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Abstract  
 

Foreign Direct Investment (FDI)  is one of many economy components that has 

been found to be attractive to many countries as one alternative of private 

capital inflow. It has a crucial role in achieving rapid economic growth, 

especially in developing countries. In fact, most of the direct investment takes 

place among developed countries. FDI involves two parties, which are the host 

country and the investing country and FDI benefits both of them. There are 

particular characteristics of the host country that are crucial for the investing 

country when determining in which host country they do the investment. It is 

therefore important to investigate the potential FDI determinants and their 

relationships to predict the future trend of FDI inflows to the host country. 

However the availability of FDI series is limited for each country. Therefore 

we propose a novel approach by coupling clustering methods with random 

forest regression or Bayesian Model Averaging (BMA) to tackle these 

problems. Random forest regression is a promising approach for prediction of 

financial time series but has never been used in predicting FDI inflows. BMA 

is another approaches in economic forecasting, which is gaining more attention. 

Using various characteristics of countries from various regions and the FDI 

determinants that have been identified in the literature on FDI in both 

developing and developed countries in Asia, Africa, Latin America and Europe, 

the analysis is conducted in one framework that has been performed separataly 

between developed and developing countries or by the region.  

In the first stage of the proposed solution, the individual countries are clustered 

into a smaller sets of clusters to reduce the uncertainty and to improve the 

forecasting performance compared to estimating the individual time series 

models for each country separately. Then for each cluster, random forest 

regression and BMA solve the proposed regression equation, in which each 

cluster the model parameters are restricted to be the same to gain estimation 

precision. To evaluate the performance of the proposed solution, the prediction 
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error for each model with and without clustering will be compared. The results 

show an improvement as much as 70.31% with the proposed solution. 
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1 Introduction  

1.1 Background  

Forecasting economic growth has always been one of the main interests in 

economic forecasting.  Österholm & Abrego (2008) estimated Colombian 

economic growth and claimed that domestic factors account for about 60 

percent of the growth. Among the domestic factors, the investment climate 

proxied by foreign direct investment (FDI) and fiscal policy play prominent 

roles compared to monetary policy. FDI is an investment made by a company 

or entity based in one country into a company or entity based in another 

country, or in short, it is an overseas investment. Such investments can be done 

in several ways, for example by setting up a subsidiary or associate company, 

acquiring shares of overseas company through a merger or joint venture. The 

World Bank define FDI net inflows as the value of inward direct investment 

made by non resident investors in the reporting economy. FDI can be seen from 

two sides: countries that do the investment and countries that receive the 

investment (host countries), and FDI are benefecial for both. The host country 

receives additional capital, managerial expertise, technology and access to the 

foreign market while the investing country has its own motives to make the 

investment, such as finding new markets, getting access to natural resources or 

raw materials, improving efficiency by collaborations with countries with 

common governance of geographically dispersed activities in the presence of 

economies of scale and scope (Demirhan & Masca, 2008). Regarding those 

motives, that is not to say that FDI always takes places in the direction from 

developed to developing countries, a paper by Lipsey (2001) mentioned the 

fact that the most direct investment takes places among the developed 

countries. 

Figure 1-1 shows the FDI inflows in percentage with respect to GDP1 in 

the world in the last 45 years; the figure shows the strong upward trend with 

increasing variance over time. The plot shows a surprising fact, as the 

                                              
1 GDP stands for Gross Domestic Products is the market value of all final 

goods and services produced in a country within period of time. 
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percentage was at its peak of 5.169 just before the financial crisis. However, 

the plot shows a decreasing trend of FDI the last 5 years after crisis until 2014 

(2010-2014). These dynamic trends of FDI need to be monitored by the 

investing countries when determining multi year plans and targets for the 

upcoming year, while governmental policy makers use the information in 

deciding economy policies and assessing the future course of the world 

economy. 

 

Figure 1-1. The FDI inflows in the world during the period 1970-2014 

 

There are particular characteristics of the host country that are crucial for 

the investing country when determining in which host country they do the 

investment. Demirhan & Masca (2008) found that market size, infrastructure 

and openness to trade are positive significant while inflation and tax rate are 

negative significant determinants of FDI in developing countries. Furthermore, 

Mottaleb & Kalirajan (2010) found that Asian developing countries are favored 

by foreign investors and the lower-middle income countries across the 

continents are the top FDI recipient countries. Lipsey (2001) analysed the FDI 

inflows among the developed countries and suggested different FDI 

determinants in developed countries compared to developing countries. The per 

capita real income and openness to trade are positively related to FDI inflows 

while country size is negatively related to FDI inflows in the developed 

countries. It is also important to understand the relationship between FDI and 

its determinants in predicting the future trend flows of FDI to the host country.  

It is therefore crucial to use an accurate statistical model to predict future 
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FDI inflows to the host country, and to determine the FDI determinants of the 

host countries that are significant in attracting FDI. Forecasting FDI for a single 

country has been done in the literature using Autoregressive Integrated Moving 

Average (ARIMA) model see e.g  Al-rawashdeh, Nsour, & Salameh (2011) for 

Jordan; Turolla & Margarido (2011) for Brazil and neural network models for 

the Asian economy (Pradhan, 2010). The other approaches in economic 

forecasting, which are gaining more attention, are Bayesian approaches, in 

particular Bayesian model averaging (BMA). Wright (2009) used BMA in 

forecasting U.S inflation rate. One advantage of using a Bayesian approach is 

that it considers both parameter and model uncertainty, thereby modeling the 

uncertainty of the future events more accurately. BMA overcomes the problem 

of variable selection in linear regression models used in economic forecasting, 

which involve large numbers of regressors and a relatively limited number of 

observations (Steel, 2011). Considering those advantages, Bayesian approaches 

are applied in forecasting FDI in this thesis.  

Another method that is promising for the prediction of financial time 

series but has never been used in predicting FDI inflows is a very specific type 

of method from the machine learning literature, random forest regression 

(Breiman, 2001). It is a nonparametric and nonlinear method that focuses more 

on prediction accuracy than explicitly modeling the underlying distribution. 

The main drawback of random forest is that the generated models are hard to 

interpret, because it is typically treated as a black box. Kumar & Thenmozhi 

(2006) in their study used random forest technique for predicting the direction 

of stock index movement and compared the result with that of traditional 

discriminant analysis, logit models and neural network models. The results 

were in favor of random forest.  

We investigate the important FDI determinants that have been identified 

in the literature on FDI in both developing and developed countries in Asia, 

Africa, Latin America and Europe (e.g Mottaleb & Kalirajan, 2010; Demirhan 

& Masca, 2008; Addison & Heshmati, 2003; Lipsey, 2001). Some examples of 

such variables are GDP, openness to trade, economy stability and tax. 
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1.2 Objective  

The aims of this master thesis are to develop and compare BMA models 

and random forest regression in predicting FDI inflows for 58 countries in 

Asia, Europe, Africa and Latin America by using data from the last 15 years 

since 2000. Of particular interest is to explore the potential determinants of FDI 

inflows. Since each country has a very limited number of observations, 

countries with similar time profiles of FDI are clustered together and restricted 

to have the same regression coefficients to gain estimation precision. Finally, to 

evaluate the performance of statistical models, the prediction error for each 

model with and without clustering will be compared and evaluated based on the 

Mean Square Error (MSE).  
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2 Data 

2.1 Data sources  

The data of FDI and the determinants used in this thesis are taken from 

the World Bank – World Development Indicator, except for tax data are taken 

from Trading Economics and political risks are taken from International 

Country Risk Guide. The periodicity of the data is yearly since 1970, however 

data on FDI for some countries are not available or available for only limited 

periods. The common period that all the sample countries (58 countries) have 

complete data records are from 2000 to 2014.  

Out of 58 samples countries, a total of 23 are the developed countries 

and 35 are the developing countries. Furthermore, out of 58 countries, 19 

countries are from Europe, 13 countries are from Asia, 13 countries are from 

Africa, 9 countries are from Latin America and the Caribbean and the rest are 

from others. Among the sample 33 developing countries, 6 are the high income, 

11 are the upper middle income, 14 are the lower middle income and the rest 

are the low-income countries. The list of countries is presented in Appendix 1.  

2.2 Raw data 

The dataset contains time series with yearly measurements of FDI as 

percentage of GDP for 58 countries during period 2000 – 2014. The data is 

presented in Figure 2-1; the figure shows that most of the country samples 

received FDI inflows below 20 percent of GDP over time, however there are 

countries that behave differently regarding their volume in particular periods. 

Such countries are Netherlands received the highest FDI inflow, 87.44 percent 

of GDP in 2007 and Hungary received FDI inflow, -16.09 percent of GDP in 

2010, which was the lowest FDI inflow among the country and year samples. 

The World Bank defines a negative sign of FDI inflow, as the value of capital 

withdrawal made by foreign investors was more than the value of newly capital 

invested in the reporting economy.  

In Table 2-1, the summary statistics of the variables used as the FDI 

determinants is presented. For each variable, one country is represented as one 
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observation of the average data over 2000-2014. We include five variables that 

characterized the country profile in terms of economic characteristic. Market 

size measured by the logarithm of nominal GDP at market prices in constant 

2005 U.S. Dollars. Openness to trade equals to the ratio of the exports plus 

imports relative to GDP in percentage. Economy stability is proxied by the rate 

of inflation measured by annual percentage change of consumer prices. Income 

level is measured by the logarithm of GDP per capita. In terms of 

infrastructure, there are three variables, which are telephone subscriptions, 

internet users and mobile cellular subscriptions per 100 people. As for political 

risks and the governance quality, there are five variables, which are control of 

corruption, government effectiveness, political stability and absence of 

violence/terrorism, the regulatory quality and the rule of law in units of a 

standard normal distribution in range [-2.5, 2.5], with higher value meaning 

lower political risk and better governance quality. Corporate tax rate is the 

variables to proxy tax. Human capital is proxied by the average years of 

schooling of the working age population. The logarithm of world real GDP 

(excluding the country itself) is included to examine whether the economy 

crisis in 2007 affected FDI inflows. 

 

Figure 2-1 Time series of the raw FDI inflows for the sample countries 
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Table 2-1 Summary statistics 

No Name Proxied by Min Mean Max Std. Dev 

1 Market size Logarithm of nominal GDP 

in constant 2005 USD 

21.90 25.61 30.21 1.91 

2 Openness to trade Ratio of the exports plus 

imports relative to GDP 

25.76 79.11 382.71 53.96 

3 Economy stability Inflation by consumer price 

index 

-0.03 5.10 16.03 3.96 

4 Income level Logarithm of GDP per 

capita 

5.27 8.72 11.09 1.71 

5 Telephone 

subscriptions 

Telephone subscriptions per 

100 people 

0.39 25.96 66.13 21.61 

6 Internet users Internet users per 100 people 0.69 36.86 84.68 27.17 

7 Mobile 

subscriptions 

Mobile cellular subscriptions 

per 100 people 

7.71 73.61 130.58 31.24 

8 Control of 

corruption 

Score to which extent public 

power is exercised for 

private gain 

-1.11 0.38 2.36 1.11 

9 Government 

effectiveness 

Score of quality of public 

services 

-1.25 0.47 2.09 0.99 

10 Political stability 

and absence of 

violence/terrorism 

Score of political instability 

and/or politically-motivated 

violence, including terrorism 

-1.95 0.04 1.36 0.93 

11 Regulatory 

quality  

Score of quality of 

regulation formation and 

implementation 

-1.2 0.44 1.82 0.93 

12 Rule of law Score of quality of contract 

enforcement, police and 

courts 

-1.19 0.37 1.95 1.03 

13 Tax Corporate tax rate 12 29.01 40.43 5.85 

14 Human capital Average years of schooling 0.37 3.49 5.54 1.27 
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15 Foreign direct 

investment 

Percentage FDI inflows of 

GDP 

0.18 4.32 24.03 4.35 

16 Global GDP Logarithm real GDP in the 

world 

31.21 31.51 31.52 0.04 

The data in Table 2-1, suggests a large cross-country variation of mean 

and variance between the determinants. The average of FDI inflows for the 

sample countries is 4.32 percent of GDP. Netherlands had the highest average 

FDI inflows of 24.03 percent of GDP over the entire 2000-2014 periods, while 

Japan had no essential FDI over this period.  

Based on the correlation matrix between variables in Appendix 2, the 

variable that has negative correlation with FDI inflows is the corporate tax rate 

while openness to trade has positive correlation. The preliminary analysis 

confirms what have been found in previous works both for developing and 

developed countries. The five variables that proxy the political risks and the 

governance quality are highly correlated and may affect the analysis of variable 

importance from random forest regression, see Section 3.3.1. 

