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ABSTRACT 

 
To comprehend the relationship between the dollar, oil, and gold, it is first vital to recall that the majority of 

worldwide transactions to acquire oil and gold are conducted in dollars. As with other transactions, the dollar 

has a significant impact on the pricing of these items. When the dollar falls in value, oil-producing countries' 

revenues fall as well. Oil-producing nations may affect their production levels to compensate for this reduction 

in buying power: by restricting the number of barrels produced per day, they influence the price per barrel, 

which tends to climb. 

The balances are complicated and constantly changing. Indeed, basic resources such as oil and gold are 

exchanged on exchanges. As a result, the dollar exchange rate can occasionally impact the price of oil and gold, 

and vice versa, but the relationship between the value of the dollar and the prices of oil and gold is not reflexive. 

While the prices of oil, gold, and the dollar may be connected, establishing a strong association is challenging. 

As a result, just as it is difficult to forecast changes in the dollar exchange rate, it is also difficult to forecast 

changes in oil prices. We do know, however, that gatherings of oil-exporting countries to restrict output have 

a favorable influence on the price of oil (prices rise). At the same time, production, and reserve levels in the 

major oil-producing countries, namely the United States, have a negative influence on prices. Prices tend to 

decline when output increases, or reserves increase. Similarly, predictions of global demand have a significant 

impact on oil prices, and consequently on oil costs. 

The research phase of this work will be divided into two primary sections. We shall use the Diebold and Yilmaz 

method which relies on the VAR model to compute the spillover index. Then, this will help us find our results 

which to demonstrate the interdependence of the gold and oil markets of the nations under consideration, 

which are South Africa, Nigeria, Morocco, and Egypt, while also tracking the appreciation and depreciation of 

the USD in order to identify a link between the three. 
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RESUME 

 
Pour comprendre la relation entre le dollar, le pétrole et l'or, il est tout d'abord essentiel de rappeler 

que la majorité des transactions mondiales visant à acquérir du pétrole et de l'or sont effectuées 

en dollars. Comme pour les autres transactions, le dollar a un impact significatif sur le prix de ces 

articles. Lorsque le dollar perd de sa valeur, les revenus des pays producteurs de pétrole diminuent 

également. Les pays producteurs de pétrole peuvent modifier leur niveau de production pour 

compenser cette baisse du pouvoir d'achat : en limitant le nombre de barils produits par jour, ils 

ont un effet sur le prix du baril, qui tend à augmenter. 

Les équilibres sont complexes et en constante évolution. En effet, les ressources de base comme 

le pétrole et l'or sont échangées sur des bourses. Par conséquent, le taux de change du dollar peut 

occasionnellement avoir un impact sur le prix du pétrole et de l'or, et vice versa, mais la relation 

entre la valeur du dollar et les prix du pétrole et de l'or n'est pas réflexive. 

Si les prix du pétrole, de l'or et du dollar peuvent être liés, il est difficile d'établir une association 

solide. Par conséquent, tout comme il est difficile de prévoir les variations du taux de change du 

dollar, il est également difficile de prévoir les variations des prix du pétrole. Nous savons 

cependant que les rassemblements des pays exportateurs de pétrole visant à restreindre la 

production exercent une influence favorable sur le prix du pétrole (les prix augmentent). Dans le 

même temps, les niveaux de production et de réserves des principaux pays producteurs de pétrole, 

à savoir les États-Unis, exercent une influence négative sur les prix. Les prix ont tendance à baisser 

lorsque la production augmente ou que les réserves s'accroissent. De même, les prévisions de la 

demande mondiale ont un impact important sur les prix du pétrole, et par conséquent sur le coût 

du pétrole. 

De même, plusieurs médias ont déclaré que l'or et le dollar n'étaient plus associés. Cela constituait 

une grande difficulté car cela remettait en cause une croyance largement répandue selon laquelle 

l'or et le dollar évoluent dans des directions opposées. 
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La phase de recherche de ce travail sera divisée en deux sections principales. Nous démontrerons 

l'interdépendance des marchés de l'or et du pétrole des nations considérées, à savoir l'Afrique du 

Sud, le Nigeria, le Maroc et l'Égypte, tout en suivant l'appréciation et la dépréciation du dollar 

américain afin d'identifier un lien entre les trois. 
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Chapter 1: Context and Project Description 

 
1. AI and Deep Learning in Finance 

 
1.1. Definition 

 

Artificial intelligence is a technology so vast and revolutionary that it is difficult to give a precise 

definition. We can present it as a process of imitation of human intelligence based on the creation 

and application of algorithms executed in a dynamic computer environment. The goal is to enable 

computers to think and act like human beings. 

