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Abstract

This thesis studies the possible causal relationships among foreign direct in-

vestment (FDI), oil and gas prices, and gross domestic product (GDP) growth

in 3 different groups of countries for the period of 1971-2021. Many unsuc-

cessful countries in the world cannot efficiently attract their resources for

economic growth. Sometimes resource-rich countries cannot maximize the

benefits of the trade of natural sources. For example, many oil-dependent

countries still fail to diversify their economy, and state incomes fluctuate as

oil prices change. Moreover, in this thesis, some developed and successful

developing countries are studied in order to compare their experience with

resource-dependent countries. The effects of oil/gas prices on GDP and FDI,

also the relationship between GDP and FDI are studied in selected 5 resource-

dependent countries, 5 developed countries, and 5 developing countries using

the Granger causality test and vector autoregressive (VAR) model. In gen-

eral, this thesis asserts that an increase in commodity prices can negatively

affect resource-dependent countries.

CERCS research specialisation: P160 Statistics, operations research, pro-

gramming, financial and actuarial mathematics.
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ARENGUMAADE JA RESSURSSIDEST SÕLTUVATES RIIKIDES

Magistritöö

Ali Hasanov

Lühikokkuvõte

See lõputöö uurib võimalikke põhjuslikke seoseid välismaiste otseinvesteeringute

(FDI), naftahinna ja sisemajanduse koguprodukti (SKP) kasvu vahel kolmes

erinevas riikide rühmas ajavahemikul 1971-2021. Maailmas on palju ressur-

sirikkaid riike, kes ei suuda oma ressursse majanduskasvuks tõhusalt kaasata.

Mõnikord ei suuda ressursirikkad riigid looduslike allikatega kauplemisest

saadavat kasu maksimeerida. Näiteks ei suuda paljud naftast sõltuvad ri-

igid endiselt oma majandust mitmekesistada ja riigi sissetulekud kõiguvad

naftahinna muutudes. Lisaks uuritakse selles lõputöös mõningaid arenenud

ja edukaid arengumaid, et võrrelda nende kogemusi ressurssidest sõltuvate ri-

ikidega. Nafta/gaasi hindade mõju SKT-le ja välismaistele otseinvesteeringutele,

samuti SKT ja välismaiste otseinvesteeringute vahelist seost uuritakse vali-

tud 5 ressursist sõltuvas riigis, 5 arenenud riigis ja 5 arenguriigis, kasutades

Grangeri põhjuslikkuse testi ja vektorautoregressiivset (VAR) mudelit. Üld-

iselt kinnitab see väitekiri, et toormehindade tõus võib ressurssidest sõltuvaid

riike negatiivselt mõjutada.

CERCS teaduseriala: P160 Statistika, operatsioonianalüüs, programmeer-

imine, finants- ja kindlustusmatemaatika.

Märksõnad: SKT, Grangeri põhjuslikkus, välismaised otseinvesteeringud,

aegridade analüüs, VAR.
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Introduction

As many studies show, FDI causes economic growth. However, some studies argue

with this idea. In this thesis, it will be analyzed for the selected five developed

and ten developing countries whether FDI causes GDP growth or not. Using the

time series models like VAR, it is shown how FDI, oil/gas price and GDP are

interrelated. Also, the results of the resource-dependent countries will be derived

and compared with the successful economies.

One of the aims of this thesis is to study whether there is a strong link between oil

prices and GDP. If yes, then oil dependency transfers commodity market volatility

to the economy which can lead to economic difficulties. Also, we should understand

whether there is a negative link between oil prices and FDI or not. If FDI causes

economic growth and higher oil prices decrease the incentive for the FDI inflow-

targeted economic strategy in oil-dependent countries, then one can assert that

higher oil prices slow down economic growth. This is important to know that in

the short-run higher oil prices could bring higher revenues and result in an increase

in GDP growth rate. However, it should be proved that higher oil prices could

lead to destructive results in resource-dependent countries in the long run. From a

macroeconomic perspective, the short run can be up to two years, while the long

run can be more than 5 years. Thus, using the time series models and relevant

tests, the causality between oil/gas price and FDI, oil/gas price and GDP, FDI,

and GDP will be studied. The thesis consists of three chapters. The first chapter

is a literature review. This part collects literature about the factors affecting GDP

and the applied methods. This is a summary of the previous studies on the topic.

In the second chapter, the general theoretical background will be developed. As it

is planned to use the VAR model, Granger causality, and the stationarity tests, in

the second chapter these terms are discussed in more detail. The last chapter is

devoted to the explanation of the datasets and empirical analysis. The last part of

the third chapter shows the results of the empirical analysis.
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1 Literature about relationship of FDI, GDP,

oil and gas prices

There are many views that assert that FDI is important for GDP growth. In ad-

dition, there are studies proving the impact of oil and gas prices on economic

growth. Mello in his study argues that FDI can cause economic growth in develop-

ing countries (De Mello Jr., 1997). This study surveys the literature about FDI and

economic growth patterns. Mello’s study in general refers to the Granger causality

test equation that includes FDI inflow and GDP growth rate. Based on Mello’s own

work Granger causality test was conducted by using the data from Brazil, Mexico,

Venezuela, Chile and Colombia for 1970-91. The findings show that both directions

of the causality depend on the trade regime (import substitution, export promo-

tion, etc.), economic openness and domestic policy variables. The study also refers

to Kholdy’s study about the causality between foreign investment and spillover

efficiency. The term spillover efficiency means that FDI inflow could result in in-

direct benefits for the economy. It includes high technologies that are transferred

from foreign companies to local ones. Here the paper re-examines the relationship

between foreign direct investment and technological efficiency in Mexico, Brazil,

Chile, Singapore and Zambia using Granger Causality tests and VAR model based

on the annual data from 1970 to 1990 (Kholdy, 1995). Thus, based on Kholdy’s

study, Mello concludes that FDI-related growth depends on factor endowments, in-

ternal markets and advanced technology. In general, Mello’s study concludes that

FDI-related growth happens because of technological development, and then FDI

will result in higher economic growth in technologically less developed countries

(De Mello Jr., 1997).

Also, a better environment for investment in a country is essential for FDI-related

economic growth. This idea is visible in the work about Croatia. The study tries to

explain how FDI inflow influences economic growth and competitiveness in Croa-

tia. Quarterly FDI inflows, exports, employment and real GDP data for the period
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of 2002-2017 are used for the study. Logarithmic transformation, VAR model and

Granger causality test are applied. The VAR model is constructed for the research

where exogenous recession dummy variable, FDI inflow, exports (EXP), employ-

ment (EMP) and GDP are included. Based on the VAR model, while FDI inflow is

a dependent variable, recession and employment level are statistically significant.

While GDP is the dependent variable, again recession and employment level are

statistically significant. GDP as an independent variable is statistically significant

for export. In the case of the FDI and GDP, there is no strong relationship for the

Croatian case. The study concludes that country-specific barriers slowed economic

growth, despite the high investment (Skare and Cvek, 2020).

Mugableh also conducted a study examining the connections between foreign di-

rect investment (FDI) inflows and various factors that influence them, such as the

money supply, inflation, exchange rates, gross domestic product, and trade. This

paper studies relationships between FDI inflows (as % of GDP) and their deter-

minants for the period of 1977-2012 (annual data) in Malaysia. The cointegration

test is conducted to study the cointegrated relationship among variables. The data

are cointegrated. The unconditional error correction equation is modeled for the

test purposes. In other words, the autoregressive distributed lag (ARDL) approach

is used (a form of UECM). According to the study, this approach has the benefit

that it could take differently integrated variables into account. A general equation

in this study is as follows:

∆FDIt = β0 + β1FDIt−1 + β2LCPIt−1 + β3ERt−1 + β4LGDPt−1 + β5LM3t−1

+β6LTt−1 +
h∑

a=1

λ1∆FDIt−a +
h∑

b=0

λ2∆LCPIt−b +
h∑

c=0

λ3∆ERt−c

+
h∑

d=0

λ4∆LGDPt−d +
h∑

e=0

λ5∆LM3t−e +
h∑

f=0

λ6∆LTt−f + ϵt.

6



β0 denotes an intercept, βi i = 1, 2, ...6 are coefficients of lagged values of vari-

ables, where βi = 0, i = 1, 2, ...6 means that there is no cointegration. LCPI is

the natural logarithm of the consumer price index, ER stands for the exchange

rate, LGDP is the natural logarithm of GDP, LM3 is the natural logarithm of M3

(broad) money supply and LT is the natural logarithm of trade. The white noise

term is denoted with ϵt. Coefficient vectors λi, i = 1, 2, ...6 represents the short-run

coefficients of FDI inflows, logarithm of CPI, exchange rate, logarithm of GDP,

logarithm of M3 and logarithm of trade. Also, h denotes the maximum lag length

obtained based on AIC. The maximum lag order is equal to 1, 2, 2, 2, 0, and 0

respectively for the ∆FDI, ∆LCPI, ∆ER, ∆LGDP , ∆LM3, and ∆LT . Vari-

ables ∆LTt, ∆LM3t, ∆FDIt−1, and ∆LCPIt are statistically insignificant, while

LCPIt−1, ERt−1, LGDPt−1, LM3t−1, and LTt−1 are statistically significant with

significance level 5%, 10%, 5%, 1% and 1% respectively. Variables ∆LCPIt−1,

∆LCPIt−2, ∆ERt, ∆ERt−1, ∆ERt−2, ∆LGDPt, ∆LGDPt−1, ∆LGDPt−2 are

also statistically significant. Mugableh in his study concludes that exchange rates,

gross domestic product, broadest money supply, and trade increase the flows of

FDI into Malaysia. However, increases in the consumer price index decline FDI

inflows (De Mello Jr., 1997).