2.3 Data pre-processing 

The FDI time series that will be the input of the selected clustering 

algorithm are first pre-processed. Kedia et al (2005) in their study used time 

series clustering for forecasting the citations of the research paper suggest 

normalization and smoothing the citation time series before performing the 

clustering analysis. The normalization is performed to reduce the big 

differences of mean and variance between FDI series and to prevent the 

influence of FDI volume of a country onto the others due to a scaling issue. 

The normalization is performed for FDI series of country i with time t, using 

the relation  

 
𝑥𝑖
′(𝑡) =

𝑥𝑖(𝑡) − 𝑚𝑖𝑛(𝑥𝑖)

𝑚𝑎𝑥(𝑥𝑖) − 𝑚𝑖𝑛(𝑥𝑖)
 (1) 

After the normalization, the FDI series were smoothed to remove the 

noise from the original series and to reveal more clearly the underlying trends 
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in time series. For this reason, LOESS, the generalization of LOWESS (Locally 

Weighted Scatterplot Smoothing) (Cleveland & Devlin, 1988), is used to fit 

low-order polynomials of data points locally using weighted least squares 

regression. One of the advantages using Loess is it provides simple, intuitive 

and automatic solution to correct biases to any given order of local polynomials 

and perform better than other methods of a comparable order (Hastie & Loader, 

1993). A linear regression model 𝑓(𝑥∗) is fitted locally to each point of interest 

𝑥∗ using the function values in the neighborhood of 𝑥∗ and the weight function 

will give more weight to the point which closer to 𝑥∗. Weights in the 

neighborhood of 𝑥∗ are defined according to a kernel 𝑘(𝑥∗ − 𝑥𝑖) = 𝑘(𝑥∗, 𝑥𝑖) 

and the common weight function used is the tri-cube weight function. 

 
𝑊(𝑢) = {

(1 − |𝑢|3)3 |𝑢| ≤ 1
0 |𝑢| > 1

 
(2) 

So the tri-cubic kernel becomes: 

 
𝐾𝜆(𝑥∗, 𝑥𝑖) = 𝑊 (

|𝑥𝑖 − 𝑥∗|

𝜆
) (3) 

Where 𝜆 is the smoothing parameter thatcontrols how many of the data points 

are used to fit for each local regression. Thus, the value of 𝜆 is specified 

between 0 and 1. Large values of 𝜆 produce a very smooth curve over data 

point and small values of 𝜆 produce a wiggly curve. The general objective is to 

produce a loess curve that is as smooth as possible, but still captures all of the 

important structure that exists within the data (Jacoby, 2000). Plotting the 

residuals from loess fit is a useful diagnostic tool to determine whether the 

value of 𝜆 produces the smooth curve that adequately incorporates all of the 

interesting structure in the data. It is common to determine the value of 𝜆 using 

the iterative process, which is trying different values of 𝜆 starting from a 

relatively small and checking the residual plot until the residual plots begin to 

indicate that the curve is missing important features in the data point. The 

typical value of 𝜆is between 0.40 and 0.80 (Jacoby, 2000). 

Within the smoothing window, Loess solves weighted least square regression: 

 
𝑚𝑖𝑛

𝛼(𝑥∗),𝛽(𝑥∗)
∑ 𝐾𝜆(𝑥∗, 𝑥𝑖)[𝑦𝑖 − 𝛼(𝑥∗) − 𝛽(𝑥∗)𝑥𝑖]

2
𝑁

𝑖=1
 (4) 
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Which results in the following estimate for each point 𝑥∗ 

 𝑓(𝑥∗) = �̂�(𝑥∗) + �̂�(𝑥∗)𝑥∗ (5) 
 

The order of the locally weighted regression is normally 1 or 2, which is either 

a local linear or quadratic fit. Jacoby (2000) mentioned that the order often 

specified upon visual inspection of the scatterplot alone. Furthermore, if the 

data point conforms a generally monotonic pattern (either increasing and 

decreasing), then the linear fitting is more suitable and the quadratic fit is 

suitable for the data that exhibit some non-monotone pattern.  We use the loess 

function in R to smooth the FDI curve for each country, with degree equal to 

one and with a smoothing parameter equal to 0.35 after repetition of trying 

different values and checking the residual plots. Figure 2-2 shows the results 

after normalization and smoothing with Loess and also the residual plots, for 

example for Sweden and Switzerland. It can be seen that the noise has been 

removed from the original series and the smoothed curve fit well the main trend 

in FDI inflows without losing too much information. The residual plots support 

the assumption of a normally distributed residuals, which mean the choice of 𝜆 

is appropriate enough. 

 

Figure 2-2 The FDI after normalization (solid) and Loess smoothing (dashed) and the 
residual plots for the respective countries 
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Figure 2-3 shows the post-processed FDI inflows trends for 58 countries 

after normalization and Loess smoothing. Compared to Figure 2-1, the trends 

of FDI inflows for the sample countries are revealed and there are no more 

large differences in the volume of FDI inflows. At this point, the FDI series are 

more convenient as the input of the clustering to get the groups of countries 

with similar trends. 

 

Figure 2-3 Time series of FDI inflows for the sample countries after normalization and 
Loess smoothing  
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3 Methods  
The fact that FDI is typically only available for a limited time period in 

many chosen countries put special demands on the analysis. The proposed 

solution is a two stages FDI prediction approach by coupling the clustering 

methods with random forest regression or BMA. The first stage of the proposed 

solution is the individual countries are clustered into a smaller set of clusters to 

reduce the uncertainty and improve the forecasting performance compared to 

estimating individual time series models for each country separately. Then for 

each cluster, random forest regression and BMA solve the proposed regression 

equation, in which each cluster the model parameters are restricted to be the 

same to gain estimation precision. To evaluate the performance of the proposed 

solution, the prediction error for each model with and without clustering will be 

compared.  

There is a large literature on clustering for forecasting, see e.g Kedia, 

Thummala, & Karlapalem (2005) and Ma, Liu, & Cao (2014). The clustering 

methods used in this thesis are an agglomerative hierarchical clustering and 

Bayesian hierarchical clustering. The hierarchical clustering is the most widely 

used clustering approaches due to the the great visualization power it offers 

(Keogh & Lin, 2005) and applicable to any attribute type (Berkhin, 2006). 

Other advantages of this method is that there is no requirement for user to 

provide any parameters such as the number of clusters, however according to 

Heller & Ghahramani (2005), it does not provide guidance to choose the 

“correct” number of clusters. One of the strategies for estimating the optimal 

number of clusters is to use a statitistical test to measure the quality of the 

clustering given a specific number of clusters, which will be discussed in 

Section 3.1.3. Bayesian hierarchical clustering developed by Nia (2009) is used 

as the comparison of an agglomerative hierarchical clustering and the optimal 

number of clusters proposed by the statistical tests. 



 

 13 

3.1 Clustering methods 
The clustering is performed on the FDI series. It identifies similarities in  

the series of the sample countries based on the behaviour of FDI inflows over 

the sample periods.  

3.1.1 Hierarchical clustering 

A hierarchical clustering method builds a tree of clusters by partitioning 

data objects into homogenous groups.  It uses a dendogram to graphically 

represent a hierarchy of clusters (Steinbach, Ertöz, & Kumar, 2004). The most 

common strategy to build a hierarchy is the bottom up approach, i.e 

agglomerative, which starts by assigning each observation to its own cluster 

then finding the most similar observations based on the distances and merging 

them into one cluster until all observations are clustered into one single cluster. 

We use the hclust function in R with a complete linkage method, meaning that 

the distance between one cluster and another cluster is equal to the longest 

distance from any observation in one cluster to any observation in another 

cluster. According to a survey of clustering data mining techniques was 

conducted by Berkhin (2006), the choice of linkage method affects hierarchical 

clustering results, because it reflects a certain concept of closeness and 

connectivity. The motivation to use the complete linkage is that the cluster 

produced by this linkage is more compact and homogenous compared to single 

linkage. With complete linkage, an observation is joined to a cluster if it has a 

certain level of similarity with all current members of the cluster (Punj & 

Stewart, 1983). The complete linkage function is described by following 

expression: 

 𝐷(𝐶𝐴, 𝐶𝐵) = 𝑚𝑎𝑥
𝑎∈𝐶𝐴,𝑏∈𝐶𝐵

𝑑(𝑎, 𝑏) (6) 

Where 𝑑(𝑎, 𝑏) is the distance between elements 𝑎 ∈ 𝐶𝐴 and 𝑏 ∈ 𝐶𝐵 and 𝐶𝐴, 𝐶𝐵 

are cluster 𝐶𝐴 and cluster 𝐶𝐵. 

For simple time series, the correlation coefficients or cosine value 

between time series can be used as the similarity measurement function, while 

for the complex data, it is not easy to accurately represent the similarity degree 

using the similarity measurement function (Li, Chen, & Wu, 2010). Therefore, 
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the similarity degree between the series is generally represented by defining a 

specific distance between two series called similarity distance. In order to 

measure the similarity distance, we use Dynamic Time Warping (DTW), which 

is able to match various sections of two sequences of time series by allowing 

warping of the time axis (Esling & Agon, 2012). The previous papers used 

combination of DTW as the input similarity measures for hierarchical 

clustering see e.g Ouivirach & Dailey (2010) and (Fong, 2012). A very 

extensive comparative evaluation of 8 different representation methods and 9 

similarity measures in time series applied in 38 real word data was conducted 

by Ding et. al (2008) and found that DTW was significantly more accurate than 

Euclidean distance and competitive with other similarity measures such as 

Threshold Query (TQuEST) and Edit Distance with Real Penalty (ERP). The 

major drawbacks of DTW are the time complexity, 𝑂(𝑛2) and memory 

complexity for aligning large sequences (Zinke & Mayer, 2006, 

Ratanamahatana & Keogh, 2004). 

As an illustration, given two time series 𝑃 = {𝑝1, 𝑝2, … , 𝑝𝑖 , … , 𝑝𝑛} and 

𝑄 = {𝑞1, 𝑞2, … , 𝑞𝑖 , … , 𝑞𝑚} then arrange them into a distance matrix 𝑛 × 𝑚, 

with one of series arranged by row and the other by column. The element in 

row r and column s of the matrix is 𝑑(𝑝𝑟 , 𝑞𝑠), which is the Euclidean distance 

between 𝑝𝑟 and 𝑞𝑗. The Euclidean distance is the most straightforward 

measurement and easy to use but weak of sensitivity to distortion in time axis 

(Ratanamahatana & Keogh, 2004).  

 𝑑(𝑝𝑟 , 𝑞𝑠), = √(𝑝𝑟 − 𝑞𝑠)
2 = |𝑝𝑟 − 𝑞𝑠| (7) 

The point-to-point alignment between matching relationship P and Q is 

represented in a time warping path 𝑊𝑃 = 〈𝑤𝑝1, 𝑤𝑝2, … , 𝑤𝑝𝐻〉 with length H which 

is defined by 𝑚𝑎𝑥(𝑚, 𝑛) ≤ 𝐻 < 𝑚 + 𝑛 − 1 (Li, Chen, & Wu, 2010). The optimal 

alignment is the shortest warping path through the grid that minimizes the total 

cumulative distance between them as illustrated in Figure 3-1.  

 
𝐷𝑇𝑊(𝑃, 𝑄) = 𝑚𝑖𝑛 (∑ 𝑑ℎ ,𝑊𝑃 = 〈𝑤𝑝1, 𝑤𝑝2, … , 𝑤𝑝𝐻〉

𝐻

ℎ=1
) (8) 
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where 𝑑ℎ indicates the one dimension Euclidean distance represented as 𝑤𝑝ℎ, 

the ℎ𝑡ℎ element of a warping path WP. The warping path can be calculated by 

dynamic program method by evaluating the following recurrence, which 

defines the cumulative distance as the sum of the distance of the current 

element and the minimum of the cumulative distance of the three adjacent 

elements.  

 𝑑𝑐𝑢𝑚(𝑟, 𝑠) = 𝑑(𝑝𝑟 , 𝑞𝑠) + 𝑚𝑖𝑛{𝑑𝑐𝑢𝑚(𝑟 − 1, 𝑠 − 1), 𝑑𝑐𝑢𝑚(𝑟 − 1, 𝑠), 𝑑𝑐𝑢m(𝑟, 𝑠 − 1)} (9) 

In order to control the path length, several restrictions to choose the path 

are applied. 

 Monotonicity: a path should not go down or to the left 

 Continuity: a path can only increase one step at time and no element may 

be skipped  

 Warping window: a path should be wandering close to the diagonal. 

