 0.003 -0.000 0.014
DOMESTIC CREDITj 0.003 -0.000 0.005
TIMEij 0.003 0.000 0.001
EXGj 0.003 0.000 0.001
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ness costs, domestic credit and market capitalization are robust in explaining M&A flows.

However, factor endowments play a big role in attracting M&A. In particular, the host coun-

try’s education level, land area and source country’s GDP growth that receive high inclusion

probabilities and are important factors for attracting M&A . Finally, the other robust de-

terminants of M&A are common language, source country’s number of internet users and

urban concentration.

The comparison of the robust determinants of GFI and M&A flows is presented

in Table 4.3. The highlighted rows are robust variables that are common determinants of

GFI and M&A. They include source country’s market size, voice and accountability, urban

concentration, host country’s area, distance and common language. Comparing the behavior

of GFI and M&A to the models listed, host country’s population influences GFI, but does

not exert much effect on M&A. Institutions matter more for GFI than M&A. None of the

trade and tax policy variables and economic factors receive high inclusion probabilities that

qualifies them as robust determinants of M&A. Finally, while institutions,trade and tax

policy variables are more important for GFI, factor endowments is important for M&A.

In discussing the effect of the variables on GFI and M&A, I observe that some of

the signs are counter intuitive. Specifically, the results suggests voice and accountability has

a negative effect on both GFI and M&A. Also, BITs has negative effect on M&A. These

contradictory signs could be as a result of collinearity between some variables which BMA

does not directly manage. Another reason might be the splitting of FDI into GFI and M&A.

That said, it is important to note that BMA deals with identifying the robust variables

that should be included in a linear regression. It is not intended to determine the sign and

magnitude of an effect but simply to identify variables that are robust across alternative

models.
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Table 4.3: Inclusion probabilities of robust GFI and M&A determinants

Model Variable GFI M&A

Gravity GDPi 1.000 1.000
GDPj 0.361 1.000
DISTANCEij 1.000 1.000
POPi 0.815 0.052
POPj 1.000 0.004

Institutions CORRUPTi 0.019 0.015
CORRUPTj 0.072 0.248
GOVTi 0.591 0.009
GOVTj 0.008 0.045
POLi 0.047 0.631
POLj 1.000 0.041
REGi 0.970 0.078
REGj 1.000 0.633
RULi 0.450 0.853
RULj 0.948 0.072
VOCi 1.000 0.996
VOCj 1.000 0.005

Trade and tax policy TRADE OPENi 0.008 0.015
TRADEOPENj 1.000 0.003
RTAij 0.006 0.032
BITij 0.017 0.562
GATTi 1.000 0.430
GATTj 0.007 0.036
TAXi 1.000 0.229
TAXj 0.989 0.015

Economic factors DOMESTIC CREDITj 0.011 0.003
INFLATIONi 1.000 0.116
INFLATIONj 0.412 0.012
EXGj 0.046 0.003

Factor endowments AREAi 1.000 0.131
AREAj 1.000 1.000
EDUCATIONj 0.008 0.981
GDP GROWTHi 0.006 1.000
GDP GROWTHj 0.920 0.010

Other COM BORDERij 1.000 0.391
COM COLij 1.000 0.005
COM LANGij 1.000 0.628
COM LEGij 0.129 1.000
COMCURij 0.078 0.004
URBANi 0.880 0.994
URBANj 1.000 0.003
TIMEij 0.008 0.003
INTERNETi 0.011 0.981
INTERNETj 1.000 0.008
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4.2 Effect of findings on prior studies

The results presented so far agrees with some of the theories and empirical studies of FDI.

However, there are some major theories that it finds little evidence for. In this section, I

explain the extent of agreement or disagreement of BMA results with previous literature.

Starting with the FDI mode theories discussed in Section 2.2, I find evidence for

Nocke and Yeaple (2008)’s assignment theory that concludes that multinationals prefer to

invest in GFI in countries with low level of development and vice versa. This is evidenced

by the market size of the host country being a robust determinant for M&A and not GFI.

There is some support for Müller (2007)’s theory that suggests that low investment costs and

technological differences encourage more GFI than M&A. This is given by the importance of

investment costs and technology (number of internet users) in attracting GFI. . The theory

provided by Kim (2009) and empirical study on the effect of trade agreements on GFI is not

confirmed in this study.