In the case of China, FDI has a positive impact on domestic investment. Tang, E.

Selvanathan and S. Selvanathan’s study examined the causal link between foreign

direct investment (FDI inflow), domestic investment (DI) and economic growth (as

GDP) in China for the period 1988-2003 in local currency. The study uses quar-

terly data. The test for Granger causality and cointegration are applied, and the

error correction model is constructed. The Johansen cointegration test shows that

there is cointegrated relation among the three variables. According to the Granger

causality test, the effects of FDI inflow and GDP on DI, also the effects of FDI

inflow and DI on GDP are statistically significant. However, the effects of DI and

GDP on FDI inflow are not statistically significant. The study about China shows
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that there is one-directional causality from FDI inflow to DI and from FDI inflow

to GDP, while the causal relationship between GDP and DI is bi-directional (Tang,

Selvanathan, and Selvanathan, 2008).

Nevertheless, as mentioned in previous studies foreign investment should be sup-

ported by local regulations. In the case of resource-rich countries, some studies

show that oil prices affect economic growth. The study of Jahangir and Dural uses

the ordinary least square (OLS) regression method and the Granger causality test.

The applied data is time series data from 1997 to 2015 (annually) for the Caspian

Sea region (Azerbaijan, Iran, Kazakhstan, Russia, and Turkmenistan) to research

the impact and causality of crude oil and natural gas on economic growth. The

following form of formula is used for the Granger causality test:

Xt =

p∑
i=1

αiXt−i +

p∑
i=1

βiYt−i + ϵt,

Yt =

p∑
i=1

γiYt−i +

p∑
i=1

ϕiXt−i + υt.

In the equation, ϵ and υ are the serially correlated random vectors with zero mean

and finite variance. X, Y pairs are chosen as (GDP, crude oil reserve), (GDP, crude

oil export), (GDP, crude oil production), (GDP, crude oil price), (GDP, natural gas

reserve), (GDP, natural gas export), (GDP, natural gas production), and (GDP,

natural gas price). According to the OLS method except for crude oil price (COP)

and natural gas production (NGPRO), all independent variables (taking GDP as a

dependent variable) are statistically insignificant. However, the Granger causality

test shows that there is bi-directional causality between oil prices and GDP. Natu-

ral gas prices Granger causes to GDP. Here one-directional causality from natural

gas price is observed. In addition, GDP causes oil export, while natural gas export

Granger causes the GDP. The lags selected for the Granger causality test are 2 in

the GDP-oil price and GDP-oil export pair, 3 in the GDP-gas price pair, and 5

in the GDP-gas export pair. The study of Jahangir and Dural concludes that oil
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and natural gas prices have an impact on the economic growth, in the Caspian Sea

region. While in the case of oil price, this impact is positive, in the case of natural

gas prices the impact can be negative (Jahangir and Dural, 2018).

There is another research about the effects of oil prices. Udemba asserts that there

is unidirectional causality between real oil price and trade (export + import as %

of GDP), FDI inflow and GDP, GDP and trade in Nigeria (Udemba, 2019). The

duration of the research data is from 1970 to 2018 (annually). In research, Granger

causality test based on VARX model is used. Oil price is held as an exogenous

variable because it is determined exogenously in international commodity markets.

Logarithmic transformation for endogenous variables is applied. Granger causality

test shows that unidirectional causalities between FDI and GDP, GDP and trade,

oil price and trade are statistically significant (Udemba, 2019).

In Ghana, oil price is one of the important factors for economic growth. Mensah’s

research uses annual time series data for the period 1980–2013 for the analysis

of the effects of oil prices (OILP) on exchange rate (EXR), energy consumption

(ENGC) and GDP of Ghana. After conducting Johansen cointegration test, the

null hypothesis is rejected. In other words, there is cointegration among variables.

The study employs VEC model and conducts Granger causality test. All variables

in the model are logarithmically transformed. When we assume logarithm of GDP

as a dependent variable, then all independent variables are statistically significant.

The study proves that there is long-term and short-term Granger causality from

oil price to economic growth and from exchange rate to GDP. Furthermore, there

are Granger causality from energy consumption to real exchange rate and from oil

price and GDP to energy consumption. According to the study, an increase in oil

price leads to an increase in the exchange rate, which can lead to the macroeco-

nomic phenomenon that is called ‘Dutch disease’ (Mensah et al., 2016). A ‘Dutch

disease’ occurs when high dependency on one economic sector negatively affects

the development of other sectors. When oil price increases and causes to increase

in exchange rate, a country loses its competitiveness in the international market
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and becomes reluctant to develop other sectors except the energy sector. According

to the impulse-response function, the study also mentions that a positive shock in

oil price negatively affects GDP.

The relationship between FDI and GDP for Qatar is examined too. The objective

of this investigation is to examine the relationship between foreign direct invest-

ment inflows, as a percentage of GDP and economic development, as indicated by

the growth rate of real Gross Domestic Product (GDP) in Qatar. The study utilizes

data collected on an annual basis from 1970 to 2010 to determine if there is a causal

link between the two variables. Johansen cointegration test shows that there is coin-

tegrated relation. The linear regression equations are used to test causality. The

Granger causality test indicates there are both short and long-run bi-directional

causality between FDI inflows and GDP growth. It is concluded that in the short

run government spending stimulates the FDI inflow and in the long run, FDI in-

creases the GDP in the case of Qatar (Alkhasawneh, 2013).

Chakraborty and Sintim-Aboagye’s study is important for understanding the country-

specific results of FDI and GDP. In the study, the authors used the data set of

annual FDI net inflows (fdi) and GDP growth rates of the 22 emerging countries.

The time period for the data set spans 1960 through 2016. All 22 countries were

categorized as high central bank independence (10 countries) and low central bank

independence (12 countries) groups. VEC model is preferred, because according

to the cointegration test, the variables are cointegrated. The causality test shows

that there is bidirectional causality between FDI inflows and GDP growth in a

long run, but not in the short run. In general, the study shows countries with a

high level of central bank independence (cbi) can reach to macroeconomic stability

and show a strong bidirectional causal link between FDI and GDP. However, in

countries with low cbi rates, this casual relation is one-directional (from GDP to

FDI) (Sintim-Aboagye and Chakraborty, 2021).

M. Simionescu’s study of FDI and GDP growth also reveals the bidirectional causal-

ity between both variables. The annual data is taken from 28 EU countries and
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covers the period 2008-2014. Using the Bayesian random effect, Bayesian linear re-

gression and panel VAR model the study concludes that in many EU countries real

GDP growth rate positively affect FDI inflows (as % of GDP) and vice versa. No

transformation for variables is considered in this study (Simionescu, 2016). Unlike

the Simionescu’s study, the research about the factors affecting the FDI of Ghana

uses logarithmic transformation for FDI stock and real GDP. The analysis of the

data in the study was conducted using Johansen’s technique for cointegration and

vector error correction model. The variables are cointegrated. The time span for

research data is from 1990 to 2015 and frequency is quarterly. Based on this study,

the impact of inflation rate, exchange rate, and interest rate on FDI in Ghana was

negative and statistically significant in both the long and short terms. On the other

hand, gross domestic product, electricity production, and telephone usage had a

positive effect on FDI (Asiamah and Afful, 2019).

Another study with panel VAR model was conducted to capture the effect of GDP

per capita growth, economic openness and FDI for the tourism receipts. Data is

annual and covers the years from 2000 to 2015 for a sample of 19 Mediterranean

countries. According to the article, there is one directional causality from GDP

per capita growth to FDI (Perovic, Raicevic, and Delibasic, 2021). The similar re-

search was conducted for the Norway by analysing the years between 1986-2009

in quarterly frequency. The aim of study is to model FDI inflow to Norway us-

ing co-integrating regressions with Fully Modified OLS (FMOLS) and the vector

error correction model (VECM). The author uses these two models to be able to

compare the robustness of results. Unlike OLS model, FMOLS is modified to take

cointegrated relation into account. Because more than one cointegration relation-

ship among variables is detected. FMOLS model considers the serial correlation

effects and endogeneity in regression. The results of the Modified OLS analysis

shows that in Norway, real GDP, GDP in the primary (agriculture), secondary (in-

dustry), and tertiary (service) sectors, exchange rate, and trade openness have a

positive impact on inward FDI. Conversely, the analysis found that money supply,
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interest rate, and unemployment have negative effects on FDI inflows in Norway.

FDI inflow was used as a dependent variable and no transformation was applied.

In case of the VECM model, real GDP, trade openness and exchange rate have

positive impact on FDI inflow, while interest rate and unemployment negatively

affect to it (Boateng et al., 2015). Analysis of FDI and GDP was conducted in the

study about South Asia too. Using the VAR model for panel data consisting of

5 South Asian country (Bangladesh, India, Nepal, Pakistan, and Sri Lanka), the

researchers considered 1998-2017 annual data. GDP growth rate and FDI inflow as

% of GDP are considered for the VAR model. The Granger causality test shows

that there is one directional causality from FDI to GDP growth and VAR model

shows that there is positive relationship between FDI inflow as % of GDP and

GDP growth (Nguyen, 2022).