 

 𝑝1 𝑝2 …  𝑝𝑛 

𝑞𝑚 𝑑(𝑝1, 𝑞𝑚) 𝑑(𝑝2, 𝑞𝑚) 𝑑(𝑝𝑟 , 𝑞𝑚) 𝑑(𝑝𝑟 , 𝑞𝑚) 𝑤𝑝𝐻 

… 𝑑(𝑝𝑟 , 𝑞𝑠) 𝑑(𝑝𝑟 , 𝑞𝑠) 𝑑(𝑝𝑟 , 𝑞𝑠) 𝑤𝑝𝑗−3 𝑑(𝑝𝑛, 𝑞𝑠) 

𝑞2 𝑑(𝑝1, 𝑞2) 𝑤𝑝2 𝑤𝑝3 𝑑(𝑝𝑟 , 𝑞2) 𝑑(𝑝𝑛, 𝑞2) 
𝑞1 𝑤𝑝1 𝑑(𝑝2, 𝑞1) 𝑑(𝑝𝑟 , 𝑞1) 𝑑(𝑝𝑟 , 𝑞1) 𝑑(𝑝𝑛, 𝑞1) 

 

 

 

We use diss function in TSclust package with method equal to “DTWARP” 

which mean that the DTW method is applied as the dissimilarity measure. 
 

3.1.1.1  Determining the number of cluster 

In clustering one needs to decide on the number of clusters, which is 

hard to perform especially for high dimensional time series data. There are 

some useful test statistics to determine the number of clusters. One of them is 

called the CH index (Calinski & Harabasz, 1974) that determine number of 

clusters based on the proportion of variance within clusters and between 

clusters. Yan (2005, November) stated that CH index generally outperformed 

the other methods in determining the number of clusters. However, CH index 

performed worst in the study conducted by Mufti, Bertrand, & Moubarki 

Time Series P  

Time Series Q  Euclidean distance between pr and qs  

  DTW Illustration Figure 3-1 
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(2005, May). Hence, it is important to decide the number of clusters based on 

comparison results from several methods instead of a single one and find the 

consistent number of clusters among those methods. So, we use other important 

methods in determining number of clusters that performed well according to an 

evaluation study counducted by Milligan and Cooper (1985), which are Beale 

index (Beale, 1969), Marriot index (Marriot, 1971) and KL index (Krzanowski 

& Lai, 1988). 

In the following, we denote 

𝑛 = number of observations, 

𝑉 = number of variables, 

𝐾 = number of clusters, 

𝑋 = {𝑥𝑖𝑗}, 𝑖 = 1,2, … , 𝑛, 𝑗 = 1,2, … , 𝑣  

𝑋 = 𝑛 × 𝑉 data matrix of 𝑉 variables measured on 𝑛 independent 

observations,  

�̅� = centroid of data matrix, 

𝑛𝑘 = number of observations in cluster 𝐶𝑘, 

 𝑐𝑘 = centroid of points in cluster 𝐶𝑘, 

𝑥𝑖 = 𝑉-dimensional vector observations of the 𝑖th object in  cluster 𝐶𝑘. 

 

CH index 

Given the number of clusters K, over clustering assignment C, the total 

within cluster variance, which measures the tightness of each clusters for the 

entire set of observations can be defined by: 

 
𝑊𝐼𝐾 = ∑ ∑(𝑥𝑖 − 𝑐𝑘)(𝑥𝑖 − 𝑐𝑘)

′

𝑖∈𝐶𝑘

𝐾

𝑘=1

 (10) 

Between clusters variation measures the separation between clusters can be 

defined by: 

 
𝐵𝐾 = ∑𝑛𝑘

𝐾

𝑘=1

(𝑐𝑘 − �̅�)(𝑐𝑘 − �̅�)′ (11) 

Then the CH index is defined by: 
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𝐶𝐻(𝐾) =

𝐵(𝐾)/(𝐾 − 1)

𝑊𝐼(𝐾)/(𝑛 − 𝐾)
 

 

(12) 

The value of 𝐾 that maximizes ��(𝐾) is considered as the most 

appropriate number of clusters for those data sets, means the number of clusters 

that has large variance between clusters but small variance within clusters. 

Tibshirani, Walther, & Hastie (2001) mentioned the fact that 𝐶𝐻(1) is not 

defined, even if the denominator for between cluster variation were modified 

by replacing 𝐾 − 1 with 𝐾, its value at 1 would be 0. Thus, the value of K is 

impossible to be 1 because 𝐶𝐻(𝐾) > 0 for 𝐾 > 1. 

 

Beale index 

Beale (1969) used an F-ratio to test the null hypothesis that the 𝑚th 

cluster is homogeneous 𝐶𝑀 against the alternative that it should be partitioned 

into two clusters 𝐶𝐴 and 𝐶𝐵. The test is based on the comparison of the within 

cluster of 𝐶𝑀 and the within cluster 𝐶𝐴 and 𝐶𝐵. The Beale index is defined in 

Equation 13. 

 

𝐹 ≡
(

𝑉𝐴𝐵
𝑊𝐼𝐴 +𝑊𝐼𝐵

)

((
𝑛𝑀 − 1
𝑛𝑀 − 2

)2
2
𝑉 − 1)

 (13) 

where 𝑉𝐴𝐵=𝑊𝐼𝑀 −𝑊𝐼𝐴 −𝑊𝐼𝐵. The null hypothesis of a single cluster is 

rejected if the value of the F statistic is greater than the critical value from an 

F𝑣,(nM−2)𝑣distribution. 

 

Marriot index 

Marriot (1971) proposed the following index calculated using Equation 14. 

 𝑀(𝐾) = 𝐾2|𝑊𝐼𝐾| (14) 

The optimal number of clusters is determined by the maximum value of 

the second differences, which is min
𝐾
((𝑖𝐾+1 − 𝑖𝐾) − (𝑖𝐾 − 𝑖𝐾−1)) that measure 

a positive “elbow”. The curve of the this index values need to be plotted, then a 

particular number can be chosen by visual inspection, often where the curve 
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has an “elbow”, i.e. positive or negative “jump” of the index curve, or local 

peak (Weingessel, Dimitriadou, & Dolnicar, 1999). 

 

KL index 

The KL index proposed by Krzanowski and Lai (1988) followed the 

Marriot index but instead of using determinant of within cluster, they 

emphasized in maximizing 𝑊𝐼𝐾(𝐾)
2
𝑉⁄ . The KL index is defined by: 

 
𝐾𝐿(𝐾) = |

𝐷𝐼𝐹𝐹(𝐾)

𝐷𝐼𝐹𝐹(𝐾 + 1)
| (15) 

Where 𝐷𝐼𝐹𝐹(𝐾) = 𝑊𝐼𝐾−1(𝐾 − 1)
2
𝑉⁄ −𝑊𝐼𝐾(𝐾)

2
𝑉⁄ . A value of K is optimal if 

it maximizes 𝐾𝐿(𝐾). Compared to the Marriot index, Krzanowski and Lai 

(1988) claimed that the KL index shows a higher success rate in identifying the 

number of groups under a wide range of conditions. Mufti, Bertrand, & 

Moubarki (2005) found that the KL index outperformed the CH index in their 

study using Iris data set. 

We use the NbClust function from the same name package to choose the 

most appropriate number of clusters for the data set. It uses 30 indices statistic 

tests including the CH, Beale, Marriot and KL indices in validating the results 

of clustering analysis. The number of clusters within range = (2,57) is provided 

to be measured by the four indices. For Beale index, NbClust function use 10% 

significance level to reject the null hypothesis (Charrad, Ghazzali, Boiteau, & 

Niknafs, 2014).  

3.1.2 Bayesian hierarchical clustering 

Bayesian hierarchical clustering developed by Nia & Davison (2012) is 

used as the comparison for the traditional hierarchical clustering. The 

implementation is available in R and is designed for clustering high-

dimensional continuous data. It uses the log posterior probabilities as similarity 

measures in order to construct the dendogram and chooses the number of 

clusters that maximizes the marginal posterior. The underlying model of the 

data is a Bayesian linear model with a spike-and-slab structure in the following 

form 
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 𝑦𝑣𝑐𝑡𝑟 = 𝜇 + 𝛾𝑣𝑐𝜃𝑣𝑐 + 𝜂𝑣𝑐𝑡 + 𝜀𝑣𝑐𝑡𝑟 (16) 

Where 𝑦𝑣𝑐𝑡𝑟 is the univariate random variable of 𝑟th replicate(𝑟 =

1…𝑅𝑐𝑡) of the clustering individual t(𝑡 = 1,… , 𝑇𝑐) grouped in cluster c 

(𝑐 = 1, … , 𝐶) measured at variable v(𝑣 = 1, … , 𝑉), having C clusters and V 

variables. The total number of the clustering individual is 𝑇 = ∑ 𝑇𝑐
𝐶
𝑐=1  and the 

total number of observations is ∑ ∑ 𝑅𝑐𝑡
𝑇𝑐
𝑡=1

𝐶
𝑐=1 . If there is no replicated 

clustering individual 𝑅𝑐𝑡 = 1 for all 𝑣 = 1, … , 𝑉 and 𝑐 = 1,… , 𝐶 then the 

number of clustering individual T equals to the number of observations. The 

model defines an overall mean 𝜇 and a number of additive random effects. The 

random variables 𝜃𝑣𝑐 are the cluster effects and give different means of variable 

𝑣 for different clusters. It depends on the state of a binary variable-cluster 

selector 𝛾𝑣𝑐 with 𝑝 activation probability, thus 𝜃𝑣𝑐 presents when 𝛾𝑣𝑐 = 1 and 

𝜃𝑣𝑐 disappears when 𝛾𝑣𝑐 = 0. 𝑝 can be interpret as the probability of an 

important variable appears for at least one cluster. 𝜂𝑣𝑐𝑡 denotes the variance 

(errors) between clustering individual and 𝜀𝑣𝑐𝑡𝑟 denotes the variance (errors) 

between replicates. Under assumption of Gaussian distributions for both the 

errors and the true cluster effects, the model can be expressed more clearly in 

the following multilevel form   

 𝑦𝑣𝑐𝑡𝑟|𝜂𝑣𝑐𝑡
′ ~𝑁(𝜂𝑣𝑐𝑡

′ , 𝜎2) 

𝜂𝑣𝑐𝑡
′ |𝜃𝑣𝑐

′ ~𝑁(𝜃𝑣𝑐
′ , 𝜎𝜂

2) 

𝜃𝑣𝑐
′ |𝛾𝑣𝑐

′ ~𝑁(μ, 𝛾𝑣𝑐
′ 𝜎𝜃

2) 

𝛾𝑣𝑐
′ ~𝐵(𝑝) 

𝜎2, 𝜎𝜃
2 > 0, 𝜎𝜂

2 ≥ 0, 0 < 𝑝 < 1, 𝜇 ∈ ℝ 

𝛾𝑣𝑐~𝐵(𝑝), 𝜃𝑣𝑐~𝑁(0, 𝜎𝜃
2), 𝜂𝑣𝑐𝑡~𝑁(0, 𝜎𝜂

2), 𝜀𝑣𝑐𝑡𝑟~𝑁(0, 𝜎
2) 

(17) 

 

Since the true clustering of the data is unknown a priori, the model parameters 

must be set beforehand and keep fixed during clustering process. Nia & 

Davison (2012) recommends to estimate the parameters 𝜑 = (𝜎2, 𝜎𝜂
2, 𝜎𝜃

2, μ, 𝑝) of 

the prior density using maximum likelihood for better result with joint density 

of the data: 

 
𝑓(𝑦; 𝜑) =∏ ∏ 𝑓(𝑦𝑣𝑐; 𝜑)

𝐶

𝑐=1

𝑉

𝑣=1
 (18) 
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Where 𝑦𝑣𝑐  is the vector of class c measured at variable v. If we assume an 

initial configuration in which all clusters are formed by a single, unreplicated 

clustering individual, 𝑓(𝑦𝑣𝑐; 𝜑) can be written as  

 𝑓(𝑦𝑣𝑐; 𝜑) = 𝑝𝑓1(𝑦𝑣𝑐; 𝜑) + (1 − 𝑝)𝑓0(𝑦𝑣𝑐; 𝜑) (19) 
 

 

𝑓0(𝑦𝑣𝑐; 𝜑) = [2𝜋(𝜎2 + 𝜎𝜂
2)]

−
1
2 × exp {

−(𝑦
𝑣𝑐
− 𝜇)

2

2(𝜎2 + 𝜎𝜂
2)
} (20) 

 

𝑓1(𝑦𝑣𝑐; 𝜑) = [2𝜋(𝜎2 + 𝜎𝜂
2 + 𝜎𝜃

2)]
−
1
2 × exp {

−(𝑦
𝑣𝑐
− 𝜇)

2

2(𝜎2 + 𝜎𝜂
2 + 𝜎𝜃

2)
} 

(21) 

 

Given the initial value, 𝜑 can be estimated from (18) by maximizing the 

likelihood. In order to compute the posterior in the hierarchical clustering, a 

prior distribution on clustering is required for Bayesian inference on them. 