On institutions, I find some support for Nagano (2013) and Davies et al. (2015) that

argue that institutions are more important for GFI than M&A. On the other hand, Rossi

and Volpin (2004) and Hyun and Kim (2010)’s prediction of institutions being an important

factor of M&A is not really confirmed in this study. My result also agrees with Davies

et al. (2015)’s finding that GFI is more responsive to host country’s tax level. However,

the significant effect of exchange rate, investment costs on M&A is not confirmed as robust

according to the BMA specification. In line with Neto et al. (2010), both GFI and M&A

modes are influenced by market size and governance level. But, I find no evidence to support

trade openness as a robust determinant of either M&A. I also find no support for financial

development variables such as domestic credit and exchange rate found by Blonigen (1997),

Di Giovanni (2005) and Neto et al. (2010) as significant determinants of M&A.

Next I compare my results to the general equilibrium theories and variables listed in

47



Table 2.1. For the Vertical and Horizontal FDI theories (Knowledge capital model) developed

by Carr et al. (2001), there is evidence for factor endowments in both the GFI and M&A

specifications. Some trade and investment cost variables influence GFI but none explains

M&A. Market size and distance are confirmed for both GFI and M&A. Thus, I can conclude

that BMA finds some evidence for the Knowledge capital model. Export platform FDI theory

of Ekholm et al. (2007) and Baltagi et al. (2007) is also confirmed in some way with gravity

variables influencing both GFI and M&A, and investment trade costs mostly explaining

GFI. The only evidence I have to support the Dunning (1980)’s theory is the robustness of

political risk and institutional variables to both GFI and M&A.

4.3 Robust GFI and M&A Determinants (Non Infor-

mative Prior)

The results presented so far are based on the Unit information prior. It is a known fact

that results from BMA analysis are impacted by the choice of prior . Therefore to test the

sensitivity of my baseline results, I use an alternative prior structure suggested by Fernandez

et al. (2001a) known as Non-informative prior. The results obtained are presented in Table

4.4. Only the inclusion probabilities and posterior means of the robust variables are shown.

Comparing this result to the baseline, I find similar pattern. In particular, the sign

and magnitude of the posterior inclusion probabilities for both priors are very close. Also,

variables with an inclusion probability of at least 50% are exactly the same. This suggests

that the results are not very sensitive to priors chosen for the regression coefficients.
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Table 4.4: Robust GFI and M&A determinants using the non informative prior

GFI M&A
Variable PIP Posterior Mean Variable PIP Posterior Mean
GDPi 1.000 0.574 GDPi 1.000 0.540
INFLATIONi 1.000 -0.288 GDPj 1.000 0.389
POPj 1.000 0.441 AREAj 1.000 0.168
URBANj 1.000 0.550 GDPGROWTHi 1.000 0.080
AREAj 1.000 0.106 COM LEGij 1.000 0.569
AREAi 1.000 -0.065 DISTANCEij 1.000 -0.000
TAXi 1.000 0.014 VOCi 0.996 -0.049
VOCj 1.000 -0.368 URBANi 0.995 2.335
REGj 1.000 0.617 INTERNETi 0.981 -0.769
POLj 1.000 0.302 EDUCATIONj 0.981 0.107
VOCi 1.000 -0.290 RULi 0.853 0.554
GATTi 1.000 -0.545 REGj 0.634 0.266
DISTANCEij 1.000 -0.000 POLi 0.631 0.233
COM COLij 1.000 0.606 COM LANGij 0.628 0.242
COM LANGij 1.000 0.547 BITij 0.561 -0.174
COM BORDERij 1.000 0.583
TRADEOPENi 1.000 -0.111
INTERNETj 1.000 -0.154
TAXj 0.989 -0.010
REGi 0.970 0.291
RULj 0.948 -0.261
GDP GROWTHj 0.920 0.011
URBANi 0.880 -0.413
POPi 0.814 -0.111
GOVTi 0.591 0.148

4.4 Results using Bayesian Information Criterion (BIC)

To further test the sensitivity of my estimates to model parameter priors, I adopt the BIC

framework for BMA developed by Raftery (1995). The inclusion probabilities and posterior

means for the robust variables (variables with a PIP of 50% and above) are displayed in

Table 4.5.