Similar scientific articles are available about China, Vietnam, India, Mexico and

Turkey. They are using VAR or linear regression model and Granger causality test

to find factors affecting GDP and FDI. In case of China, 1981-2018 years are studied

as annual data. For FDI inflow and real GDP variables logarithmic transformation

was used. The results show that there is smaller short-term impact of FDI to GDP,

while long term impact is stronger (Liu and Lee, 2020). In Vietnam positive effect

of FDI inflow to real GDP was revealed based on the annual data from 1997-2018

(Nguyen, 2020). Similarly, the study in India based on annual data from 1971 to

2008 reveal Granger causality from the logarithm of FDI to the logarithm of GDP

(Guru-Gharana, 2012). In research that conducted in Mexico quarterly data (1995-

2020) was used. Logarithmic transformation for real FDI and GDP was applied.

However, this study mostly concentrates on other variables that may affect FDI.

Because the research tries to explain factors affecting FDI inflow (Elizalde Guzmán

et al., 2022). Finally, study about Turkiye employs real annual data from 1980 to

2010. The FDI inflow was logarithmically transformed. According to the study,

there is positive relationship between GDP growth and FDI inflow (Cambazoglu

and Simay Karaalp, 2014).
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In general, 20 scientific articles are reviewed: 16 of them analyzed GDP and FDI

relations, where 14 of them found positive relation, 2 of them found no relation. In

other words, 4 studies concluded that there is bi-directional relationship between

FDI and GDP, 7 studies showed unidirectional relationship from FDI to GDP and

3 of studies showed unidirectional relationship from GDP to FDI. 3 of the ob-

served literature analyzed the impact of oil prices on GDP. 1 relation is positive

bi-directional, 1 of them is positive indirect from oil price to GDP and 1 is negative

relationship from oil price to GDP. Only one research studies the impact of natural

gas prices on GDP. This impact is unidirectional (from gas price to GDP) and neg-

ative. To sum up, as suggested in the literature, trade regime, economic openness,

domestic policy variables (tax, duties etc.), technological development, economic

recession, employment level, broadest money supply (M3), consumer price index,

exchange rates, trade, domestic investment, oil prices, natural gas prices, natural

gas export, central bank independence, exchange rate, energy consumption level,

tourism receipts (TR) and FDI are directly or indirectly can affect the GDP of

countries. It is visible that in open economic systems where governments support

FDI inflow using domestic policy tools (monetary and fiscal policies), GDP in-

creases. Furthermore, in resource-dependent countries increase in resource prices

(oil, natural gas, etc.) increases cash inflows and GDP. However, it also increases

exchange rate that can increase economic dependency on natural sources, which

leads to the long-term economic fluctuations. If there is no barrier to investment

and technological development, then FDI growth may increase the GDP. Moreover,

technological development leads to higher labour productivity and less labour costs

that may contribute to economic growth. Development of some aspects of the econ-

omy (trade, tourism, etc.) can enhance the whole economy too.
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2 Theoretical background for Granger causal-

ity test and VAR model

In this part of the thesis, a theoretical background of the research is defined.

The stationarity, unit root tests, vector autoregressive models, impulse-response

function and Granger causality test are explained in this section. The theoretical

overview is written based on the books of Box et al. (2016), Enders (2015), and

Kirchgässner, Wolters, and Hassler (2013).

2.1 Stationarity and unit root

In order to define stationarity, we should understand the essence of stochastic pro-

cesses. In time series if the next period value can be found using some mathematical

function, then the time series is generated by a deterministic process. Because using

some calculations beforehand we can find the next value. However, if the next value

is based on probabilistic laws, then it is called that the time series is generated by

a stochastic process. We cannot know the exact next value of the time series in the

case of a stochastic process.

Definition. A stochastic process is a random process which consists of a collection

of random variable sequences.

In random variable the sequence is time units. Thus, in a stochastic process variable

for each time unit is random and cannot be known beforehand (Box et al., 2016,

Chapter 2.1.1).

A stochastic process can be stationary and non-stationary. A stationary time series

is one where the statistical properties of the series, such as the mean, variance, and

autocovariance, are constant over time. This means that the statistical properties of

the series do not change over time and are therefore predictable. In addition, there

are two types of stationarity: weak stationarity and strong stationarity. If we assume
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that realizations of stochastic process are from the same distribution for all time

points, then it is called a strictly stationary process. In practice, strict stationarity

is hardly applicable. Because of this, weak stationarity is used. A process is k-th

order weakly stationary when for different time period all moments up to k is finite

and equal for each random vector of a stochastic process. The k’th moment of m

random vectors is defined as E(Z1
b1Z2

b2 ...Zm
bm) where

∑m
i=1 bi = k. All b’s are

non-negative integers. Taking this into account, we can say that if mean, variance

and covariance of a random process do not depend on time, then it is second order

stationary. Because mean is 1st moment, while variance and covariance is second

moment of the process. Generally, we refer to 2nd order stationarity when we talk

about stationary data (Kirchgässner, Wolters, and Hassler, 2013, Chapter 1.3).

There are some examples of stochastic processes:

1. White noise:

Zt = ϵt. (1)

Here ϵt are independent and identically distributed random variables where E(ϵt) =

0, V ar(ϵt) = σ2, and Cov(ϵt, ϵt+j) = 0 for j ̸= 0. This process is an example of

weakly stationary process.

2. Random walk:

Zt = Zt−1 + ϵt, Z0 = z0. (2)

Considering that the z0 = const., we can rewrite the formula (2) as:

Zt = z0 +
t∑

i=1

ϵi. (3)

From the last formula (3) it follows that mean is constant and both variance and

covariance are time dependent.
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3. Random walk with drift:

Zt = a0 + Zt−1 + ϵt. (4)

In this case (4), we have intercept term a0. This process is non-stationary because

mean, variance and covariance of the process are time dependent.

Stationarity is an important concept in time series analysis because it allows for

the use of various modeling techniques and statistical methods, such as ARMA or

VAR models, that assume stationary data. ARMA model consists of two parts:

autoregressive (AR) and moving average (MA) parts. The autoregressive process is

such a process where time series depends on its own lagged values and white noise

process:

Zt =

p∑
i=1

ϕiZt−i + ϵt. (5)

By considering the equation (5) it is important to define the lag operator. The lag

operator B helps to show time series Zt in compact form. In order to represent

Zt−k, k = 1, 2, ...p in compact form, we use BkZt. By using the lag operator we

can rewrite the equation (5) as:

(1−
p∑

i=1

ϕiB
i)Zt = ϵt.

Thus, we can define a function as:

ϕ(x) = 1−
p∑

i=1

ϕix
i. (6)

The polynomial (6) is important to test for the stationarity. When p = 1, then the

equation (5) can be represented as:

Zt = ϕ1Zt−1 + ϵt => Zt =
∞∑
i=0

ϕi1ϵt−i ,
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V ar(Zt) = σ2
∞∑
i=0

ϕ2i1 .

In this case if |ϕ1| < 1, then variance is finite, and process is stationary. In other

words, we know that ϕ(x) = 1 − ϕ1x and root of ϕ(x) should be greater than

1. Otherwise, the process is not stationary. In AR(p) process, if all roots of the

polynomial (6) are out of the unit circle (it means, modules of all roots are greater

than 1), then the process is stationary.

A moving average (MA) process is in the following form:

Zt = ϵt −
q∑

i=1

ψiϵt−i. (7)

So, MA process is the sum of ϵt and its lagged values. As number of parameters is

finite it is always stationary.

Combination of AR and MA processes is called ARMA process and expressed in

the following form:

Zt =

p∑
i=1

ϕiZt−i + ϵt −
q∑

i=1

ψiϵt−i. (8)

If modules of all roots of function ϕ(x) of AR side (6) are greater than one, then

the process is second order weakly stationary. On the other hand, if at least one

root of function ϕ(x) is one, then there is unit root (Kirchgässner, Wolters, and

Hassler, 2013, Chapter 2).

If a time series is non-stationary, it may require more analysis before it can be

modeled accurately. Because regression between non-stationary time series can re-

sult in spurious regression. In spurious regression R2 may be high and model may

seem well suited, but the model cannot be interpreted in logical manner. In other

words, a regression may seem good due to the coincidence or the third factor that

both of the variables have relationship with. In order to avoid from this problem,

time series should be tested for stationarity before modeling. These tests are called

unit root tests and check for the existence of unit root. In this thesis two main unit
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root tests are employed:

• Augmented Dickey-Fuller Test (ADF)

• Phillips-Perron Test (PP)

The Augmented Dickey-Fuller (ADF) test is one of the common unit root tests

that is used in time series analysis. The test is used to determine whether a series

has a unit root, and thus whether the series is stationary or not.

The ADF test works by estimating a p-th order autoregression formula:

zt =

p∑
i=1

aizt−i + ϵt. (9)

By subtracting apzt−p+1 from both sides of the equation (9) we get:

zt =

p−2∑
i=1

aizt−i + (ap−1 + ap)zt−p+1 − ap∆zt−p+1 + ϵt.

After that subtracting (ap−1 + ap)zt−p+2 from both sides of the last equation we

get:

zt =

p−3∑
i=1

aizt−i + (ap−2 + ap−1 + ap)zt−p+2 − (ap−1 + ap)∆zt−p+2 − ap∆zt−p+1 + ϵt.