Suppose a total number of the clustering individual 𝑇 = ∑ 𝑇𝑐
𝐶
𝑐=1  partitioned 

into 𝐶 clusters of sizes 𝑇1, … , 𝑇𝑐 means 𝑇1 is the size of cluster 1, 𝑇2 is the size 

of cluster 2 and so forth with a data allocation 𝒞. 𝒞 consists of an integer label 

to assign each observation in a cluster. Nia & Davison (2012) assume a 

multinomial-Dirichlet distribution with hyper parameters 𝛼1 = 𝛼2… = 𝛼𝑐 = 1 

as the allocation prior  

 
𝑓(𝒞) ∝

(𝐶 − 1)! 𝑇1!… 𝑇𝐶!

𝑇(𝑇 + 𝐶 − 1)!
 (22) 

The clustering posterior of the data 

 𝑓(𝒞|𝑦) = 𝐾−1𝑓(𝑦|𝒞)𝑓(𝐶) 
(23) 

Where 𝑓(𝑦|𝒞) = ∏ ∏ 𝑓(𝑦𝑣𝑐; 𝜑)
𝐶
𝑐=1

𝑉
𝑣=1  and 𝐾 > 0 is a fixed value for given data. 

The hierarchical clustering procedure can be summarized in the following 

steps. 

Algorithm 1 Bayesian hierarchical clustering algorithm 

1: Start with each observations as a single cluster, i.e initialize 𝒞 = (1,… , 𝑇) 

2: repeat 

3: Compute the clustering posterior (23) for all pairwise merges 

4: Merge the pairwise of 𝐶𝑖 , 𝐶𝑗 that have maximum clustering posterior 

5: 𝐶𝑘 = 𝐶𝑖 ∪ 𝐶𝑗 
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6: 𝑇𝐶𝑘 = 𝑇𝐶𝑖 +𝑇𝐶𝑗 

7: Save the log posterior 𝑔𝐶𝑘 = log(𝑓(𝒞|𝑦)) as a dendogram height 

8: until All observations are in a single cluster 

The optimal grouping is the one that maximizes 𝑔𝐶𝑘 for 𝑘 = 1, … , 𝑇 and the 

output dendogram can be interpreted as an approximation of the maximum a 

posteriori of the clustering posterior. A monotonic height function is needed to 

draw a dendogram but 𝑔𝐶𝑘  is not necessarily monotone. Suppose that 𝑔𝑚𝑎𝑥 =

max(𝑔𝐶𝑘) and 𝑐𝑚𝑎𝑥 = 𝑎𝑟𝑔𝑚𝑎𝑥(𝑔
𝐶𝑘
) is the number of cluster that maximizes 

𝑔𝐶𝑘. The height of the dendogram is defined by  

 
ℎ𝐶𝑘 = {

𝑔𝐶𝑘 − 𝑔𝑚𝑎𝑥 c ≤ 𝑐𝑚𝑎𝑥
𝑔𝑚𝑎𝑥 − 𝑔𝐶𝑘 c > 𝑐𝑚𝑎𝑥

 
(24) 

However, ℎ𝐶𝑘 is negative for c ≤ 𝑐𝑚𝑎𝑥, hence the height of the dendogram 

recomputed by ℎ𝐶𝑘 −min(ℎ𝐶𝑘) to get non-negative heights. 

 We use the bclust function from the same name package to do Bayesian 

hierarchical clustering. The input matrix is FDI series with 58 countries in row 

and 15 periods of time in column, with the parameter set 𝜑 = (𝜎2, 𝜎𝜂
2, 𝜎𝜃

2, μ, 𝑝) 

are estimated using general purpose methods in R, e.g using optim function. 

We use trial and error method to set the initial values to be optimized around 0 

and 1. We use all variables for clustering thus we do not do variable selection. 

3.2 The model 

With the countries clustering into 𝐾 clusters, we estimate regression 

models for each country under the assumption that the coefficients for each 

variable are the same for all the countries within the same clusters. We 

investigate in which extent the strength between similar countries in FDI 

inflows together with the FDI determinants in predicting the FDI inflows. We 

stack the FDI time series and the FDI determinants as the explanatory variables 

for each country in a cluster, one below the other. For each cluster, the data set 

is divided into training data and test data with proportion 80% and 20% 

respectively. The division is based on the period of time under the assumption 

that using the past values of all the countries in training data to predict the rest 



 

 22 

of period of time in test data. It means that the training data set contains series 

from 2000 – 2011 and the test data set contains series from 2012-2014. So, for 

country i in cluster 𝑘 = 1,2, … , 𝐾 the model can be defined by 

 

𝑦𝑖,𝑡,𝑘 = 𝛼𝑘,0 +∑𝜆𝑘,𝑙𝑦𝑖,𝑡−𝑙,𝑘

𝐿

𝑙=1

+∑𝜸𝑘,𝑞
𝑇 𝒙𝑖,𝑡−𝑞,𝑘

𝑄

𝑞=0

+ 𝜀𝑖,𝑡,𝑘 (25) 

Where 𝑦𝑖,𝑡,𝑘 denotes FDI, 𝒙𝑖,𝑡 denotes the set of exogenous variables, l is the 

number of lags of FDI, q is the number of lags of the exogenous variables, 𝛼 is 

the intercept in cluster k, ε is the iid error term of Ν(0, 𝜎𝑘
2) and the subscripts i 

and t represent country and time period, respectively. For this thesis, we use 

𝑙 = 1 and 𝑞 = 0.  

3.3 Random forest regression 

Breiman (2001) introduced random forest for classification and 

regression. The advantages using random forest are the ability to handle large 

number of variables with a small number of observations, and also the 

possibility of obtaining a measure of variable importance. The method is based 

upon the construction of an ensemble of regression trees using bootstrap 

samples of training data. For each of the bootstrap samples, the regression tree 

is grown by recursively splitting the sample into more homogeneous groups, 

so-called node, down to “terminal node”. The predicted response value is 

simply the average response in that terminal node (Grömping, 2012). When 

splitting the branch, the candidate variables are not selected among all the 

predictors but based on a randomly selected subset with size mtry, often set to 

𝑝/3, where p is the number of variables. The estimate error can be obtained by 

comparing the average prediction of the observations that are not used in the 

bootstrap sample (out of the bag = OOB) which generally in average around 

36% of the observations, with the actual response (Grömping, 2012). Liaw & 

Wiener (2002) stated that the OOB estimate of error rate is quite accurate given 

that enough trees have been grown. 

 
𝑀𝑆𝐸𝑂𝑂𝐵 =

1

𝑛
∑(𝑦𝑖 − �̅̂�𝑖𝑂𝑂𝐵)

2

𝑛

𝑖=1

 (26) 
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The variable importance is obtained by looking at how much the 

prediction error increases when OOB data for that variable is permuted while 

all others are left unchanged (Liaw & Wiener, 2002). The calculations are 

performed for all trees in the forest. This will be discussed further in Section 

3.3.1. 

We use randomForest function in the same name package with 

important parameter for the tuning parameters: ntree – the number of trees to 

grow in forest; mtry – the number of variables randomly sampled as candidates 

at each split; and nodesize – the minimum size of the terminal nodes.  

Grömping (2012) mentioned that a large number of trees are important 

for diagnostic quantities interest like variable importance. However, Oshiro, 

Perez, & Baranauskas (2012) claimed that as the number of tree grows, there is 

no guarantee that the performance is better than the forest with fewer trees. 

There are a few literatures provide guidance about how to choose the best 

parameter used for random forest implementation, see e.g Latinne, Debeir, & 

Decaestecker (2001) and Oshiro, Perez, & Baranauskas (2012). Normally, the 

users do the trial and error method to set the number of parameter. Liaw and 

Wiener (2012) mentioned the affect of mtry to the randomness of splitting 

variable. With mtry = 1, the splitting variable would be determined completely 

at random, whereas with mtry = p would eliminate one aspect of randomness 

for the forest. They recommended to try half and twice the default as well, 

while Breiman (2001) recommended 𝑚𝑡𝑟𝑦 = √𝑝. The choice of mtry can 

substantially affect the allocated importance in random forests for regression 

(Grömping, 2012). The node size is recommended to be increased for 

improving the prediction accuracy (Segal, Barbour, & Grant, 2004).  

Using the trial and error method, we try the combination for number of 

trees in range, ntree = (100,800), number of variables selected in each bootstrap 

sample, mtry = (1,16) and the default value for nodesize parameter, which is 5. 

We choose the number of tree and number of variables that gave the minimum 

average MSE for all clusters. 
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3.3.1 Variable importance 

The variable importance in random forest is related to the impact of a 

predictor variable in predicting the response. It is measured by the difference in 

prediction accuracy before and after permuting a predictor variable, averaged 

over all tree (Strobl, Boulesteix, Kneib, Augustin, & Zeileis, 2008). The higher 

the difference in prediction accuracy means that a predictor variable is more 

important. It can be determined as follows: For tree 𝑡𝑟, before 𝑋𝑗 is permuted, 

the average of the squared deviations of OOB response from their respective 

predictions is calculated as the OOB MSE: 

 
𝑂𝑂𝐵𝑀𝑆𝐸𝑡𝑟 =

1

𝑛𝑂𝑂𝐵,𝑡𝑟
 ∑ (𝑦𝑖 − �̂�𝑖,𝑡𝑟)

2

𝑛

𝑖=1∶𝑖∈𝑂𝑂𝐵𝑡𝑟

 (27) 

Where ŷ𝑖,𝑡𝑟 is the predictions of observation 𝑖 in tree 𝑡𝑟, 𝑂𝑂𝐵𝑡𝑟 is the 

OOB observations for tree 𝑡𝑟 and 𝑛𝑂𝑂𝐵,𝑡𝑟 is the number of OOB observations 

in tree 𝑡𝑟. The OOB MSE after the values for 𝑋𝑗 are randomly permuted in the 

OOB data is calculated as: 

 
𝑂𝑂𝐵𝑀𝑆𝐸𝑡𝑟(𝑋𝑗𝑝𝑒𝑟𝑚𝑢𝑡𝑒𝑑) =

1

𝑛𝑂𝑂𝐵,𝑡𝑟
 ∑ (𝑦𝑖 − �̂�𝑖,𝑡𝑟(𝑋𝑗𝑝𝑒𝑟𝑚𝑢𝑡𝑒𝑑))

2

𝑛

𝑖=1∶𝑖∈𝑂𝑂𝐵𝑡𝑟

 (28) 

For each variable 𝑋𝑗 in each tree 𝑡𝑟, the variable importance of 𝑋𝑗 is 

calculated as follows: 

 
𝑉𝐼(𝑋𝑗) =

∑ 𝑉𝐼𝑡𝑟(𝑋𝑗)
𝑛𝑡𝑟𝑒𝑒
𝑡𝑟=1

𝑛𝑡𝑟𝑒𝑒
 (29) 

Where 𝑉𝐼𝑡𝑟(𝑋𝑗) = 𝑂𝑂𝐵𝑀𝑆𝐸𝑡𝑟(𝑋𝑗𝑝𝑒𝑟𝑚𝑢𝑡𝑒𝑑) − 𝑂𝑂𝐵𝑀𝑆𝐸𝑡𝑟. Note that 

𝑉𝐼𝑡𝑟(𝑋𝑗) = 0 by definition, if variable 𝑋𝑗 is not in tree 𝑡𝑟.  

 Strobl, Boulesteix, Kneib, Augustin, & Zeileis (2008) found that random 

forests show a preference for correlated predictor variables. The reasons for 

this behaviour is a predictor variable that has high relation with response has a 

high chance to be selected as the splitting variable in the bootstrap sample. It 

also important to distinguish between conditional and marginal influence of a 

variable, which means the influence of variable marginally and conditional on 

another variable, see more detail in Strobl, Boulesteix, Kneib, Augustin, & 

Zeileis (2008) about their suggestion of a new conditional permutation scheme 

for the computation of the variable importance measure that reflects the true 
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impact of each predictor variable better than the original. Grömping (2012) 

investigates the mtry’s impact on variable importance and indicates that with 

mtry increasing, a weak regressor, a variable with no relation to the reponse, 

has a chance to compete with a strong regressor to be selected as a splitting 

variable, even it will not win often, unless it related to a stronger regressor.  