For the M&A specification, the gravity variables: GDP of the host and source

country and distance are important in explaining its flows. These variables are also signifi-

cant under the Unit information prior structure. The source country’s urban concentration,

number of internet users and GDP growth also receive high inclusion probabilities. There is

also agreement between BIC and the UIP on the variables the variables that measure com-

mon legal origin, common language and land area of the host country. Just like the results

from UIP, some of the host country’s institutional variables are supported by the BIC. They

include regulatory quality of the host country and political stability of the source country.
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Table 4.5: Robust GFI and M&A determinants using BIC

GFI MA
Variable PIP Posterior Mean Variable PIP Posterior Mean
GDPi 1.000 0.603 GDPi 1.000 0.581
POPi 1.000 -0.144 GDPj 1.000 0.327
POPj 1.000 0.429 DISTANCEij 1.000 -0.000
INFLATIONi 1.000 -0.292 INTERNETi 1.000 -0.679
DISTANCEij 1.000 -0.008 REGj 1.000 0.392
INTERNETj 1.000 -0.157 POLi 1.000 0.000
TAXi 1.000 0.014 GDPGROWTHi 1.000 0.000
TAXj 1.000 -0.010 URBANi 1.000 1.905
URBANi 1.000 -0.518 COM LEGij 1.000 0.457
URBANj 1.000 0.535 COM LANGij 1.000 0.455
AREAi 1.000 -0.065 AREAi 0.942 -0.082
AREAj 1.000 0.106 AREAj 0.980 0.142
TRADEOPENi 1.000 -0.118
VOCi 1.000 -0.281
VOCj 1.000 -0.369
REGi 1.000 0.300
REGj 1.000 0.616
RULj 1.000 -0.277
GOVTi 1.000 0.254
POLj 1.000 0.300
COM LANGij 1.000 0.556
COM BORDERij 1.000 -0.000
COM COLij 1.000 0.007
GATTi 1.000 -0.539
GDPGROWTHj 0.940 0.011

Apart from the determinants supported by both prior structures, BIC suggests that

land area of the source country also exerts an influence on M&A. Also, while UIP and the

Non informative prior finds support for the inclusion of education level of the host country,

rule of law of the source country and BITs as robust determinants of M&A, these variables

receive very low inclusion probabilities under the BIC prior structure.

Looking at the GFI specification, the results are similar to the UIP structure.

Specifically, the same variables are robust under both structures but the magnitude of their

inclusion probabilities are slightly different.

The results obtained from the three prior structures for both GFI and M&A modes

clearly shows that they are not very sensitive to the choice of priors. Across all specifications,

almost all the same variables receive high inclusion probabilities with the same signs. The

details are shown in Table 4.6
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Table 4.6: Inclusion probailities of the UIP, Non informative and BIC priors

GFI M&A
Variable UIP NIP∗ BIC Variable UIP NIP BIC
GDPi 1.000 1.000 1.000 GDPi 1.000 1.000 1.000
POPi 0.814 0.814 1.000 GDPj 1.000 1.000 1.000
POPj 1.000 1.000 1.000 DISTANCEij 1.000 1.000 1.000
INFLATIONi 1.000 1.000 1.000 INTERNETi 0.981 0.981 1.000
DISTANCEij 1.000 1.000 1.000 REGj 0.653 0.634 1.000
INTERNETj 1.000 1.000 1.000 POLi 0.631 0.631 1.000
TAXi 1.000 1.000 1.000 GDPGROWTHi 1.000 1.000 1.000
TAXj 0.989 0.989 1.000 URBANi 0.994 0.995 1.000
URBANi 0.880 0.880 1.000 COMLEGij 1.000 1.000 1.000
URBANj 1.000 1.000 1.000 COMLANGij 0.628 0.628 1.000
AREAi 1.000 1.000 1.000 AREAi 0.942
TRADEOPENi 1.000 1.000 1.000 AREAj 1.000 1.000 0.980
VOCi 1.000 1.000 1.000 VOCi 0.996 0.996
VOCj 1.000 1.000 1.000 EDUCATIONj 0.981 0.981
REGi 0.970 0.970 1.000 RULi 0.853 0.853
REGj 1.000 1.000 1.000 BITij 0.562 0.561
RULj 0.948 0.948 1.000
GOVTi 0.591 0.591 1.000
POLj 1.000 1.000 1.000
COM LANGIij 1.000 1.000 1.000
COM BORDERij 1.000 1.000 1.000
COm COLij 1.000 1.000 1.000
GATTi 1.000 1.000 1.000
GDPGROTHj 0.920 0.920 0.940