So, we continue in this form until we get the formula (10):

∆zt = γzt−1 +

p−1∑
i=1

ψi+1∆zt−i + ϵt. (10)

The equation (10) is AR process where ∆zt−i are lagged changes. In equation (10)

γ = −(1−
∑p

i=1 ai) and ψi = −
∑p

j=i aj . The null hypothesis is γ = 0. When null

hypothesis is true, then
∑p

i=1 ai = 1 and the polynomial ϕ(x) of AR process (9)

(1 −
∑p

i=1 aix
i) contains unit root. However, AR process may contain intercept

term or trend term. In order to take these factors into account the following test
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equations are considered:

∆zt = α0 + γzt−1 +

p−1∑
i=1

ψi+1∆zt−i + ϵt, (11)

∆zt = α0 + γzt−1 + α2t+

p−1∑
i=1

ψi+1∆zt−i + ϵt. (12)

Here α0 is intercept term (or drift), α2t stands for deterministic trend. In general,

we have 3 models to test. The equation (10) is model without drift and trend.

We calculate test statistic τ1 to test the null hypothesis whether γ = 0 or not.

In other words, we test whether there is unit root or not. It is calculated like t-

statistic where estimate of γ is divided by the standard error of it, although, τ ’s

critical values are different from ordinary t-statistic. In the equation (11) drift term

is added. In this case, we need to calculate the test statistic ϕ1. We test the null

hypothesis whether there is unit root and no drift (α0 = γ = 0). If reject the null

hypothesis, then we should consider model with drift. In that case, unit root test

decision is based on τ2 statistic. The third model (12) adds trend term. In that

case, the test statistic is ϕ2. We are interested in the null hypothesis whether there

is unit root, absence of drift and trend terms (α0 = γ = α2 = 0). If we fail to reject

null hypothesis, then ϕ3 statistic should be considered. By considering ϕ3 we test

the null hypothesis whether there is unit root and no trend (γ = α2 = 0). In case of

"trend" model, τ3 is used to check for unit root. To put simple, ϕ2 compares simple

model with "trend+drift" model, ϕ3 compares "drift" model with "trend" model,

ϕ1 compares simple model with "drift" model. While checking models we start

with the broadest model and continue testing (if failing to reject null hypothesis

in broader models) until the narrowest model where we test only for unit root. In

other words, if ϕ2 is non-significant, then we look for the significance of ϕ3. If none

of them is significant, then trend shouldn’t be in the model. After that we test for

ϕ1 to check "drift" model. If fail to reject null hypothesis, then "none" model is

selected. If after all τ1 is insignificant, then the data contains unit root. The table
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(1) shows the null hypothesis summary of the ADF test.

Table 1: Null hypothesis summary of ADF test

Model Hypothesis Test statistic

Trend
γ = 0 there is unit root τ3

γ = a2 = 0 there is unit root and no trend ϕ3
a0 = γ = a2 = 0 there is unit root and no trend and drift ϕ2

Drift γ = 0 there is unit root τ2
a0 = γ = 0 there is unit root and no drift ϕ1

None γ = 0 there is unit root τ1

All test-statistics ϕ are calculated using standard F-test formula:

ϕ =
[SSR(restricted)− SSR(unrestricted)]/r

SSR(unrestricted)/(T − k)
. (13)

But their critical values are different from ordinary F-statistic critical values. In

addition, critical values for ϕ1, ϕ2 and ϕ3 are different from each other. In the for-

mula (13), SSR is sum of squared residuals based on the restricted and unrestricted

models, r is restriction number, T is number of observations and k is number of

parameters in unrestricted model (Enders, 2015, Chapter 4.5, 4.7).

The Phillips-Perron (PP) test is another commonly used unit root test in time

series analysis. However, unlike ADF test statistics, the test statistic of PP test is

adjusted to account for the fact that the series may exhibit serial correlation. In

ADF test there is an assumption that residuals are uncorrelated. But in PP test

the possibility of correlated residuals is taken into account. The null hypothesis of

the PP test is the same as the ADF test: the presence of a unit root in the series.

The alternative hypothesis is that the series is stationary.

The PP test is considered more robust than the ADF test because it uses a cor-

rection for serial correlation in the time series. Although, PP test is not always the

best choice. Because when the model contains moving average part with negative

autocorrelation, the possibility of rejection of true null hypothesis in PP test is
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more than it is in ADF test. Because of these issues, it is important to use both

tests and compare their results (Kirchgässner, Wolters, and Hassler, 2013, Chap-

ter 5.3.2).

In general, stationarity is an important concept in time series analysis, as it allows

for the use of various modeling techniques and statistical methods that assume sta-

tionary data. A non-stationary time series may require further analysis and trans-

formation before it can be modeled accurately. If after conduction of stationarity

tests non-stationarity is found, then taking difference of time series data maybe

the solution. For example, if data is non-stationary the 1st difference of it could be

stationary. In general, if we take k times difference of initial time series to make it

stationary, then it is integrated of k-th order (I(k)). If initial time series is station-

ary, then it is integrated of order 0, in other words, it is I(0). In macroeconomics

and finance, it is common to use (if data is not stationary) data that is integrated

of order 1. For example, if data related to GDP is non-stationary then we can use

1st difference of it (e.g. GDPt−GDPt−1). We can interpret it as a change in GDP.

2.2 Granger causality test

The Granger causality test is a statistical test used to find whether one time series

can be used to predict another time series. The test is named after an econome-

trician Clive W. Granger, who introduced it in his paper "Investigating Causal

Relations by Econometric Models and Cross-spectral Methods" in 1969 (Granger,

1969).

The Granger causality test is based on the idea that if a time series X Granger-

causes another time series Z, then changes in X can be used to predict changes in

Z better than using only lagged values of Z. In other words, if we can predict Z

better using both X and lagged values of Z than using only the lagged values of Z,
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then X Granger-causes Z. The inequality (14) shows this relationship as follows:

σ2(Zt+1|It) < σ2(Zt+1|It − X̄t). (14)

Here σ2() is error variance and It is all available information set related to the time

series Z and X up to time t. The set of all values of variable X up to time t is

given with X̄t. The inequality shows that next value of Z could be forecasted better

using the variable X. It shows that there is Granger causality between Z and X.

If σ2(Zt+1|It + Xt+1) < σ2(Zt+1|It), then it is proves that Xt+1 is important to

forecast Zt+1. In other words, there is instantaneous causality. We must estimate a

model for each time series individually and compare its performance to a combined

model that takes into account both time series in order to test for Granger causality.

Let’s assume that we are interested in whether X Granger-causes Z. We can write

the autoregressive model for Z as:

Zt = α+

p∑
i=1

βiZt−i + ϵt. (15)

Once we have estimated the model (15), we can construct a combined model that

includes both X and Z:

Zt = η +

p∑
i=1

β′iZt−i +

q∑
i=n

δ′iXt−i + ϵt. (16)

If δ′i = 0, i = 0, 1, ...q, then there is no causality between Z and X. In case of

n = 0 then it can be asserted that there is instantaneous causality. Otherwise n

starts from 1. If we interchange Z and X, then we can run the Granger causality

test from Z to X. Similarly, we can write the model for X as:

Xt = γ +

q∑
i=1

δiXt−i + ϵt. (17)
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So, it is possible to reconstruct the equation (16) as follows:

Xt = η′ +

p∑
i=1

λiXt−i +

q∑
i=n

ωiZt−i + ϵt. (18)

Thus, Granger causality test can be conducted based on the null hypothesis that

there is no Granger causality between variables, in other words, ωi and δ′i (i =

0, 1, 2, ...q) are zero. We can compare the performance of the separate models and

the combined model using the error variances as shown in inequality (14). If the

combined model has an error variance that is significantly less than the separate

models, then we can conclude that X Granger-causes Z. If there is a bi-directional

causality such as X causes Z and Z causes X, then it is called a feedback relation.

To test the significance of the Granger causality, we use an F-test. The alternative

hypothesis is that X Granger-causes Z, meaning that at least one of the coefficients

for X is not equal to zero. Also, the null hypothesis asserts that there is no causality

between variables. The F-statistic for the test is calculated as:

F =
[SSR(restricted)− SSR(unrestricted)]/q

SSR(unrestricted)/(T − p− q − 1)
. (19)

Where SSR(restricted) is the sum of squared residuals from the restricted model

(i.e., the separate models for X and Z), SSR(unrestricted) is the residual sum of

squares from the unrestricted model (i.e., the combined model), q is the number of

lag coefficients for X in the combined model, T is the total number of observations,

p is the number of lag coefficients for Z.

Under the null hypothesis of no Granger causality, the F-statistic follows an F-

distribution with degrees of freedom (q, T −p−q−1). We can use this distribution

to calculate a p-value for the test. Also, critical values for F statistic are considered.

If the p-value is below a chosen significance level (e.g., 0.05), we reject the null

hypothesis and conclude that there is evidence of Granger causality from X to Z.

It’s important to note that the Granger causality test is a statistical test and does
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not necessarily imply a causal relationship in the strict sense. Rather, it tests for

the ability of one time series to predict another time series, which is a necessary

but not sufficient condition for causality.