3.4 Bayesian Model Averaging (BMA) 

In order to address model uncertainty, BMA is an ideal framework to 

avoid relying on one single model by averaging over the models with the 

posterior model probabilities as weights. We rewrite Equation 25 in a general 

normal linear regression model for n observations of a vector y response 

variable, an intercept 𝛼, a set of lagged FDI and k explanatory variables in 𝚭 =

(𝑦𝑡−1, 𝐱𝑡) with 𝜆 and 𝛾 the coefficients in 𝛽 and 𝜀 an i.i.d error term with 

variance 𝜎2: 

 𝒚 = 𝛼 + 𝚭𝜷 + 𝜀 (30) 

with 

𝜀~𝑁(0, 𝜎2𝑰) 
As there is uncertainty in which variables in Z should be included in the 

model then we allow estimating the models for all possible combination of 

variables in Z. Thus results in 2𝑘possible models 𝑀𝑗 , 𝑗 = 1,… , 2𝑘,grouped in 

the model space ℳ - where k is the number of variables in Z. In this thesis, 

there are 15 explanatory variables and one lagged FDI. 

 
𝑝(𝑦|𝑀𝑗) = ∫𝑝(𝑦|𝜃𝑗,𝑀𝑗)𝑝(𝜃𝑗|𝑀𝑗)𝑑𝜃𝑗 (31) 

Following the Bayes theorem, the posterior model probabilities: 

 
𝑝(𝑀𝑗|𝑦) = 

𝑝(𝑦|𝑀𝑗)𝑝(𝑀𝑗)

∑ 𝑝(𝑦|𝑀𝑖)𝑝(𝑀𝑖)
2k
𝑖=1

 (32) 

Where 𝑝(𝑦|𝑀𝑗) is the marginal data density in model 𝑀𝒋, i.e the marginal 

likelihood and 𝑝(𝑀𝑗) is the prior model probability. The common choice for 

prior model probability is a uniform prior to represent the lack of prior 

knowledge regarding which model is the best 𝑝(𝑀𝑗) = 2−𝑘. We place 

‘improper’ priors on the constant and error variance, 𝑝(𝛼𝑗) ∝ 1 and set 𝑝(𝜎) ∝

𝜎−1, which means they are evenly distributed over their domain. The marginal 
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posterior distribution for some quantity of interest, 𝜙 (e.g a future value of 

FDI) is obtained by model averaging: 

 

𝑝(𝜙|𝑦) =∑𝑝(𝜙|𝑀𝑖, 𝑦)𝑝(𝑀𝑖|𝑦)

2𝑘

𝑖=1

 (33) 

In order to compute the posterior distribution, it is crucial to specify the 

prior on the regression coefficients in each model. The typical assumption is a 

prior mean of zero, and a g-prior introduced by Zellner (1986) of the form  

 
𝜷𝑗|𝑔~𝑁 (0, 𝜎2 (

1

𝑔
𝑍𝑗
′𝑍𝑗)

−1

) (34) 

Where the value of g represents the prior. A small g means few prior 

coefficient variance and implies the coefficients are close to zero a priori with 

large probability and vice versa. A popular choice for g is 𝑔 = 𝑚𝑎𝑥{𝑛, 𝑘2} as 

introduced by Fernandez et al (2001a).  

Since the size of model space is enormous, MCMC samplers with 

Metropolis-Hastings algorithm ‘jump around’ through model space to gather 

results on the most important of the posterior model probability and thus 

approximate it as closely as possible with the actual posterior model 

probability. It can be defined as follows:  

a. At step i: the sampler chooses randomly Mi with posterior model probability 

𝑝(𝑀𝑖|𝑦) as a ‘current’ model. 

b. In step𝑗 = 𝑖 + 1: a candidate model 𝑀𝑗 is proposed. The model 𝑀𝑗 contains 

a set of covariates with one new covariate that randomly chosen. The prior 

distribution for the number of covariates is binomial with probability 0.5 and 

𝑁𝑚𝑎𝑥 is the number of covariates, which makes all models have the same 

probability. If the chosen covariate already part of the current model 𝑀𝑖, the 

chosen covariate is dropped and 𝑀𝑗 has the rest of covariates in 𝑀𝑖. If 𝑀𝑗 

does not contain the same covariates in 𝑀𝑖, the chosen covariate is not 

dropped.   

c. The probability for the sampler to switch from 𝑀𝑖 to 𝑀𝑗 is: 

 
𝑝𝑖,𝑗 = 𝑚𝑖𝑛 (1,

𝑝(𝑀𝑗|𝑦)

𝑝(𝑀𝑖|𝑦)
) (35) 
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In case 𝑝𝑖,𝑗 =
𝑝(𝑀𝑗|𝑦)

𝑝(𝑀𝑖|𝑦)
, model 𝑀𝑗 is rejected, the sampler moves to the next 

step and proposes new model against 𝑀𝑖 . In case 𝑝𝑖,𝑗 = 1, model 𝑀𝑗 is 

accepted, then it becomes the current model and has to survive against 

further candidate models in the next step. The number of times model is kept 

will converge to the distribution of posterior model probabilities 𝑝(𝑀𝑖|𝑦). 

The quality of an MCMC approximation depends on the number of draws of 

the MCMC sampler runs through. The chosen model in the initial state might 

not be a ‘good’ one and the sampler will converge to the spheres of models 

with the largest marginal likelihoods (Zeugner, 2011). Those initial states of 

samples is discarded or known as burn-in. 

The sum of the posterior model probability where a variable is in the 

model, i.e the posterior inclusion probability (PIP) is used to measures the 

importance of that variable in explaining the data. PIP for variable i can be 

defined as 

 𝑝𝑖 ≡ ∑ 𝑝(𝑀𝑗|𝑦)

𝑗:𝑗𝑖=1

 (36) 

Where 𝑗𝑖 is either 1 or 0 as covariate 𝑧𝑖 is in or out of the model.  

We use the bms function in the BMS package with a uniform prior over 

the model space and Zellner’s g-prior for the prior regression coefficient. For 

each cluster the choice for g is the maximum value between number of 

observations for all countries in the cluster 𝐶𝐾 and the number of explanatory 

variables, which is 15, plus one-year lag of y variable. The number of iterations 

for the MCMC sampler is 100,000 draws and we discard the first 30,000 draws 

as burn-in.  

3.5 Prediction evaluation measures 

The model estimation uses yearly data from 2000 to 2014 and uses the 

estimated coefficient from the training data to predict the observations in the 

test data. MSE is used to measure the performances for the models in making 

prediction. MSE is the average of the square errors between the prediction and 

the actual values. For random forest regression, the OOB MSE in Equation 26 

is used. For BMA, MSE is defined as 



 

 28 

 
𝑀𝑆𝐸 =

1

𝑛
∑(ŷ𝑖 − 𝑦𝑖)

2

𝑛

𝑖=1

 (37) 

A smaller MSE means the prediction performance of one model is better at 

prediction.  

We obtain the important variables for making prediction from the BMA 

model from their posterior inclusion probabilities (PIP) and variable 

importance for the random forest model. 
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4 Results  
This section presents the results of this thesis and is divided into three 

parts: the first containing the clustering results using hierarchical clustering and 

Bayesian hierarchical clustering. In the second part, the prediction results using 

random forests regression are presented. The third part contains the prediction 

results using BMA. 

4.1 Clustering results 

4.1.1 Hierarchical clustering 

The hierarchical clustering results are presented in Figure 4-1. Based on 

the visual inspection of the height of dendogram, at height 5.75 there are four 

big clusters that occur. 

 
Figure 4-1 The hierarchical clustering result 

 

4.1.1.1 Determining the number of clusters 

Table 4-1 shows the value indices of the four indices in determining 

number of clusters using NbClust function for hierarchical clustering results. 

We only display the value indices within range (2,10), because the optimal 

numbers of clusters proposed by the four indices are below 10. The four indices 

propose different numbers of clusters due to different ways in determining the 

optimal number of cluster and among those numbers, there is no a consistent 

number of clusters. The Marriot index proposes the same number with the 
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visual inspection results. The clustering results in the line graphs with different 

number of clusters are presented in Figure 1A-D in Appendix 5. 

Table 4-1 Values of the four indices. According to each index (row) a symbol (*) 
indicates the optimal number of clusters 

Index 
Number of clusters 

2 3 4 5 6 7 8 9 10 

CH 12.6 13.4* 12.0 10.9 9.3 8.2 8.3 7.4 7.3 

Beale 2.7 2.4 4.0 1.6 1.4* 6.8 0.9 4.3 2.8 

Marriot 0.004 0.002 0.000* 0.092 0.153 0.000 0.000 0.532 0.000 

KL 0.9 2.1 1.4 4.5 0.7 0.3 9.3* 0.1 1.4 

 

Since there is no guidance how to choose the ‘correct’ number of clusters for 

this data, we determine the optimal number of clusters that are agreed by two 

clustering methods. 

4.1.2 Bayesian hierarchical clustering 

The estimates of the hyper parameters for the data set result in �̂�𝑚𝑙𝑒 =

(�̂�2 = 0.0241, �̂�𝜂
2
= 0.0240, �̂�𝜃

2
= 0.0031, μ̂ = 0.0228, �̂� = 0.9985). As expected, 

the overall mean is almost zero, as it is between replicate and between type 

variances. Around 99% of the variable-cluster combinations are relevant for the 

partitioning, according to �̂�. Using the estimates of the hyper parameters, the 

Bayesian hierarchical clustering results are presented in Figure 4-2.  

 
Figure 4-2 The Bayesian hierarchical clustering results 
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Based on the visual inspection, at height 380, there are four big clusters 

of countries. However, the optimal number of clusters that maximizes marginal 

posterior is eight based on the maximal log posteriors. Figure 4-3 shows the 

marginal posterior for all possible number of clusters. The clustering results in 

the line graphs with number of clusters equal to four and eight are presented in 

Figure 1E-F in Appendix 6. 

 
Figure 4-3 The optimal number of clusters based on the log posteriors 

Both the KL index and the Bayesian hierarchical clustering indicate that 

the optimal number of clusters is eight. Thus, the optimal number of clusters 

for this data is eight and we examine further for the variety of trends of FDI 

inflows that exist on each cluster. The clustering results are presented in 

Appendix 3 Table 3.1 and 3.2.  

When we use agglomerative hierarchical clustering, cluster 1 is formed by 

14 countries, which are mixed between seven developed and seven developing 

countries in various regions. The trend of FDI inflows for countries in cluster 1 

is stable in the beginning period then rises and has peak at around 2007 and 

followed by gradually decreased until the end of the period. Cluster 2 consists 

of 12 countries, which are seven countries are developed countries in Europe, 

Asia and others. The rest five countries are developing countries in Asia, Africa 

and Latin America and the Caribbean. The general trend is decreasing, with a 

transient increase at around 2004-2006 followed by additional decline until the 

end of the period. However, the trend of FDI inflow for Hungary is similar only 

at the ‘tails’ of the period, while it differs between 2000 and 2010. There are 

four countries in cluster 3, which are two developed and two developing 

countries. The general trend is quite stable through out the entire sample 
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period. In cluster 4, there are four developing countries in Asia and Africa 

showing a positive trend. Cluster 5 can be considered as an outlier cluster, 

featuring three countries: Brazil, Chile and Singapore. The trends of FDI 

inflows for those three countries are not clearly visible. They similarly 

decreasing at the beginning of period, which may have resulted in their 

clustering, then they differ afterward. There are 10 countries in cluster 6, which 

is dominated by six developing countries in Africa, Asia and Latin America 

and the Caribbean. The general trend resembles the trend in cluster 1, but the 

differences are the value in the beginning period is lower and the trend slightly 

increases at the end of the period. There are six countries in cluster 7 and all of 

them are developing countries. An upward trend up to 2007 and then slowly 

decreases but still higher then the initial value in the beginning of the sample 

period characterize these countries. Cluster 8 presents five high-income and 

developed countries in Europe showing generally decreasing trend. 