∗ NIP stands for the non informative prior

4.5 Robust GFI and M&A Determinants (Developing

countries)

In this section, I present the robust GFI and M&A determinants for the developing host

countries. Empirical research agrees that FDI promotes economic growth for less developed

countries and has little effect on developed countries. Since the developing countries mostly

benefit from FDI, it is important to identify the factors that affect FDI inflows to them as

studies prove that there are differences in growth and FDI determinants for developed and

developing countries. Eicher et al. (2007) conclude that some of the growth determinants

for non OECD countries are irrelevant for OECD countries. Furthermore, the survey con-

ducted by Brunetti et al. (1997), reveals that doing business in developed countries and less

developed countries is affected by different factors. This is also confirmed by Asiedu (2002)

in the context of FDI.
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Separating developed and developing countries in empirical studies is often limited

due to poor data for developing countries. Nonetheless, I split the sample and analyze both

GFI and M&A determinants for less developed host countries. The number of observations

for this specification are 11,507 and 2442 for GFI and M&A respectively. The results are

presented in Table 4.7.

Starting with the GFI determinants, host and source country’s tax rate, BIT, area

and number of days to register a property in the host country, source country’s rule of law,

urban concentration and membership in GATT are no longer robust factors that promote

GFI in developing countries. In addition to these, host country’s government effectiveness

and corruption are also irrelevant. This could be due to little variation of these variables

across developing countries. GDP of the host and source country and distance receive high

inclusion probabilities. The geographical and historical variables that exerts strong effect are

the same as that of the global sample. For the institutional variables, regulatory quality of

the source country exerts a positive effect. Also, higher voice and accountability levels of the

host and source country negatively influence GFI to developing countries. Other variables

that receive high inclusion probabilities with a positive sign includes host country’s number

of days to enforce contract, number of hours to prepare and pay tax, and source country’s

membership in GATT. Lastly, the inflation level of the source country has a negative ef-

fect. Some variables widely accepted in literature to promote FDI to developing countries

Table 4.7: Robust GFI and M&A determinants for less developed countries

GFI M&A
Variable PIP Posterior Mean Variable PIP Posterior Mean
GDPi 1.000 0.376 URBANi 0.997 2.563
VOCi 1.000 -0.315 POPi 0.916 0.400
DISTANCEij 0.999 -0.308 AREAi 0.830 -0.162
REGi 0.931 0.361 GDPGROWTHi 0.665 0.069
CONTRACTj 0.900 0.000 URBANj 0.663 0.830
COM COLij 0.894 0.460 POLj 0.522 0.269
TAX HOURSj 0.854 0.000 POPj 0.521 0.201
INFLATIONi 0.853 -0.225
GATTj 0.734 0.315
VOCj 0.712 -0.167
GDPj 0.698 0.207
COM BORDERij 0.589 0.220
COM LANGij 0.545 0.186

do not receive high inclusion probabilities. For example, Chala and Lee (2015) concludes
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that regional trade agreement increases GFI flows to developing countries but its inclusion

probability is very low (0.016). Also, Neumayer and Spess (2005) and Busse et al. (2010)’s

finding that BIT promotes FDI to developing countries is not robust according to BMA

(0.015). Only 15% of models considered includes BIT as a significant determinant of GFI

I also observe that the market size of the host country which does not matter much

when the global sample is considered is very important for developing countries. Specifically,

about 70% of all models considered includes it as a robust determinant. This implies that

multinationals consider economic size when investing in less developed countries

For M&A into developing countries, only six variables are robust. They include

source country’s urban concentration, population, land area and GDP growth. They all

have positive signs except for land area which negatively influences M&A. The other robust

determinants are host country’s urban concentration, political instability and population.