When using the Granger causality test in practice, there are a few things to keep

in mind. For example, the test presumes that the time series are stationary and

linear, with no missing variables. Additionally, the choice of lag length for the

models can affect the results of the test. When we add more lagged values, then

it increases the probability of rejection of null hypothesis. These issues should be

carefully considered when interpreting the results of the Granger causality test

(Kirchgässner, Wolters, and Hassler, 2013, Chapter 3).

2.3 Vector Autoregressive model and impulse-response

function

The Vector Autoregressive (VAR) model is multivariate time series model which

is consist of system of autoregressive equations. Each variable in the system is

modeled as a function of its own lagged values and the lagged values of all the other

variables in the system. This means that each variable in the system is both an

endogenous variable and an exogenous variable for the other variables in the system.

However, we can use VARX model where some variables are only exogenous, not

endogenous.
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The VAR model equation can be represented as system of equations:

Zt,1 = α1 +

q∑
j=1

p∑
i=1

ϕ1j(i)Zt−i,j + ϵt,1,

Zt,2 = α2 +

q∑
j=1

p∑
i=1

ϕ2j(i)Zt−i,j + ϵt,2,

· · ·

Zt,q = αq +

q∑
j=1

p∑
i=1

ϕqj(i)Zt−i,j + ϵt,q.

(20)

In the equation (20), q and p are the number of variables and the maximum lag

length respectively (Enders, 2015, Chapter 5.5).

One of the main advantages of the VAR model is that it allows for the modeling of

complex interrelationships between multiple variables in the system. For example,

the VAR model can capture the feedback relations between different variables, such

as output, inflation, and interest rates. This makes the VAR model a popular tool

for macroeconomic analysis and forecasting.

In VAR stationarity is an important concept too. As it is in AR model, in VAR

system if roots of polynomial ϕ(x) of each AR process is outside the unit circle,

then the processes are stationary (Kirchgässner, Wolters, and Hassler, 2013, Chap-

ter 4.1).

As mentioned above, the VAR model can be extended to include exogenous vari-

ables through the VARX model. The VARX model includes both endogenous and
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exogenous variables, and can be represented as:

Zt,1 = α1 +

q∑
j=1

p∑
i=1

ϕ1j(i)Zt−i,j +

m∑
j=1

s∑
i=0

β1,j(i)Xt−i,j + ϵt,1,

Zt,2 = α2 +

q∑
j=1

p∑
i=1

ϕ2j(i)Zt−i,j +

m∑
j=1

s∑
i=0

β2,j(i)Xt−i,j + ϵt,2, ,

· · ·

Zt,q = αq +

q∑
j=1

p∑
i=1

ϕqj(i)Zt−i,j +
m∑
j=1

s∑
i=0

βq,j(i)Xt−i,j + ϵt,q.

(21)

Here Xt up to Xt−s are exogenous variables, and β’s are coefficients of exogenous

variables. In addition, m and s are number of exogenous variables and maximum

lag length for exogenous variables respectively.

Finally, it is important to mention impulse response function. Impulse response

function measure the dynamic response of each variable in the system to a shock

in one of the other variables. Impulse response function can be used to analyze the

transmission of shocks and policy interventions through the system, and to assess

the effectiveness of different policy interventions.

To compute the impulse response function for a VAR model, we first need to specify

the shock or intervention of interest. This is typically done by setting the value of

one of the variables to a known value, while keeping the other variables unchanged.

For example, if we are interested in the response of GDP to an investment policy

shock, we could set the FDI to a known value, while keeping the other variables

unchanged.

It is known that the stationary AR process can be represented as an infinite MA

process. So, in order to define impulse response function initial step is to represent

the VAR model in vector moving average (VMA) form:

xt
zt

 =

µ1
µ2

+

∞∑
i=0

ϕ11(i) ϕ12(i)

ϕ21(i) ϕ22(i)

ϵx,t−i

ϵz,t−i

 . (22)
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If we consider VAR model that consists of two variables, then its MA represen-

tation will be as in equation (22). In this equation µ1 and µ2 are unconditional

means for xt and zt respectively. The coefficients ϕ represent the effect of changes

in error term to respective time series for periods of i. Thus, by examining the

values of ϕ(i) for each i will give us an impulse response functions. For example,

in order to capture the impact of ϵz,t−2 on xt we use ϕ12(2). So, plotting ϕ12(i),

i = 0, 1, ...n will show the impact of unit change in ϵz,t, ϵz,t−1, ...ϵz,t−n on xt. Alter-

natively, ϕ11(i) and ϕ12(i) can be interpreted as i period effect of unit change in

ϵx,t and ϵz,t on xt+i.

Generally, impulse responses are based on estimated coefficients, because of this

calculation of confidence interval is important for its precision. Using the corre-

sponding t-statistic we can find standard deviation and based on two standard

deviations we can calculate the 95% confidence interval of the coefficient (Enders,

2015, Chapter 5.7). The following figure (1) shows one example of impulse response

function that analyzes the response of FDI to the shocks from GDP.

Figure 1: Impulse response function of GDP-FDI
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Thus, based on the shocks of error term of each variable we can examine the reaction

of other variables. The visualization of an impulse response graph (with confidence

intervals) visually represents significant changes of one variable to the shock from

other variables.
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3 Empirical analysis of the links among FDI,

GDP, oil and gas prices

3.1 Data sets and methodology

In order to find the relationship among FDI, GDP, oil prices, and gas prices 3

groups of countries are selected. Each of these groups contains 5 countries with

common backgrounds:

• France, Germany, Japan, the UK, and the USA

• Brazil, China, India, Mexico, and Turkey

• Algeria, Gabon, Oman, Saudi Arabia, and The Republic of Congo.

The first group of countries are developed countries. The second group consists of

developing countries that have reached high economic growth rates and share the

global economy with developed countries. Finally, the last group of countries are

resource-dependent countries. Their economy mostly depends on the revenues of

natural resources, especially of oil.

The selected countries in the group of developed countries are among the coun-

tries with the highest gross domestic products (in USD) for 2021. It means that

they are among the biggest economies in the world. Those five developed countries’

GDP accounts for 60 % ($ 40,336,336) of the OECD total GDP ($67,210,885) in

2021. Moreover, the five above-mentioned developing countries’ total GDP is about

45,273,570 million US dollars or 67.4 % of the OECD total GDP in 2021 (taking into

account that China, India and Brazil are not OECD member countries) (OECD

Data, 2023b). The same result is also applicable in the case of the FDI flows.

While in developing countries FDI inflows are higher, in developed countries FDI

outflows are dominant (OECD Data, 2023a). These countries’ total results regard-

ing the GDP and FDI will give a much-generalized overview of the link between
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the FDI and GDP. Furthermore, we are interested in the effects of the oil and gas

prices too. According to the World Bank data, five resource-dependent (mainly oil-

dependent) countries are selected (Algeria, Gabon, Saudi Arabia, Oman and The

Congo Republic). Their oil rent is a higher portion of their GDP. Oil rents are the

difference between the value of crude oil production at regional prices and the total

costs of production. While the world average for oil price rents was 1.3 % in 2021,

in Algeria it was 14.5 %, in Congo 34.4 %, in Gabon 15.6 %, in Oman 23.5 %, and

in Saudi Arabia it was 23.7 % (World Bank Data, 2023b). The main problem in

oil-dependent countries is the lack of economic diversification. They are vulnerable

to oil price changes (Donkor, Mensah, and Sarpong-Kumankoma, 2022).

In the literature review of the thesis, the relation between GDP and FDI is men-

tioned. We already know the importance of FDI for GDP growth. But it is needed

to analyze the importance of GDP in three different groups of countries and com-

pare them. Oil and gas prices are also vital for all these countries. Some of them get

revenues from these natural resources, while others suffer from high energy costs

because of increases in oil/gas prices.

The data about oil and gas prices, GDP, and FDI is taken from the World Bank

Data (2023c) and World Bank Data (2023a). The data frequency for all variables

is annual. The time range of collected time series data is from 1971 to 2021, con-

taining 51 time points. Oil price data consist of the annual average prices for Brent

oil in international markets. Also, the gas prices are considered as an annual aver-

age of natural gas sold from Netherlands TTF (Title Transfer Facility). TTF is a

virtual trading facility. Based on the supply and demand of natural gas, the prices

for the EU are mostly determined in TTF. The measurement unit for natural gas

is a million British thermal units (MMBTU), while for oil it is a barrel. In the

World Bank database, prices of oil and gas are defined in real (2010’s) US dollars.

Data about GDP is also in real terms based on 2015’s US dollar for all countries.

However, FDI data is not in real terms. Thus, the real FDI inflows based on the

GDP deflator were calculated. As the FDI inflows are defined in the US dollars,
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GDP deflator of the USA is used to calculate the real FDI inflows. The following

formula is employed for real FDI inflow calculation:

real FDI inflow =
NFDI

GDPDC/100
. (23)

Here NFDI stands for the nominal FDI inflows and GDPDC is a current GDP

deflator in the US. For example, if we have nominal FDI for 2010 and GDP deflator

for 2010, then we can calculate the real FDI and take 2015 as a base year. As real

GDP’s base year in the World Bank database is 2015, for FDI inflow 2015 is taken

as a base year too. Another problem with FDI inflow data is negativity. The figure

(2),(3), and (4) show the FDI inflows of three groups of countries.