When we use Bayesian hierarchical clustering, cluster 1 consists of 9 

countries, which is dominated by six high income and developed countries in 

Europe. The trend for cluster 1 is generally decreasing. There are 10 countries 

in cluster 2, which consist of mixed between seven developed countries and 

three developing countries. The trend is a sharp downturn between 2000 and 

2002 then moderately stable afterward. The countries in cluster 3 for previous 

method are the members in this cluster except Singapore. The trend of FDI 

inflows is stable and slightly increasing at the ‘tails’ period. Cluster 4 is the 

largest cluster consisting of 15 countries, which is dominated by eight high 

income and developed countries in Europe. The trend of FDI inflows is positive 

until the year of crisis then literally inverted into negative as a consequence of 

heavily affected by the crisis. However, they slightly recover between 2010 and 

2012 but to continue with a decreasing trend. Cluster 5 consists of nine 

developing countries in Asia, Africa and Latin America, which are dominated 

by four lower-middle income countries. The trend is generally increasing 

through out the sample period. Cluster 4 is formed by four countries, in which 

three countries are developing countries in Africa. It does not present a clear 
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trend in terms of FDI inflows. Cameroon has a peak at 2002, Congo, Rep. and 

Kenya have similar peak at 2007, while Portugal has a peak at 2012. Both 

cluster 7 and cluster 8 are formed by three developing countries but show 

opposite trend. The trend in cluster 7 is generally decreasing with two 

developing countries in Africa have peaks at 2003 and 2007. While in cluster 8, 

three developing countries in Asia and Africa present increasing trend at the 

period between 2000 and 2008 then gradually decreasing until the end of 

sample period. 

4.2 Random forest regression 

We apply the random forest regression to solve equation in Section 3.2 

for each cluster obtained from both of the result of two methods, which are the 

agglomerative hierarchical clustering (AHC) and Bayesian hierarchical 

clustering (BHC). We restrict the tuning parameters ntree and mtry to be the 

same in each cluster to gain estimation precision. Consequently, this restriction 

may affect the performance of random forest regression in each cluster; one 

may perform very well that results in extremely low MSE and others may have 

very high MSE. The tuning parameters are shown in Table 4-2.  

Table 4-2 The best parameters for random forest regression 

AHC BHC 

ntree mtry ntree mtry 

150 14 350 12 

 

Based on Table 4-2, the models do not need a large number of ntree 

parameters out of the maximum ntree used in the trial and errors, 800 and the 

models use almost all the variables to splitting the variables in the bootstrap 

sample. The reason of large number of variable chosen is to accommodate the 

weak regressors to be chosen as the splitting variable. 

The OOB MSE for the regressions for each cluster is presented in Table 

4-3. The OOB MSE for each cluster is varied. We observe that a large number 

of observations in a cluster does not mean the performance is better than a 
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cluster with a fewer number of observations due to the same parameters 

restriction for each cluster. The OOB MSE for the clustering results using 

agglomerative hierarchical clustering is smaller than the one using Bayesian 

hierarchical clustering, which is 15.71. 

Table 4-3 The OOB MSE for random forest regression 

Cluster 
AHC  BHC 

No. Obs MSEOOB  No. Obs MSEOOB 

1 14 9.28  9 3.70 

2 12 2.72  10 0.74 

3 4 51.25  5 34.69 

4 4 1.06  15 39.95 

5 3 7.66  9 0.87 

6 10 50.41  4 44.53 

7 6 0.81  3 1.55 

8 5 2.48  3 3.87 

𝑀𝑆𝐸̅̅ ̅̅ ̅̅
𝑂𝑂𝐵  15.71   16.24 

𝑀𝑆𝐸̅̅ ̅̅ ̅̅
𝑂𝑂𝐵  

No cluster 
16.63 

 

The variable importance for each cluster using agglomerative 

hierarchical clustering can be seen in Appendix 4 Table 4.1. In cluster 1, past 

FDI, internet subscription that proxy infrastructure, political risk such as 

political stability and rule of law are the important regressors for the mixed 

developed and developing countries. The FDI determinants that are important 

for cluster 2 which dominated by the developed countries in Europe are past 

FDI, global GDP, level of income and infrastructure. The variable level of 

income confirms the results from the previous works. The FDI determinants for 

two developing countries and two developed countries in cluster 3 that are 

important in predicting the FDI inflows are past FDI, openness to trade, market 

size, infrastructure and level of income. The important FDI determinants for 

developing countries in Asia and Africa in cluster 4, which is dominated by 

three lower-middle income countries, are past FDI, infrastructure, level of 
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income, openness to trade and inflation. The variable openness to trade and 

infrastructure confirm the results from the previous works. The variable past 

FDI, human capital, infrastructure and market size are important for Brazil, 

Chile and Singapore in cluster 5. The important FDI determinants for cluster 6, 

which is dominated by developing countries in various regions, are past FDI, 

level of income, control of corruption, tax and openness to trade. The important 

FDI determinants for six developing countries in cluster 7 are past FDI, market 

size, rule of law, human capital and openness to trade. The FDI determinants of 

developed countries in cluster 8 that are important are past FDI, market size, 

infrastructure and government effectiveness. The variable past FDI is important 

for all the clusters both developed and developing countries. The highly 

correlated variables that proxy political risk and infrastructure are often 

selected as important variables. The variable global GDP only appears in 

cluster 2, which is dominated by developed countries, but not in a cluster that 

all countries are developed in cluster 8. The variable tax only appears in cluster 

6, which is dominated by developing countries. 

We do random forest regression for all countries without clustering as 

well and compared the MSE between those models. We estimate for the single 

country and take the average of MSE for each country as the overall MSE 

without clustering. The model parameters used are varied for each country. The 

average MSE is 16.63, which is larger than the lowest MSE with clustering. 

Each country has their own variables that are important to predict the 

FDI inflows. Out of 58 sample countries, the past FDI is the most important 

variable for eight countries that mixed developed and developing countries, 

followed by market size for seven countries that most of them are developing 

countries and political stability for five countries that most of them are 

developed countries The rest of FDI determinants are important for less than 

five countries. 

Compared to prediction without clustering, clustering improves the 

prediction errors by 5.85% compared to the model without clustering. The 
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lowest MSE for model with clustering is 15.71 while the one without clustering 

is 16.63. 

4.3 Bayesian Model Averaging(BMA) 

We compare the models using BMA for the same data with clustering 

and without clustering. The tuning parameters used in these models are 

mentioned in Section 3.3.  We use uniform prior for prior model and Zellner’s 

g prior for the prior regression coefficient for each cluster. The MSE for 

prediction for each cluster are presented in Table 4-4. We observe that clusters 

from both AHC and BHC that have high MSE in random forest regression also 

have high MSE when we use BMA model. The average MSE for clusters from 

AHC results is lower than BHC with 0.37 differences. In order to check the 

convergence, Figure 4A-B in Appendix 4 presents the convergence plot 

between analytical and MCMC posterior model probability for BMA model in 

each cluster from both AHC and BHC. The charts presents the best 500 of 

20,000 models retained in the object, ordered by their analytical posterior 

model probability (the red line) and their MCMC iteration counts (the blue 

line). The high correlation indicates a good degree of convergence. 

Table 4-4 The MSE for prediction for each cluster using BMA 

Cluster 
AHC  BHC 

No. Obs MSE  No. Obs MSE 

1 14 8.57  9 6.62 

2 12 3.06  10 2.97 

3 4 52.09  5 40.49 

4 4 0.53  15 28.76 

5 3 4.07  9 1.60 

6 10 60.51  4 49.78 

7 6 2.45  3 1.11 

8 5 1.04  3 3.92 

𝑀𝑆𝐸̅̅ ̅̅ ̅̅   16.54   16.91 

𝑀𝑆𝐸̅̅ ̅̅ ̅̅  
No cluster 28.71 
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As in random forest, BMA “choose” the variables to be included in the 

model in explaining the data, results on posterior inclusion probabilities (PIP). 

The PIP for each cluster using AHC can be seen in Appendix 4 Table 4.2. For 

the mixed developed and developing countries in cluster 1, the past FDI had 

coefficients equal to one, which mean all of posterior model mass rests on 

models that include this variable. The other important variables are openness to 

trade, tax and regulatory quality and government effectiveness that proxy 

political risk. Compared to the important variables in random forest regression, 

past FDI is the common important variable.  The coefficients sign for all those 

variables except tax are positive, i.e all models that include those variables, the 

(expected values of) coefficients for those variables are positive. In cluster 2, 

the top 5 variables with high positive coefficients are past FDI, level of income, 

and internet subscription, while the rest variables have negative coefficients. 

Compared to previous models with random forest, past FDI, level of income, 

market size and mobile subscription are also important variables in regression 

using BMA. The variables past FDI, level of income and global GDP are the 

FDI determinants with positive coefficients while market size and tax have 

negative sign for countries in cluster 3. The negative sign for market size is the 

opposite what has been found in the previous work. For the developing 

countries in Asia and Africa in cluster 4, the variables past FDI, human capital, 

inflation and global GDP have positive sign while openness to trade has 

negative sign. The positive sign for inflation and the negative sign for openness 

to trade are the opposites what have been found in the previous work. The 

variables past FDI, level of income and infrastructure have positive sign while 

openness to trade has negative sign for Brazil, Chile and Singapore in cluster 5. 

For cluster 6 that is dominated by the developing countries, the variables past 

FDI, openness to trade, internet subscription and control of corruption have 

positive sign while mobile subscription has negative sign. The FDI 

determinants for the developing countries in Latin America and the Caribbean 

in cluster 7 are global GDP, past FDI, internet subscription, tax and telephone 

subscription. The coefficients sign for those variables are positive except for 
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tax. The coefficients sign are in line with what have been found in the previous 

works. For five developed countries in Europe in cluster 8, the variables past 

FDI, global GDP, openness to trade and tax have positive sign and level of 

income has negative sign. The variables that proxy infrastructure are selected 

as the important variable in cluster 2, 5, 6 and 7. The variable human capital 

and inflation only appear in cluster 6, which is dominated by developing 

countries. The coefficients sign for several variables, such as inflation, market 

size and openness to trade for particular clusters change according to the 

model.  

The second model using BMA is performed for data without clustering. 

We use the same parameters as before. The average MSE is 28.71, which is 

larger than the MSE with clustering. The important variables are varied for 

each country. Out of 58 sample countries, the past FDI is the important variable 

for 10 countries that mixed developed and developing countries, followed by 

government effectiveness for eight countries that most of them are developing 

countries and openness to trade for five countries that most of them are 

developing countries as well. The rest of FDI determinants are important for 

less than five countries. The clustering improves 70.31% the prediction error 

for the model. Moreover, the random forest model with clustering outperforms 

both BMA-based models. 
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5 Discussion  
In this thesis, we develop a two stage method for predicting FDI by 

coupling clustering methods with random forest regression or BMA. This 

approach is motivated by the very limited number of observations for each 

country which makes it attractive to pool together the data from countries with 

similar time profiles of FDI. A natural approach to produce groups of countries 

with high intra-cluster similarity and low inter-cluster similarity is through 

clustering. We show that the clustering improve the forecasting performance of 

FDI and investigate the determinants of FDI in each cluster. 

We use FDI and FDI determinants data series that are taken from various 

resources. The countries in the sample are selected randomly based on their 

time availability and the proportion of various regions, economy levels and 

categories, such as developed or developing country. Based on the literature-

review, the study of FDI has been performed separately between developed and 

developing country. By doing the analysis for developed and developing 

countries together, we provide the FDI analysis that is more general not solely 

determined by particular economy levels or categories. The FDI determinants 

used in this thesis have been identified in the literature on FDI in both 

developing and developed countries in Asia, Africa, Latin America and Europe.  

The FDI series is pre-processed before performing the clustering analysis. 

The normalization is performed in FDI series into range [0,1] to reduce the big 

difference variances among FDI series and Loess smoothing to reveal the 

underlying trend hinder in the series. The results show that noise has been 

removed from the original series and the smoothed curve fit well the main trend 

in FDI inflows without losing too much information after checking their 

respective residual plots. 

One of the critical steps in the clustering analysis is choosing an 

appropriate clustering method. The hierarchical clustering with both 

agglomerative and Bayesian approaches are chosen as the clustering methods. 