This result however should be treated with caution because the majority of M&A occurs

among developed countries. Thus, there is not much data for M&A in developing countries

and inferences made might not be reasonable.
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Chapter 5

Conclusion

This paper examined the issue of model uncertainty in FDI by adopting the Bayesian model

averaging framework to identify the robust determinants of GFI and M&A FDI. Using global

data for the period 2005-2014, the study findings suggest that the bulk of GFI and M&A

originates from the developed countries. While the top destinations for GFI are dominated

by developing countries, developed countries receives the bulk of M&A. I also find that the

manufacturing sector contributes the highest to both modes of investment.

Based on the estimates obtained from the BMA framework, the FDI modes respond

quite differently with the robust determinants of GFI being nearly as twice as that of M&A.

Even though both modes are dependent on source country’s market size, urban concentration,

voice and accountability, host country’s land area, distance and common language, the host

country’s market size which is a key determinant for M&A is not supported by GFI. In

summary, both modes are influenced by gravity, institutional, geographical and productivity

variables. However, institutions, investment costs, inflation, trade and tax policy variables

are more important for GFI. The results for the developing countries are quite similar except

that the market size of the host country matters for GFI and very few variables are important

for M&A. This is due to the fact that M&A activities are dominated by developed countries.
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To test the sensitivity of my baseline results, I ran the tests using two other alternative prior

structures. The results from both structures are in line with the baseline results, providing

more evidence.

The findings from this study reveal that many of the variables supported by previous

FDI studies are not robust when model uncertainty is taken into consideration. This confirms

the effect model uncertainty has on FDI, and the importance of dealing with it. Instead of

focusing on one model, better analysis can be done by evaluating all models and selecting

variables that have high inclusion probabilities. The result of this study will also help policy

makers understand the different ways policies affect the modes of investment. For instance,

trade openness and improving institutional qualities will lead to an inflow of GFI and not

necessarily M&A. Developing countries are also guided in making the right policies that will

attract the specific mode of investment they desire.

Although this study gives an understanding of the robust determinants of GFI and

M&A FDI, and the different ways they respond to policies, it is limited to model uncertainty

of variable selection in a linear model. It does not directly take care of the model form and

the model class. The uncertainty of the functional form of the model which includes adding

fixed effects, interaction terms, and other specifications is not looked into as I assumed a

linear model for BMA. Another issue that BMA does not directly deal with is endogeneity.

Even though BMA in a way solves the endogeneity present as a result of omitted variable

bias, endogeneity caused through measurement error and simultaneity is not looked into.

This serves as a good area for further research.

Another limitation of this paper is the model class and measure of independent

variables used. Although I controlled for as many independent variables as possible, there

could be other factors important for explaining FDI which are omitted in this research

due to inadequate data or inability to measure them. For example, skill level, wages and

other variables were omitted from the analysis because they do not cover a decent number
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of countries. Asides this, the different measurements of trade agreements, taxes, bilateral

investment treaties, institutions and endowments are measured not considered. It is possible

that adding alternative measures might lead to different results.

GFI and M&A flows data is not without its own limitations. Even though it covers

a lot of countries, it is characterized with missing observations and transactions that have

no values attached to them. This greatly reduced the sample size. It would be helpful if

BMA is extended such that it can simultaneously deal with model uncertainty and these

other issues.
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Appendix A

Table A.1: Data source

Variable Source
GFI flows Financial Times,www.fdimarkets.com
MA flows Thomson ONE, www.thomsonone.com
GDP, GDP growth World development indicators
Population World development indicators
Distance CEPII
Institutionsa World Governance Indicators of World bank
Productivityb Penn World Table
GATT membership CEPII
Urban concentration World development indicators
Regional trade agreements CEPII
Bilateral investment treaties UNCTAD
Trade openness World development indicators
Education World development indicators
Skill World development indicators
Domestic credit World development indicators
Corporate tax rates tradingeconomics.com
Internet World development indicators
Inflation World development indicators
Exchange rate Penn World Table
Geographical and historical factorsc CEPII
a

Institutions is measured by six variables namely corruption, rule of law, government effective-
ness, regulatory quality, voice and accountability, political stability and absence of violence and
terrorism

b

GDP per worker is used to measure productivity
c

The geographical and historical factors consists of common language, border, colonial origin,
currency, time difference and land area
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Table A.2: Summary statistics of control variables