Figure 2: Real FDI of selected resource-dependent countries

The fluctuations in FDI are obvious. We need to apply the natural logarithmic
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transformation to decrease the effect of large fluctuations. However, except the US,

Mexico, Brazil, France, and Turkiye all countries have negative FDI inflows for some

points in time. This happens because of disinvestments. FDI inflow consists of two

parts: investments that are made to the country by foreigners and disinvestments

that are withdrawal of invested money from the economy. When disinvestments are

higher than the investments then net FDI inflow is negative. Also in China zeros

exist in data until 1978. Because China opened its economy for foreign investments

starting from 1978. These issues create problem for logarithmic transformation. In

order to solve this problem, a constant was added to the FDI inflow data.

Figure 3: Real FDI of selected developing countries

Also, there is a common pattern of FDI inflows for each group of countries. In

resource-dependent countries, we can see high fluctuation and more negative values.
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This may happen because of the unstable economy. When there is uncertainty

about the economic condition of a country, investors start to withdraw their money.

On the other hand, in developing countries, there is an increasing trend in FDI

inflow. However, in developed countries, we can see stable fluctuations. Because as

investors of these countries invest in other countries, in developed countries FDI

outflow becomes more dominant than inflows.

Figure 4: Real FDI of selected developed countries

The figure (5) represents oil and gas prices for 1971-2021. We can see that they

are highly correlated. Because gas and oil demand is mostly based on the same

purposes. So, their prices move together. High fluctuations are also visible in the

case of oil and gas prices. It is important to consider natural logarithms of prices

for analysis.
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Figure 5: Graph of the average annual Brent oil and natural gas prices between
1971 and 2021 in real (2010) US dollars

Figure 6: Real GDP of selected resource-dependent countries
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The real GDP of different groups of countries is present in figure (6),(7), and (8). We

can see upward-sloping lines for all three groups of countries. Here, the logarithmic

transformation is important to be applied too. Again, in the case of resource-

dependent countries, fluctuations are a bit more than others. It is related to the

dependence on oil and gas prices. It is obvious that the volatility of natural resource

prices is transferred to the economic growth of resource-dependent countries.

Figure 7: Real GDP of selected developing countries

In developing countries, especially in China and India, the real GDP growth is

higher. Developing countries show more economic growth than other countries do.

This tendency is partly because of the high FDI inflows to the developing coun-

tries. However, economic growth in developed countries is small. Because these

countries’ economies are operating at full technological capacity. Unlike developed

countries, in developing countries, there is room for technological development and

35



this development leads to higher economic growth. However, high economic growth

in resource-dependent countries is related to the increasing prices of natural re-

sources. As prices of oil and gas show an upward trend, the GDP of these countries

should grow faster.

Figure 8: Real GDP of selected developed countries

In order to understand the relationship among variables for each country, we con-

struct a multivariate time series model VARX. In this model, endogenous variables

are GDP and FDI inflow and exogenous variables are oil and gas prices. The model

is important to understand the general view of the relationship. But in order to

build a reliable model we need data to be stationary.
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3.2 Unit root tests and their results

We use two unit root tests as discussed above. They are the Augmented Dickey-

Fuller test and the Phillip-Perron test. The null hypothesis for both tests is that

the time series are non-stationary. We need to be able to reject the null hypothesis.

The PP test results are shown in the table (2). First of all-natural logarithm of

data is tested for unit root using R function PP.test() from the stats package.

If it is failed to reject the null hypothesis then the first difference of logarithm of

data is used. According to the table (2), the logarithm of real GDP (l.gdp) is non-

stationary in 12 countries and we consider 1st difference of it (d.l.gdp) for modeling.

In Algeria, Gabon and Brazil logarithm of real GDP are stationary based on the PP

test. The logarithms of oil and gas prices are integrated of order 1 as well (d.l.oil

and d.l.gas). However, in the case of the logarithm of FDI (l.fdi), the situation

is different. Except for France, the US, Turkiye, Mexico, Brazil, and China in all

countries l.fdi is stationary. However, in the US, France, Mexico and Turkiye l.fdi

is stationary with 10% of significance. As we consider only 5% significance level,

in these cases the first difference of the logarithm of FDI is taken. In addition,

R output for p-values in many cases shows 0.01. However, in PP.test() function

if the p-value is less than 0.01, the R output doesn’t show the exact p-value and

replaces it with 0.01.
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Table 2: Phillips-Perron Unit Root Test Results
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A similar situation happens in ur.df() ADF test. It gives only critical values and

test statistic values. The table (1) from the second section of the thesis shows the

summary of the hypotheses that are tested.

As it is mentioned in the table we test three different models. Initially, the broadest

model - the trend model is tested. If ϕ2 and ϕ3 are not statistically significant (e.g.

p-value is greater than 0.05) then we switch to the drift model. Otherwise, the trend

model should be accepted. The same comparison is conducted between the "drift"

and "none" models. After finding the suitable model, the statistical significance of

respective τ will give us information about stationarity.

The table (3) shows p values for τ in selected models. In general, the variables that

show non-stationarity in the PP test are non-stationary in the case of the ADF test

too. Although, the logarithm of GDP is stationary in the case of Gabon, France

and Japan. Only in Gabon, the logarithm of GDP is stationary based on both the

PP test and the ADF test. Thus, for simplicity, we use only the first difference of

the logarithm of GDP in modeling and testing for all countries. In addition, the

variables or their first differences for all countries are trend stationary, except the

first difference of logarithm of GDP in Algeria, Congo Republic and China. In these

three countries, d.l.gdp is drift stationary. As it was in the PP test, in the ADF

test the p-values are not exact values for p. Here, those value e.g. 0.05 shows that

we can reject the null hypothesis at 5% significance level.

To sum up all test results, all variables are first-order integrated (I(1)), except the

logarithm of FDI in all resource-dependent countries, Germany, Japan, the United

Kingdom, and India.
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Table 3: Augmented Dickey-Fuller Unit Root Test Results
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3.3 VARX model and impulse-response analysis

After taking all stationary data we can build a VAR model with exogenous vari-

ables. Because in an ordinary VAR model, all values are considered endogenous,

where all these variables can be dependent variables. However, in our model both

oil and gas prices are determined internationally and we are not interested to model

the effect of different countries on oil and gas prices. So, we assume both resource

prices as exogenous variables, in other words, they are only explanatory variables.

The equation (25) shows the considered model:

l.fdit = α0 + α1t+

p∑
i=1

ϕ1il.fdit−i +

p∑
i=1

ϕ2id.l.gdpt−i+

+
s∑

l=0

β1ld.l.oilt−l +
s∑

l=0

γ1ld.l.gast−l + ϵt,1,

d.l.gdpt = α2 + α3t+

p∑
i=1

ϕ3id.l.gdpt−i +

p∑
i=1

ϕ4il.fdit−i+

+
s∑

l=0

β2ld.l.oilt−l +
s∑

l=0

γ2ld.l.gast−l + ϵt,2.

(24)

This model is applied to the countries where the logarithms of FDI inflows are

stationary. Here α1t and α3t are trend terms, while α0 and α2 are intercepts. As

we use the logarithm of FDI inflow it can show some trend. In the case of model for

countries where l.fdi is 1st order integrated then we don’t need to use trend term.

41



Instead, we include only a constant term in the model:

d.l.fdit = a0 +

p∑
i=1

ϕ1id.l.fdit−i +

p∑
i=1

ϕ2id.l.gdpt−i+

+

s∑
l=0

β1ld.l.oilt−l +

s∑
l=0

γ1ld.l.gast−l + ϵt,1,

d.l.gdpt = a1 +

p∑
i=1

ϕ3id.l.gdpt−i +

p∑
i=1

ϕ4id.l.fdit−i+

+

s∑
l=0

β2ld.l.oilt−l +

s∑
l=0

γ2ld.l.gast−l + ϵt,2.

(25)

In this VARX model, a0 and a1 are constant (intercept) terms. In both models,

p is the maximum lag of endogenous variables while s is the maximum lag of

exogenous variables. The optimal maximum lag of endogenous variables is found

using the Akaike information criterion (AIC). While, for exogenous variables, the

lag length is fixed and equal to 1. Because the most suitable package for VARX

modeling in R, vars package doesn’t support automatic lag inclusion for exogenous

variables. In order to include lagged values manually, lag() function is used from

stats package. However, the result generates "N/A" values at the beginning of the

output. When we omit "N/A", some information is lost and the length of the series

decreases. So, only one lag is considered in order not to lose too much information.

Also, there is VARselect() function that automatically selects optimal lag length

for endogenous variables. As it is available for only endogenous variables, oil and

gas data are included one by one with GDP and FDI as endogenous variables to the

function and optimal lag length is generated for Granger causality test. In many

cases, the output shows that 1 is the optimal lag for oil prices based on AIC and

Schwarz criterion (SC).

The generated output of the VARX model is too large. Because of this, they are

included in Appendix 2. From the R output of VARX models, it is clear that the

coefficient of determination (R2) is small in many cases. To sum up, all models

based on the R2, the VARX models for GDP in Gabon, Germany, India, Turkiye,
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the US, France, Mexico and Brazil do not fit well. Also, FDI models fit well only

in Congo Republic, Saudi Arabia, India, and China.