The advantages with this form of clustering are the great visualization power it 

offers and that there is no requirement to provide the number of clusters in the 
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beginning of the investigation. The two hierarchical clustering methods have 

different ways to measure the similarity between observations and have 

different criteria to merge observations. The hierarchical clustering result uses 

DTW as the similarty measure and complete linkage to produce the compact 

and well-separated clusters. Bayesian hierarchical clustering uses the log 

posteriors as similarity measure. The two clustering methods also have 

different way in deciding the optimal number of clusters, which is also the 

crucial step in the clustering analysis. Hierarchical clustering needs other 

methods in deciding number of clusters and there are four methods used in this 

thesis, while Bayesian hierarchical clustering choose the number of clusters 

that maximizes the marginal posterior. The four methods are among the top 

best indices in the previous evaluation study and use different criterion to 

choose the most appropriate number of clusters. These differences result in the 

different clustering results. The hierarchical clustering results look messy in the 

line graphs and the trend is more clear visibly as the number of clusters 

increases. Some of the countries in some clusters do not agree with what one 

would expect a priori. Those countries are clustered together because they were 

considered as similar. Therefore, the choice of similarity measures and the 

linkage method seem to matter, however we do not try different methods to 

confirm this assumption. There is a concern that the normalization and 

smoothing may remove too much information when the FDI series are pre 

processed as the input for the similarity measure and future research should 

explore the effect of these choices. The Bayesian hierarchical clustering results 

look compact and well separated for each cluster, the trend is clearly visible 

even when the number of clusters is small.  

Random forest regression performed very well in this experiments. 

Combined with hierarchical clustering and the number of clusters proposed by 

KL index, random forest regression has the lowest MSE in predicting the FDI 

inflows compared to other clustering methods. Furthermore, there is evidence 

that hierarchical clustering for random forest regression improves the 

prediction performance by 5.85%. The FDI determinants found agree to a large 
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extent with those found in the previous works. The new FDI determinants 

found in this thesis are the variables that proxy for political risks. However, 

those FDI determinants are selected as the important variables may be a result 

of the high correlation between those variables.  

In this analysis, BMA does not perform well in predicting the FDI inflows 

compared to random forest regressions. The main suspects are the choice of 

priors for model prior and the regression coefficient. Moreover, BMA without 

clustering has the worst MSE and clustering countries improves the prediction 

performance for FDI inflows by as much as of 70.31%. The important FDI 

determinants to be included in the model to predict FDI inflows are almost the 

same as the ones by random forests. However some of those variables, such as 

inflation and tax rate, have opposite coefficient signs compared to previous 

literature. These effects may be caused by the collinearity. 
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6 Conclusions  
This thesis presents a new combination approach for predicting the FDI 

inflows. Compared to the conventional approach, the developed approach 

shows many improvements. In particular, the clustering of similar countries 

leads to improved predictive performance. 

Some interesting conclusions can be drawn from the results; such as the 

findings that the general FDI inflows trend in developed countries is decreasing 

while in developing country is increasing; past FDI is an important variable 

that appears in each cluster; human capital and inflation only appear in the 

clusters that are dominated by developing countries. 

Random forest regression combined with hierarchical clustering is the 

best model while BMA without any clustering methods is the worst model in 

predicting FDI inflows. 
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Appendix 1 
Table 1 List of the sample countries 

No. Country 
Developing/

Developed 
Economy Level Region 

1 Algeria Developing Upper Middle Income Africa 

2 Argentina Developing High income Latin America and the Caribbean 

3 Australia Developed High income Others 

4 Austria Developed High income Europe 

5 Bangladesh Developing Lower middle income Asia 

6 Brazil Developing Upper Middle Income Latin America and the Caribbean 

7 Cameroon Developing Lower middle income Africa 

8 Canada Developed High income Others 

9 Chile Developing High income Latin America and the Caribbean 

10 China Developing Upper Middle Income Asia 

11 Colombia Developing Upper Middle Income Latin America and the Caribbean 

12 Congo, Rep. Developing Lower Middle income Africa 

13 Costa Rica Developing Upper Middle Income Latin America and the Caribbean 

14 Czech Republic Developed High income Europe 

15 Denmark Developed High income Europe 

16 
Dominican 

Republic 
Developing Upper Middle Income Latin America and the Caribbean 

17 Estonia Developed High income Europe 

18 Ethiopia Developing Low income Africa 

19 Finland Developed High income Europe 

20 France Developed High income Europe 

21 Gabon Developing Upper Middle Income Africa 

22 Germany Developed High income Europe 

23 Ghana Developing Lower middle income Africa 

24 Greece Developed High income Europe 

25 Hungary Developed High income Europe 

26 Iceland Developed High income Europe 

27 Indonesia Developing Lower middle income Asia 

28 Ireland Developed High income Europe 

29 Italy Developed High income Europe 

30 Jamaica Developing Upper Middle Income Latin America and the Caribbean 

31 Japan Developed High income Asia 

32 Kenya Developing Lower middle income Africa 

33 Korea, Rep. Developed High income Asia 

34 Lao PDR Developing Lower middle income Asia 

35 Madagascar Developing Low income Africa 

36 Malaysia Developing Upper Middle Income Asia 

37 Mexico Developing Upper Middle Income Latin America and the Caribbean 

38 Morocco Developing Lower middle income Africa 

39 Netherlands Developed High income Europe 

40 Nigeria Developing Lower middle income Africa 

41 Norway Developed High income Europe 

42 Oman Developing High income Asia 

43 Pakistan Developing Lower middle income Asia 

44 Peru Developing Upper Middle Income Latin America and the Caribbean 



 

 47 

No. Country 
Developing/

Developed 
Economy Level Region 

45 Philippines Developing Lower middle income Asia 

46 Portugal Developed High income Europe 

47 Singapore Developed High income Asia 

48 Spain Developed High income Europe 

49 Sri Lanka Developing Lower middle income Asia 

50 Sudan Developing Lower middle income Africa 

51 Sweden Developed High income Europe 

52 Switzerland Developed High income Europe 

53 Tanzania Developing Low income Africa 

54 Uganda Developing Low income Africa 

55 
United 

Kingdom 
Developed High income Europe 

56 United States Developed High income Others 

57 Uruguay Developing High income Latin America and the Caribbean 

58 Vietnam Developing Lower middle income Asia 

Source : The World Bank and Wikipedia
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Appendix 2 
Correlation Table 

 FDI Market 

Size  

 

Income  Open 

trade  

Economy 

stability  

Teleph

one 

subscri

ption  

Internet 

subscri

ption 

Mobile 

subscri

ption 

Control 

of 

Corrupt

ion 

Gov. 

effectiv

eness 

Political 

stability 

Regulat

ory 

Quality 

Rule of 

law 

Corp

orate 

Tax 

Human 

Capital 

Global 

GDP 

FDI 1                

Market Size  -0.123 1               

Income  0.192 0.644 1              

Open Trade 0.673 -0.129 0.240 1             

Economy 

stability  -0.121 -0.558 -0.717 -0.228 1            

Telephone 

subscription  0.130 0.672 0.908 0.162 -0.613 1           

Internet 

subscription 0.203 0.610 0.911 0.259 -0.628 0.919 1          

Mobile 

subscription 0.231 0.470 0.890 0.385 -0.644 0.762 0.800 1         

Control of 

Corruption 0.277 0.523 0.872 0.282 -0.591 0.877 0.927 0.751 1        

Gov. 

effectiveness 0.209 0.610 0.896 0.297 -0.637 0.901 0.952 0.792 0.971 1       

Political 

stability 0.286 0.332 0.820 0.363 -0.578 0.771 0.809 0.792 0.842 0.835 1      

Regulatory 

Quality 0.266 0.568 0.884 0.298 -0.644 0.863 0.912 0.801 0.941 0.961 0.814 1     

Rule of law 0.213 0.537 0.885 0.276 -0.632 0.890 0.928 0.788 0.971 0.977 0.867 0.959 1    

Corporate Tax -0.348 0.172 -0.211 -0.489 0.061 -0.154 -0.235 -0.310 -0.309 -0.290 -0.352 -0.333 -0.336 1   

Human 

Capital -0.043 0.408 0.598 0.151 -0.402 0.604 0.597 0.526 0.598 0.638 0.522 0.608 0.645 -0.066 1  

Global GDP 0.148 -0.594 -0.302 0.205 0.257 -0.356 -0.294 -0.105 -0.245 -0.289 -0.148 -0.256 -0.263 -0.353 -0.326 1 
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Appendix 3 
Table 3.1  The cluster assignment for number of clusters = 8 and the method of clustering = agglomerative hierarchical clustering 

Clu

ster 

Country Avg 

FDI 

Avg 

Market 

Size 

Avg 

Openness 

to Trade 

Avg 

Internet 

Users 

Avg 

Control of 

Corruption 

Avg 

Corpora

te Tax 

Region Categories Time-series clusters 

1 Algeria 1.25 25.38 66.73 8.66 -0.61 24.60 Africa Developing 

 

 Austria 4.42 26.50 95.62 62.62 1.83 28.00 Europe Developed 

 China 3.52 28.66 50.05 21.27 -0.50 29.27 Asia Developing 

 Dominican 

Republic 
3.93 24.38 66.07 22.02 -0.56 26.33 

Latin 

America 
Developing 

 Estonia 9.33 23.34 140.93 61.80 0.79 23.07 Europe Developed 

 Hungary 10.02 25.41 146.62 46.82 0.36 18.29 Europe Developed 

 Iceland 4.51 23.56 85.12 84.68 1.97 19.73 Others Developed 

 Japan 0.18 29.15 27.10 67.09 1.19 40.43 Asia Developed 

 Nigeria 2.74 25.52 56.58 14.66 -1.10 30.00 Africa Developing 

 Norway 2.92 26.47 70.11 83.44 1.97 27.93 Europe Developed 

 Pakistan 1.38 25.47 32.45 6.81 -0.73 35.43 Asia Developing 

 Sri Lanka 1.28 24.06 66.71 8.08 -0.27 33.27 Asia Developing 

 Sudan 4.14 24.11 34.03 9.37 -1.09 30.67 Africa Developing 

 United 

Kingdom 
4.02 28.51 56.77 70.83 1.79 28.00 Europe Developed 

  3.83 25.75 71.06 40.58 0.36 28.22    

2 
Argentina 1.93 26.23 32.79 30.58 -0.45 35.00 

Latin 

America 
Developing 

 

 Canada 3.36 27.80 68.00 73.12 2.00 32.29 Others Developed 

 Ethiopia 2.37 23.47 42.96 0.69 -0.58 30.00 Africa Developing 

 Finland 3.15 26.05 76.24 75.66 2.17 27.07 Europe Developed 

 Italy 0.96 28.23 51.75 42.14 0.18 35.27 Europe Developed 

 
Jamaica 5.17 23.13 88.73 20.37 -0.41 32.22 

Latin 

America 
Developing 

 Korea, Rep 0.93 27.60 83.65 74.17 0.50 26.83 Asia Developed 

 Mexico 2.67 27.54 57.31 23.50 -0.31 31.00 Latin Developing 
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America 

 Philippines 1.35 25.46 83.81 14.55 -0.58 31.80 Asia Developing  

 Spain 3.36 27.77 56.25 50.83 0.98 32.50 Europe Developed 

 Switzerland 4.09 26.78 108.30 73.84 1.92 19.89 Europe Developed 

 United 

States 
1.56 30.21 26.77 68.44 1.47 39.24 Others Developed 

  2.57 26.68 64.71 45.66 0.57 31.09   

3 Australia 3.25 27.32 41.23 67.27 1.97 30.33 Others Developed 

 

 Ireland 16.76 26.07 171.17 53.87 1.59 13.87 Europe Developed 

 Malaysia 3.20 25.78 180.51 49.53 0.18 26.60 Asia Developing 

 Tanzania 3.91 23.66 45.22 1.98 -0.57 30.00 Africa Developing 

  6.78 25.71 109.53 43.16 0.79 25.20   

4 Bangladesh 0.85 25.09 37.61 2.59 -1.11 30.00 Asia Developing 

 

 Gabon 3.04 23.01 87.24 5.47 -0.62 35.00 Africa Developing 

 Ghana 5.16 23.25 87.74 5.39 -0.22 25.00 Africa Developing 

 Indonesia 1.11 26.50 55.78 7.26 -0.60 28.80 Asia Developing 

  2.54 24.46 67.09 5.17 -0.64 29.70   

5 
Brazil 2.94 27.60 25.76 29.70 -0.05 34.20 

Latin 

America 
Developing 

 

 
Chile 6.97 25.62 68.21 39.29 1.45 17.23 

Latin 

America 
Developing 

 Singapore 17.32 25.69 382.71 63.03 1.99 20.07 Asia Developed 

  9.08 26.30 158.89 44.01 1.13 23.83   

6 Cameroon 1.81 23.60 44.33 3.23 -1.06 38.50 Africa Developing 

 