Variable Obs Mean Std. Dev. Min Max
GDPi 16233 27.17626 1.658547 19.34887 30.48858
INFLATIONi 16239 4.733764 0.448807 3.62789 8.317968
POPi 16314 17.06578 1.867267 10.79185 21.03389
POPj 16315 17.06067 1.668244 12.16444 21.03389
INTERNETj 16308 3.653147 0.925068 -1.42032 12.61122
URBANj 16314 4.195462 0.323987 2.95803 4.60517
URBANi 15886 4.294755 0.272221 2.439909 4.60517
AREAj 16315 12.60597 2.262224 3.218876 16.65315
AREAi 16315 12.46508 2.517977 3.218876 16.65315
TRADEOPENj 16311 7.326305 1.180708 4.377527 10.85551
INFLATIONj 16315 4.827788 0.543225 3.62789 8.258253
GDPj 16315 26.45385 1.799689 19.95206 30.48858
DOMESTIC CREDITj 16312 4.190719 2.134122 0.439438 73.57778
EXGj 16312 2.043601 2.641693 -1.28743 9.959301
TRADEOPENi 16167 7.311699 1.231631 4.805068 10.85551
INTERNETi 16313 4.007549 0.683071 -0.63488 4.586599
EDUCATIONj 16297 9.78628 1.8845 1 15
BITij 16178 0.535419 0.498759 0 1
TAXi 15787 27.33113 8.149423 0 55
TAXj 16274 26.27297 7.993404 0 55
VOCj 16297 0.297402 0.982975 -1.98062 1.767957
RULj 16297 0.481675 0.985126 -1.92388 2.120564
REGj 16297 0.60418 0.872678 -2.19057 2.230508
POLj 16297 0.12268 0.893293 -2.82551 1.589983
GOVtj 16297 0.609965 0.926734 -1.77016 2.373091
CORRUPTj 16297 0.464122 1.073165 -1.8365 2.552692
GDPGROWTHj 16297 3.70131 4.766756 -62.0759 104.4868
VOCi 16301 0.721394 0.935162 -2.00513 1.767957
RULi 16312 1.00647 0.895471 -1.95573 2.120564
REGi 16312 1.013018 0.782196 -2.19057 2.230508
POLi 16312 0.430255 0.80726 -2.81208 1.589983
GOVTI 16312 1.099205 0.817062 -1.65811 2.373091
CORRUPTi 16312 1.019035 1.028302 -1.60988 2.552692
GDPGROWTHi 16247 2.704129 3.840013 -24 34.5
COMCURij 16315 0.053019 0.224078 0 1
COMLEGij 16315 0.317683 0.46559 0 1
RTAij 16315 0.322158 0.467317 0 1
GATTj 16315 0.900092 0.299887 0 1
GATTi 16315 0.93742 0.242214 0 1
TIMEij 16315 3.873245 3.381339 0 12
DISTANCEij 16315 5862.914 4412.742 60.77057 19516.56
COMCOLij 16315 0.05639 0.23068 0 1
COMLANGij 16315 0.183512 0.387098 0 1
COM BORDERij 16315 0.082378 0.274948 0 1
GDPWORKERj 16309 10.69395 0.850862 7.672791 12.3314
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Table A.3: List of countries in the Greenfield specification

Greenfield investment

Argentina Georgia Netherlands
Armenia Germany New Zealand
Australia Ghana Nigeria
Austria Greece Norway
Azerbaijan Guatemala Pakistan
Bahamas Guinea Paraguay
Bahrain Honduras Peru
Bangladesh Hong Kong Philippines
Barbados Hungary Poland
Belarus Iceland Portugal
Belgium India Qatar
Belize Indonesia Republic of the Congo
Benin Iraq Russia
Bolivia Ireland Rwanda
Bosnia-Herzegovina Israel Samoa
Brazil Italy Saudi Arabia
Brunei Jamaica Senegal
Bulgaria Japan Singapore
Cameroon Jordan Slovakia
Canada Kazakhstan Slovenia
Chad Kenya Solomon Islands
Chile Kuwait South Africa
China Laos South Korea
Colombia Latvia Spain
Comoros Lebanon Sudan
Costa Rica Lesotho Swaziland
Cote d’Ivoire (Ivory Coast) Libya Sweden
Croatia Lithuania Switzerland
Cyprus Luxembourg Tanzania
Czech Republic Macau Thailand
Denmark Macedonia FYR Togo
Dominican Republic Madagascar Tunisia
Ecuador Malaysia Turkey
Egypt Mauritania UAE
El Salvador Mauritius UK
Equatorial Guinea Mexico Ukraine
Estonia Moldova United States
Finland Mongolia Uruguay
France Morocco Vietnam
Gabon Namibia Zambia
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Table A.4: List of Countries in the M&A specification