The summary of VARX models is represented in table (4), (5), and (6). The tables

consist of two parts. In the first part dependent variable is GDP growth (d.l.gdp)

and the left column lists the independent variables. In the second part, we can

see the model where FDI (l.fdi or d.l.fdi) is a dependent variable. Each cell of the

table contains information about the statistically significant coefficients. The cells

contain information about the sign of the coefficient, statistically significant lag of

the variables and significance codes. For example, in the table (4), "(+)(1)(**)" in

the first row and first column means that, while d.l.gdp is a dependent variable first

lag of d.l.gdp is statistically significant with 99% confidence and positively affect

to the d.l.gdp. In general, we can reject the null hypothesis that the coefficient

is 0 with 99.9% confidence (***), with 99% confidence (**), with 95% confidence

(*) and with 90% confidence (!). However, only at least a 95% confidence interval

should be considered to claim that coefficients are significantly different from 0.

The table (4) shows the summary of the VARX model for resource-dependent

countries. According to the table, the significance of coefficient estimates of VARX

in resource-dependent countries shows that FDI does not affect GDP growth. Only

in Saudi Arabia coefficient of FDI is significant as an explanatory variable in the

GDP model. However, in 1st lagged value of the logarithm of FDI, it is negative

and in 2nd lagged value, it is positive. Also, in the case of Algeria gas prices

positively affect GDP growth with a 10% significance level. Unexpectedly, we can

see a statistically significant negative coefficient of the first lag of oil prices in the

GDP model of Algeria. In Gabon and Saudi Arabia, oil prices positively affect GDP

growth with a 10% significance level. In the FDI model, oil and gas prices have a

positive effect. Except for Congo and Gabon, in all resource-dependent countries,

either oil or gas prices have a positive effect on FDI with a 10% significance level.

In Congo oil price and FDI relationship is negative. But only in Congo coefficients

of both oil and gas prices is statistically significant with 95% confidence.
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Table 4: VARX model summary for the resource-dependent countries

In the case of the FDI model of Gabon, we can’t see any statistically significant

coefficient of oil/gas prices.

Generally, table (6) shows that in developed countries oil price change decreases the

economic growth. However, in Japan and France gas prices have a positive impact

on GDP growth. Also, there is no common pattern of FDI in the GDP model. It is

important to note that, the model where FDI inflow (l.fdi or d.l.fdi) is a dependent

variable, doesn’t give any important information in developed countries.
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Table 5: VARX model summary for the developing countries

In the summary table of the developing countries (5), the FDI of China and India

has a significant positive effect on GDP growth. In China, 1st lag of difference of

logarithm of oil prices shows negative relation with GDP growth with 10% signif-

icance level. In Mexico, there is a significant instantaneous effect of oil prices on

GDP growth. In the FDI model for developing countries sometimes negative coef-

ficient of lagged values of FDI is significant. In China, oil prices positively affect to

FDI. The relationship between GDP and FDI in the VARX model of developing

countries, where FDI (l.fdi or d.l.fdi) is a dependent variable, is statistically sig-

nificant. However, it is hard to identify the common patterns of relationship. For

example, in China 3rd and 5th lags of GDP, in India 2nd lag of GDP have negative
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impact on FDI, while the 4th lag of GDP in China and 1st lag of GDP in Mexico

have positive impact on FDI. To sum up, in the case of each of the three groups of

countries common pattern of relationship among variables is hard to identify.

Table 6: VARX model summary for the developed countries

An impulse response analysis is important to visualize the relationship among vari-

ables in the model. Although, irf() function from vars library doesn’t consider

the impulse response function between exogenous and endogenous variables. So,

exogenous variables are included as endogenous variables to the VAR() function

and the output used in irf() function. The graph (9) is an example of the plotted

impulse-response function. All other impulse-response functions are added to Ap-

pendix 3. The figure (9) shows the responses of the logarithm of FDI to the impulses

from differences of logarithms of GDP, oil prices, and gas prices in Algeria. Also,

responses of GDP growth to the impulse from 3 other variables are plotted. There
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is no significant pattern in the case of Algeria, Congo Republic, Oman, France,

Germany, and Brazil. As we see in impulse response functions, there is either a

non-significant response or unstable fluctuations. It means that the relationship

between variables is changing within the short or long term.

Figure 9: Impulse-response functions of Algeria

Such kind of patterns is common for many analyzed countries. These impulse-

response relations confirm the interpretation of VARX model coefficient estimates.

In Gabon and Saudi Arabia, GDP growth shows a positive response to the shock in

oil prices. In Gabon, there is a negative response to the gas price shocks. In Saudi

Arabia, we can see negative and then positive responses from GDP growth to the

shocks of the logarithm of FDI. In Japan and the UK, there is a positive impact of

FDI on GDP growth with some delay. In the UK gas prices have a positive impact

on GDP growth, while in the US this impact is negative. Also, in the US, oil prices

negatively affect both FDI inflow growth and GDP growth. Unlike in the VARX

model, there is a positive impact of oil prices on GDP growth in China. However,

the effect of gas prices on GDP and FDI in both India and China fluctuates. While

in China there is a positive effect of FDI inflows on GDP growth, in Mexico GDP

growth has a positive impact on FDI inflows. As in the US, in Turkiye shocks in
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gas prices negatively affect GDP growth. All of the above-mentioned impacts last

at most 2 years and do not cause a permanent impact. In the long run, they are

not significantly different from zero.

3.4 Granger causality test results

The VAR and VARX model helps us to specify the relationship between variables.

However, these models do not clarify the direction of the relationship. In order to

understand the direction of causality, the Granger causality test is conducted. In

the context of the VAR and VARX models, the Granger causality test determines

whether the lagged values of one variable help to predict the current and future

values of another variable. If the inclusion of lagged values of one variable (en-

dogenous or exogenous) improves the predictive power of the model for another

variable, then between the two variables Granger causality exists.

The Granger causality procedure for the VAR model is similar to the AR model.

It can be tested using a variety of statistical tests, such as the F-test. This test

compares the performance of two nested VAR models: one model that includes

both variables and another model that only includes one variable. If the inclusion

of values of one variable improves the predictive power of the model, then Granger

causality is said to exist between the two variables (Kirchgässner, Wolters, and

Hassler, 2013, Chapter 4.2).

In the empirical analysis, two different functions of R are applied for causality

testing. The VARX output in R is tested for Granger causality with causality()

test. But this test also considers only endogenous variables. In order to test for the

Granger causality between exogenous and endogenous variables grangertest()

function is used from lmtest package. Using this test a pairwise Granger causality

between each exogenous and endogenous variable is tested. The optimal lag order

is selected using the VARselect() function. Two information criterias: AIC and

SC are compared for lag selection. In general, the maximum allowed lag length is
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determined as 5 lags. The null hypothesis is no causality between variables.

The table (7), (8) and (9) shows the results of Granger causality test. The tables

are divided based on the null hypotheses that are tested. In the table (7), we test

whether the logarithm of FDI or the difference of logarithm of FDI Granger causes

GDP growth and vice versa. Columns of the table show optimal lags, F-statistics

and p-values based on the lags selected using AIC and SC. There is Granger causal-

ity from FDI to GDP growth in Saudi Arabia, Japan, the UK and India. However,

in China, the null hypothesis is rejected with only a 10% significance level. Causal-

ity from GDP growth to FDI exists only in the case of China and Mexico. The table

(8) shows the results of Granger causality from the 1st difference of logarithm of

oil prices to GDP growth and to FDI. According to the SC, there is causality from

oil prices to GDP growth with a 10% significance level in the Congo Republic and

Gabon. In Oman, this causality exists with a 5% significance level. In the case of

the US and the UK, Granger causality from oil prices to GDP growth exists too.

Causality from oil prices to FDI exists only in Mexico and India. Morover, gas

prices Granger causes to the FDI in France, India and Turkiye. By considering the

optimal lags based on SC we can interpret that gas prices Granger causes to GDP

growth in the US and Turkiye with 5% significance level. The lack of causality from

oil and gas prices to GDP growth in many countries is surprising. Because energy

costs should affect the economic growth in all three groups of countries. In oil and

gas-producing countries commodity prices should increase state revenues, while in

other countries they may increase energy costs and decrease economic growth.

49



Table 7: Granger causality from FDI to GDP and from GDP to FDI
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Table 8: Granger causality from oil prices to GDP and to FDI
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Table 9: Granger causality from gas prices to GDP and to FDI
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Conclusions

This thesis discussed the relationship among FDI, GDP, and oil/gas prices in three

different groups of countries. Overall, 15 countries are studied. Based on the result

of the VARX model, impulse response functions and Granger causality test, we

can assert that FDI is a very important factor for China, India, Saudi Arabia, the

UK and Japan. However, the importance of FDI cannot be generalized for any

of the groups of countries. Moreover, as FDI affects GDP, GDP growth may also

affect the FDI inflows in developing countries. In our model, we saw that in Saudi

Arabia there is a significant positive coefficient of GDP when FDI inflow (l.fdi)

is a dependent variable. Also, there is Granger causality with a 10% significance

level. It means that sometimes high economic development could attract more in-

vestors and increase the volume of the FDI inflows. Unlike Saudi Arabia, in China,

we see both negative and positive relationships between GDP and FDI. One of

the reasons for that may be the different economic system of China. Because the

rising economy could lead to a huge amount of direct local investments. In that

situation, the government does not apply an FDI-targeted economic strategy and

FDI could negatively affect local investments. In the case of oil and gas prices,

there is a negative relationship between oil prices and the GDP growth of devel-

oped countries. Because these countries are mostly the buyers of oil. Thus, higher

prices lead to a decrease in economic growth due to the high energy costs. Based

on the impulse-response functions we can conclude that in developing countries

gas prices negatively affect economic growth. But oil prices in resource-dependent

countries may positively affect GDP and FDI inflows. In addition, the modeling

of FDI doesn’t show a clear picture in developed countries. Moreover, it should be

mentioned that our model is based on short and middle-term analysis. Maybe there

is a different relationship among variables in the long term. This is not captured

by this thesis. Because in the VARX model, the maximum lag length for the oil

and gas prices is 1. Also, the maximum lag for endogenous variables is 5 years.
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Appendix 1. R source codes and outputs

Data formatting

library(tseries)

library(vars)

library(urca)

library(dplyr)

library(lmtest)

data1 <- read.csv("/.../Oil_gas_data.csv",

header=TRUE, skip=4, sep=",",dec=".",na.strings = "")

data2 <- read.csv(/.../GDP_FDI_data.csv",

header=TRUE,sep=",",dec=".",na.strings = "..")