 
Colombia 3.60 25.81 36.03 24.00 -0.28 32.93 

Latin 

America 
Developing 

 Congo, 

Rep. 
14.68 22.62 137.10 3.15 -1.05 39.33 Africa Developing 

 Greece 0.80 26.17 55.71 34.73 0.06 28.97 Europe Developed 

 Kenya 0.56 23.76 55.44 13.46 -0.78 30.00 Africa Developing 

 Madagascar 5.63 22.40 70.06 1.29 -0.28 26.67 Africa Developing 

 Netherlands 24.03 27.27 131.89 78.48 2.11 29.20 Europe Developed 
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Table 3.2  The cluster assignment for number of clusters = 8 and the method of clustering = Bayesian hierarchical clustering 

 Oman 2.29 24.30 95.50 25.95 0.27 12.00 Asia Developing 

 Portugal 4.14 26.00 68.34 41.23 0.95 27.77 Europe Developed 

  Vietnam 5.22 24.89 138.18 20.90 -0.57 27.70 Asia Developing 

  6.28 24.68 83.26 24.64 -0.06 29.31   

7 
Costa Rica 4.90 23.81 89.29 29.14 0.41 30.00 

Latin 

America 
Developing 

 

 Lao PDR 3.30 21.90 77.50 4.53 -1.08 33.07 Asia Developing 

 Morocco 2.33 24.91 72.64 27.77 -0.14 32.00 Africa Developing 

 
Peru 4.07 25.19 46.00 23.91 -0.23 29.67 

Latin 

America 
Developing 

 Uganda 4.20 23.09 44.06 6.78 -0.87 30.00 Africa Developing 

 
Uruguay 4.43 23.71 52.23 33.47 0.99 28.07 

Latin 

America 
Developing 

  3.87 23.77 63.62 20.93 -0.15 30.47   

8 Czech 

Republic 
4.96 25.66 122.98 49.82 0.25 24.13 Europe Developed 

 

 Denmark 2.60 26.29 93.02 79.42 2.36 27.20 Europe Developed 

 France 2.22 28.43 54.85 56.43 1.36 34.33 Europe Developed 

 Germany 2.20 28.72 73.98 68.02 1.67 35.09 Europe Developed 

 Sweden 3.70 26.71 84.54 81.99 2.19 26.75 Europe Developed 

  5.38 24.34 75.89 23.25 -0.10 29.74   

Clu

ster 

Country Avg 

FDI 

Avg 

Market 

Size 

Avg 

Openness 

to Trade 

Avg 

Internet 

Users 

Avg 

Control of 

Corruption 

Avg 

Corporate 

Tax 

Region Categories Time-series clusters 

1 Algeria 1.25 25.38 66.73 8.66 -0.61 24.60 Africa Developing 

 

 Finland 3.15 26.05 76.24 75.66 2.17 27.07 Europe Developed 

 France 2.22 28.43 54.85 56.43 1.36 34.33 Europe Developed 

 Italy 0.96 28.23 51.75 42.14 0.18 35.27 Europe Developed 

 Jamaica 5.17 23.13 88.73 20.37 -0.41 32.22 Latin Developing 
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America 

 Japan 0.18 29.15 27.10 67.09 1.19 40.43 Asia Developed 

 Nigeria 2.74 25.52 56.58 14.66 -1.10 30.00 Africa Developing  

 Sweden 3.70 26.71 84.54 81.99 2.19 26.75 Europe Developed 

 Switzerland 4.09 26.78 108.30 73.84 1.92 19.89 Europe Developed 

  2.61 26.60 68.31 49.98 0.76 30.06   

2 

 Argentina 1.93 26.23 32.79 30.58 -0.45 35.00 

Latin 

America Developing 

 

 

Brazil 2.94 27.60 25.76 29.70 -0.05 34.20 

Latin 

America Developing 

 Canada 3.36 27.80 68.00 73.12 2.00 32.29 Others Developed 

 Czech 

Republic 4.96 25.66 122.98 49.82 0.25 24.13 Europe Developed 

 Denmark 2.60 26.29 93.02 79.42 2.36 27.20 Europe Developed 

 Germany 2.20 28.72 73.98 68.02 1.67 35.09 Europe Developed 

 Korea, Rep. 0.93 27.60 83.65 74.17 0.50 26.83 Asia Developed 

 Philippines 1.35 25.46 83.81 14.55 -0.58 31.80 Asia Developing 

 Spain 3.36 27.77 56.25 50.83 0.98 32.50 Europe Developed 

 United 

States 1.56 30.21 26.77 68.44 1.47 39.24 Others Developed 

  2.52 27.33 66.70 53.86 0.81 31.83   

3 Australia 3.25 27.32 41.23 67.27 1.97 30.33 Others Developed 

 

 Ireland 16.76 26.07 171.17 53.87 1.59 13.87 Europe Developed 

 Malaysia 3.20 25.78 180.51 49.53 0.18 26.60 Asia Developing 

 Singapore 17.32 25.69 382.71 63.03 1.99 20.07 Asia Developed 

 Tanzania 3.91 23.66 45.22 1.98 -0.57 30.00 Africa Developing 

  8.89 25.70 164.17 47.13 1.03 24.17   

4 Austria 4.42 26.50 95.62 62.62 1.83 28.00 Europe Developed 

 

 China 3.52 28.66 50.05 21.27 -0.50 29.27 Asia Developing 

 

Colombia 3.60 25.81 36.03 24.00 -0.28 32.93 

Latin 

America Developing 

 Dominican 3.93 24.38 66.07 22.02 -0.56 26.33 Latin Developing 
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Republic America 

 Estonia 9.33 23.34 140.93 61.80 0.79 23.07 Europe Developed 

 Greece 0.80 26.17 55.71 34.73 0.06 28.97 Europe Developed  

 Hungary 10.02 25.41 146.62 46.82 0.36 18.29 Europe Developed 

 Iceland 4.51 23.56 85.12 84.68 1.97 19.73 Others Developed 

 Netherlands 24.03 27.27 131.89 78.48 2.11 29.20 Europe Developed 

 Norway 2.92 26.47 70.11 83.44 1.97 27.93 Europe Developed 

 Oman 2.29 24.30 95.50 25.95 0.27 12.00 Asia Developing 

 Pakistan 1.38 25.47 32.45 6.81 -0.73 35.43 Asia Developing 

 Sri Lanka 1.28 24.06 66.71 8.08 -0.27 33.27 Asia Developing 

 Uganda 4.20 23.09 44.06 6.78 -0.87 30.00 Africa Developing 

 United 

Kingdom 4.02 28.51 56.77 70.83 1.79 28.00 Europe Developed 

  5.35 25.53 78.24 42.55 0.53 26.83   

5 Bangladesh 0.85 25.09 37.61 2.59 -1.11 30.00 Asia Developing 

 

 

Chile 6.97 25.62 68.21 39.29 1.45 17.23 

Latin 

America Developing 

 

Costa Rica 4.90 23.81 89.29 29.14 0.41 30.00 

Latin 

America Developing 

 Gabon 3.04 23.01 87.24 5.47 -0.62 35.00 Africa Developing 

 Ghana 5.16 23.25 87.74 5.39 -0.22 25.00 Africa Developing 

 Indonesia 1.11 26.50 55.78 7.26 -0.60 28.80 Asia Developing 

 Morocco 2.33 24.91 72.64 27.77 -0.14 32.00 Africa Developing 

 

Peru 4.07 25.19 46.00 23.91 -0.23 29.67 

Latin 

America Developing 

 

Uruguay 4.43 23.71 52.23 33.47 0.99 28.07 

Latin 

America Developing 

  3.65 24.57 66.30 19.37 -0.01 28.42   

6 Cameroon 1.81 23.60 44.33 3.23 -1.06 38.50 Africa Developing 

 

 Congo, 

Rep. 14.68 22.62 137.10 3.15 -1.05 39.33 Africa Developing 

 Kenya 0.56 23.76 55.44 13.46 -0.78 30.00 Africa Developing 
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 Portugal 4.14 26.00 68.34 41.23 0.95 27.77 Europe Developed 

  5.30 24.00 76.30 15.27 -0.49 33.90   

           

7 Ethiopia 2.37 23.47 42.96 0.69 -0.58 30.00 Africa Developing 

 

 

Mexico 2.67 27.54 57.31 23.50 -0.31 31.00 

Latin 

America Developing 

 Sudan 4.14 24.11 34.03 9.37 -1.09 30.67 Africa Developing 

  3.06 25.04 44.77 11.19 -0.66 30.56   

8 Lao PDR 3.30 21.90 77.50 4.53 -1.08 33.07 Asia Developing 

 

 Madagascar 5.63 22.40 70.06 1.29 -0.28 26.67 Africa Developing 

 Vietnam 5.22 24.89 138.18 20.90 -0.57 27.70 Asia Developing 

  4.72 23.06 95.25 8.91 -0.64 29.14   
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Appendix 4 
Table 4.1 The variable importance 

Variable name 

Percentage 

increase in 

MSE 

Variable name 

Percentage 

increase in 

MSE 

Variable name 

Percentage 

increase in 

MSE 

Variable name 

Percentage 

increase in 

MSE 

Cluster 1  Cluster 2  Cluster 3  Cluster 4  

Past_FDI 14.85 Past_FDI 12.59 Past_FDI 17.45 Past_FDI 16.42 

Political stability 4.54 Global GDP 9.24 Openness to trade 6.93 Telephone 

subscription 

6.27 

Internet subscription 4.16 Mobile subscription 8.98 Market size 6.58 Level of income   5.78 

Market size 4.14 Level of income 8.81 Internet 

subscription 

5.93 Openness to trade   4.94 

Rule of law 3.98 Market size 7.25 Level of income 5.81 Inflation   4.79 

Variable name 

Percentage 

increase in 

MSE 

Variable name 

Percentage 

increase in 

MSE 

Variable name 

Percentage 

increase in 

MSE 

Variable name 

Percentage 

increase in 

MSE 

Cluster 5  Cluster 6  Cluster 7  Cluster 8  

Past_FDI 18.68 Past_FDI 17.39 Past_FDI 10.58 Past_FDI 16.07 

Human capital 8.66 Level of income 6.67 Market size 8.88 Market size 5.98 

Internet subscription 8.59 Control of 

corruption 

5.46 Rule of law 7.41 Internet 

subscription 

5.57 

Mobile subscription 7.24 Tax 4.89 Human capital 7.38 Government 

effectiveness 

5.47 

Market size 6.32 Openness to trade 4.67 Openness to trade 6.66 Telephone 

subscription 

5.17 
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Figure 4A The convergence plots for each cluster from AHC 
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Figure 4B The convergence plots for each cluster from BHC 
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Table 4.2 The posterior inclusion probabilities 

Variable name PIP Variable name PIP Variable name PIP Variable name PIP 

Cluster 1  Cluster 2  Cluster 3  Cluster 4  

Past_FDI 1.0000 Past_FDI 0.9693 Market size 0.9968 Past_FDI 1.0000 

Openness to trade 0.9118 Market size 0.9261 Past_FDI 0.9776 Human capital 0.6391 

Tax 0.0970 Level of income 0.6101 Level of income 0.9631 Inflation 0.3968 

Regulatory Quality 0.0791 Mobile subscription 0.5019 Tax 0.3632 Openness to trade 0.3447 

Government 

effectiveness 

0.0634 Internet subscription 0.3145 Global GDP 0.28475 Global GDP 0.2835 

Variable name PIP Variable name PIP Variable name PIP Variable name PIP 

Cluster 5  Cluster 6  Cluster 7  Cluster 8  

Past_FDI 0.9049 Past_FDI 1.0000 Global GDP 0.9971 Past_FDI 1.0000 

Level of income 0.1618 Openness to trade 0.8420 Past_FDI 0.7083 Global GDP 0.7742 

Openness to trade 0.1178 Internet subscription 0.6260 Internet 

subscription 

0.6613 Openness to trade 0.5407 

Telephone subscription 0.0973 Control of 

corruption 

0.2017 Tax 0.6385 Level of income 0.3592 

Internet subscription 0.0811 Mobile subscription 0.1693 Telephone 

subscription 

0.3447 Tax 0.2512 
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Appendix 5 
Figure 1A The clustering results with an agglomerative hierarchical clustering and the number of clusters equal to 3 
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Figure 1B The clustering results with an agglomerative hierarchical clustering and the number of clusters equal to 4 
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Figure 1C The clustering results with an agglomerative hierarchical clustering and the number of clusters equal to 6 
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Figure 1D The clustering results with an agglomerative hierarchical clustering and the number of clusters equal to 8  
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Appendix 6 

Figure 1E The clustering results with Bayesian hierarchical clustering and the number of clusters equal to 4 
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Figure 1F The clustering results with Bayesian hierarchical clustering and the number of clusters equal to 8 
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