Mergers and Acquisitions

Armenia Ghana Mongolia
Australia Greece Morocco
Austria Guatemala Namibia
Azerbaijan Guinea Netherlands
Bangladesh Honduras New Zealand
Belarus Hungary Nigeria
Belgium Iceland Norway
Bolivia India Pakistan
Bosnia-Herzegovina Indonesia Paraguay
Brazil Iraq Peru
Bulgaria Ireland Poland
Cameroon Israel Portugal
Canada Italy Rwanda
China Jamaica Senegal
Colombia Japan Slovakia
Costa Rica Jordan Slovenia
Croatia Kazakhstan South Africa
Cyprus Kenya Spain
Czech Republic Laos Sudan
Denmark Latvia Sweden
Dominican Republic Lebanon Switzerland
Ecuador Libya Tanzania
El Salvador Lithuania Thailand
Estonia Luxembourg Tunisia
Finland Madagascar Turkey
France Malaysia UK
Gabon Mauritania Ukraine
Georgia Mexico United States
Germany Moldova Vietnam

Zambia
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Table A.5: List of Host countries in the Developing countries specification

Greenfield Investment

Argentina Laos
Armenia Lebanon
Azerbaijan Lesotho
Bahamas Libya
Bahrain Macau
Bangladesh Macedonia FYR
Barbados Madagascar
Belarus Malaysia
Belize Mauritania
Benin Mauritius
Bolivia Mexico
Bosnia-Herzegovina Moldova
Brazil Mongolia
Brunei Morocco
Cameroon Namibia
Chad Nigeria
Chile Pakistan
China Paraguay
Colombia Peru
Comoros Philippines
Costa Rica Qatar
Cote d’Ivoire (Ivory Coast) Republic of the Congo
Dominican Republic Russia
Ecuador Rwanda
Egypt Samoa
El Salvador Saudi Arabia
Equatorial Guinea Senegal
Gabon Singapore
Georgia Solomon Islands
Ghana South Africa
Guatemala South Korea
Guinea Sudan
Honduras Swaziland
Hong Kong Tanzania
India Thailand
Indonesia Togo
Iraq Tunisia
Jamaica Turkey
Jordan UAE
Kazakhstan Ukraine
Kenya Uruguay
Kuwait Vietnam

Zambia
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Table A.6: List of Host countries in the Developing countries specification

Mergers and Acquisitions

Armenia Kenya
Azerbaijan Laos
Bangladesh Lebanon
Belarus Libya
Bolivia Madagascar
Bosnia-Herzegovina Malaysia
Brazil Mauritania
Cameroon Mexico
China Moldova
Colombia Mongolia
Costa Rica Morocco
Dominican Republic Namibia
Ecuador Nigeria
El Salvador Pakistan
Gabon Paraguay
Georgia Peru
Ghana Rwanda
Guatemala Senegal
Guinea South Africa
Honduras Sudan
India Tanzania
Indonesia Thailand
Iraq Tunisia
Jamaica Turkey
Jordan Ukraine
Kazakhstan Vietnam

Zambia
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Table A.7: BMA Summary statistics

BMA statistics GFI M&A

Mean no. regressors 26.9277 15.7997

Corr.PMP 0.9958 0.9944

Draws 500000 500000

Burnins 100000 100000

Time 2.54329 minutes 4.2021308 minutes

No. models visited 42277 73141

Model Space (2K) 3.50E+13 3.50E+13

% Visited 1.20E-07 2.10E-07

% Top models 96 62

No. Obs. 15037 4453

Model Prior Uniform/22.5 Uniform/22.5

g-prior UIP UIP
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