# Oil and Gas price

Brent <- data1$Crude.oil..Brent.....bbl.

NG_EU <- data1$Natural.gas..Europe.....mmbtu.

oil <- ts(Brent[12:62],start= 1971,frequency=1)

gas <- ts(NG_EU[12:62],start = 1971,frequency=1)

#Function of real GDP and FDI per country

info <- function(country){

y <- filter(data2,Country.Name == country)

gdp_real <- filter(y,Series.Name == "GDP (constant 2015 US$)")

gdp_real1 <- c(t(gdp_real))

gdp_real2 <- as.numeric(gdp_real1[6:56])

fdi_real_const <- filter(y,Series.Name ==

"real FDI corrected (base year 2015)")
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fdi_real1_const <- c(t(fdi_real_const))

fdi_real2_const <- as.numeric(fdi_real1_const[6:56])

gdp.real <- ts(gdp_real2,start = 1971, end= 2021, frequency = 1)

fdi.const <- ts(fdi_real2_const,start = 1971, end= 2021,

frequency = 1)

return(cbind(gdp.real,fdi.const))

}

w <- info("Algeria")

gdp.real <- w[,1]

fdi.const <- w[,2]

PP and ADF test for data of Algeria

### Phillips Perron test

PP.test(diff(log(gdp.real)))

### Output

Phillips-Perron Unit Root Test

data: diff(log(gdp.real))

Dickey-Fuller = -7.9791, Truncation lag parameter = 3, p-value = 0.01

### GDP (in real $) ADF test for trend model

adf_gdp.r <- ur.df(diff(log(gdp.real)),type="trend",

selectlags = "BIC")

summary(adf_gdp.r)

### Output

###############################################

# Augmented Dickey-Fuller Test Unit Root Test #

###############################################
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Test regression trend

Call:

lm(formula = z.diff ~ z.lag.1 + 1 + tt + z.diff.lag)

Residuals:

Min 1Q Median 3Q Max

-0.064643 -0.009913 0.000549 0.015268 0.040568

Coefficients:

Estimate Std. Error t value Pr(>|t|)

(Intercept) 0.0230773 0.0110574 2.087 0.042710 *

z.lag.1 -0.5437234 0.1538272 -3.535 0.000974 ***

tt -0.0002953 0.0002853 -1.035 0.306283

z.diff.lag -0.1681382 0.1010020 -1.665 0.103079

---

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.02462 on 44 degrees of freedom

Multiple R-squared: 0.3655,Adjusted R-squared: 0.3223

F-statistic: 8.45 on 3 and 44 DF, p-value: 0.0001517

Value of test-statistic is: -3.5346 4.3582 6.3811

Critical values for test statistics:

1pct 5pct 10pct

tau3 -4.15 -3.50 -3.18

phi2 7.02 5.13 4.31

phi3 9.31 6.73 5.61
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VARX model for Algeria

### VARX model

endo <- cbind(diff(log(gdp.real)),(log(fdi.const))[2:51])

exo <- cbind(diff(log(oil)),diff(log(gas)),

stats::lag(diff(log(oil)),k=-1),stats::lag(diff(log(gas)),k=-1))

colnames(endo) <- c("d.l.gdp","l.fdi")

colnames(exo) <- c("d.l.oil","d.l.gas","d.l.oil.l1","d.l.gas.l1")

vrx <- VAR(endo[2:50,], lag.max=5, exogen = na.omit(exo), type=’both’,

ic="AIC")

summary(vrx)

### Output

VAR Estimation Results:

=========================

Endogenous variables: d.l.gdp, l.fdi

Deterministic variables: both

Sample size: 48

Log Likelihood: 4.232

Roots of the characteristic polynomial:

0.4318 0.1188

Call:

vars::VAR(y = endo[2:50, ], type = "both", exogen = na.omit(exo),

lag.max = 5, ic = "AIC")

Estimation results for equation d.l.gdp:

========================================

d.l.gdp = d.l.gdp.l1 + l.fdi.l1 + const + trend + d.l.oil +

d.l.gas + d.l.oil.l1 + d.l.gas.l1
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Estimate Std. Error t value Pr(>|t|)

d.l.gdp.l1 0.4403670 0.1504499 2.927 0.00562 **

l.fdi.l1 0.0002845 0.0013291 0.214 0.83159

const 0.0212224 0.0293778 0.722 0.47425

trend -0.0004041 0.0002630 -1.537 0.13226

d.l.oil 0.0092058 0.0152035 0.606 0.54826

d.l.gas 0.0268631 0.0152520 1.761 0.08583 .

d.l.oil.l1 -0.0358420 0.0175043 -2.048 0.04720 *

d.l.gas.l1 0.0273720 0.0203440 1.345 0.18606

---

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.02342 on 40 degrees of freedom

Multiple R-Squared: 0.3941,Adjusted R-squared: 0.2881

F-statistic: 3.717 on 7 and 40 DF, p-value: 0.003455

Estimation results for equation l.fdi:

======================================

l.fdi = d.l.gdp.l1 + l.fdi.l1 + const + trend + d.l.oil +

d.l.gas + d.l.oil.l1 + d.l.gas.l1

Estimate Std. Error t value Pr(>|t|)

d.l.gdp.l1 -1.675e+01 1.779e+01 -0.942 0.352

l.fdi.l1 -1.273e-01 1.572e-01 -0.810 0.423

const 2.342e+01 3.474e+00 6.741 4.31e-08 ***

trend -2.875e-05 3.109e-02 -0.001 0.999

d.l.oil 3.359e+00 1.798e+00 1.868 0.069 .

d.l.gas -5.512e-01 1.803e+00 -0.306 0.761
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d.l.oil.l1 1.174e+00 2.070e+00 0.567 0.574

d.l.gas.l1 1.408e+00 2.406e+00 0.585 0.562

---

Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 2.769 on 40 degrees of freedom

Multiple R-Squared: 0.1385,Adjusted R-squared: -0.01228

F-statistic: 0.9185 on 7 and 40 DF, p-value: 0.5025

Covariance matrix of residuals:

d.l.gdp l.fdi

d.l.gdp 0.0005484 -0.008164

l.fdi -0.0081643 7.667652

Correlation matrix of residuals:

d.l.gdp l.fdi

d.l.gdp 1.0000 -0.1259

l.fdi -0.1259 1.0000

Impulse-response function

endo <- cbind(diff(log(gdp.real)),(log(fdi.const))[2:51])

exo1 <- cbind(diff(log(oil)),diff(log(gas)))

ts <- cbind(endo,exo1)

colnames(ts) <- c("d.l.gdp","l.fdi","d.l.oil","d.l.gas")

vr1 <- vars::VAR(ts,lag.max=5,type="both",ic="AIC")

impulse <- function(model, range){

a=irf(model, impulse = "d.l.gdp", response = "l.fdi",
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n.ahead = range, ortho = FALSE, runs = 1000)

b=irf(model, impulse = "l.fdi", response = "d.l.gdp",

n.ahead = range, ortho = FALSE, runs = 1000)

c=irf(model, impulse = "d.l.gas", response = "d.l.gdp",

n.ahead = range, ortho = FALSE, runs = 1000)

d=irf(model, impulse = "d.l.oil", response = "d.l.gdp",

n.ahead = range, ortho = FALSE, runs = 1000)

e=irf(model, impulse = "d.l.gas", response = "l.fdi",

n.ahead = range, ortho = FALSE, runs = 1000)

f=irf(model, impulse = "d.l.oil", response = "l.fdi",

n.ahead = range, ortho = FALSE, runs = 1000)

plot(a)

plot(b)

plot(c)

plot(d)

plot(e)

plot(f)

}

impulse(vr1,range=8)

Granger causality test for data of Algeria

### Granger causality test of endogenous variables

causality(vrx,cause = ’d.l.gdp’)$Granger

### Output

Granger causality H0: d.l.gdp do not Granger-cause l.fdi

data: VAR object vrx
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F-Test = 0.88658, df1 = 1, df2 = 80, p-value = 0.3492

### Granger causality test from exogenous variables

grangertest(diff(log(oil)),diff(log(gdp.real)),order=1)

### Output

Granger causality test

Model 1: diff(log(gdp.real)) ~ Lags(diff(log(gdp.real)), 1:1) +

Lags(diff(log(oil)), 1:1)

Model 2: diff(log(gdp.real)) ~ Lags(diff(log(gdp.real)), 1:1)

Res.Df Df F Pr(>F)

1 46

2 47 -1 0.1628 0.6884
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Appendix 2. VARX model results
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