 

 
 

Machines with artificial intelligence filter, interpret and memorize a considerable amount of 

behavior. This preliminary work allows them to analyze and study problems in order to act 

correctly in a given situation. This learning process is carried out with the help of databases and 

algorithms. These different steps, based on complex situations, help the machine to measure the 

importance of a problem, detailing all possible solutions and similar past situations in order to act 

correctly. [1] 

 

 
 

In order for the machine to memorize, analyze and interpret, it needs a sophisticated and very 

powerful statistical system to make it make a decision or to behave as expected. To measure its 

degree of intelligence, a machine is subjected to the Turing test. This test aims to measure the 

capacity of AI to be confused with human intelligence. Developed and presented by the 

mathematician and cryptologist Alan Turing in 1950, he was one of the first to wonder if a 

machine was capable of thinking. 
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Thus, to get as close as possible to human behavior, artificial intelligence needs a high amount of 

data and processing capacity. 

1.2. Deep Learning 

 

Deep learning is an AI method that comes from the concept of machine learning. This so-called 

deep learning method is more specifically based on the notion of artificial neural network. 

With a non-linear structure, an artificial neural network takes the form of a network of sets of 

information execution units (representing neurons) superimposed in layers and linked together via 

connectors (synapses). From there, it processes information through propagation models of 

activations of these units, activated beyond a certain threshold. 

After being trained on a large number of samples, an artificial neural network might normally be 

used in image identification, for as identifying a cat. Each layer of the network will be dedicated 

to identifying an animal characteristic: the silhouette, the head, the two ears, the four legs, the 

coat, and so on. NLP also makes extensive use of artificial neural networks. 

Deep learning is a new phase in the growth of artificial intelligence. Artificial intelligence was 

first willing to respond to established rules based on a cognitivist paradigm. A programmer's 

assistance was then required to polish the system or to add new capabilities or regulations. 

Deep learning, like statistical machine learning, makes AI autonomous by allowing it to adopt 

new rules on its own. Deep learning can build increasingly more sophisticated and dense layers 

of neurons because to exponential improvements in computer power and the development of 

related applications. [3] 

The financial sector is a favorable environment for the development of artificial intelligence for 

two reasons: 

The progress made in Machine Learning (ML), which relies primarily on selecting the most 

 

relevant data. 
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The development of the IT and technological tools needed to exploit the data. 

 
ML is about providing computer systems with human-like capabilities, such as reasoning, learning 

and self-improvement, without the need to pre-program the machine. Thus, ML programs analyze 

large amounts of data to identify human patterns and behaviors. It's worth noting that ML is 

responding to a strong demand in the face of exponential growth in data volume that has been 

steadily increasing since 2010 and is not about to stop. [2] 

 

 
 

1.3. AI and Deep Learning in the Financial Sector 

 

If there is no shortage of examples, here are some cases of application of artificial intelligence in 

the financial sector. 

AI applied to the fight and management of fraud. 

 
The digital era is accompanied by an increase in crimes and attacks against institutions handling 

banking data. Thus, the goal of every banking institution is to reduce this risk. 

AI is relatively well advanced and implemented in banks for security and fraud identification. 

Among other things, it can study and analyze past spending behaviors to report strange behavior, 

such as the simultaneous use of a bank card in two different countries or an attempt to withdraw 

an unusual amount of money. 

This is particularly true of Mastercard, and its more than 2.2 billion cards used in 330 countries. 

The group uses Machine Learning algorithms that rely on HPC systems capable of analyzing a 

large volume of data ultra-fast. This means that up to 160 million transactions per hour can be 

checked in milliseconds and more than 1.9 million different rules can be applied to examine each 

transaction.[2] 
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Machine learning is also used by companies to improve trading methods by identifying complex 

trading patterns in different markets in real time. 

Thanks to its high data processing power, companies can gain insight into the stock markets in 

real time and thus make an investment decision. 

2. Introduction to Financial Engineering 

 
2.1. Why does finance combine with engineering? 

 

In core, finance is the study of the temporal worth of money (how money comes, where money 

goes, and where it should go). Engineering, on the other side, is connected to modeling. It refers 

to the application of math and statistics to the modeling of a procedure or behavior. Thus, the 

study of financial behaviors or financial products using mathematical models is what we call 

financial engineering. 

2.2. Why is Financial Engineering helpful? 

 

Financial engineering is useful since it refers to a basic concept known as the "risk and return 

tradeoff." Risk denotes ambiguity, whereas return denotes the amount of money you will earn in 

the future. The presumption is that there will be no return if no risks are taken. 

Simply said, no money should be left on the table because if it were, everybody would scoop it 

up immediately. As a result, financial engineers believe that there is no free cash, or, in financial 

jargon, no "arbitrage." People; however, have varied preferences when it comes to accepting risks. 

Some people dislike taking risks; others enjoy taking risks because they expect a great return. 

Financial engineers assist in the transfer of risk from those who shun it to those who want it. 

For example, if you own a moving company, your costs may be tied to the price of petrol, since 

if the price of gas rises, you will be required to invest more money on transit. 
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If you are not willing to take the risk, you can transfer it by engaging in a financial contract. When 

the price rises, the contract may provide you with money. In such situation, you do not overspend 

because you pay more on petrol, but the contract reimburses you. So, how does the money enter 

the play? Banks, for example, are prepared to pay you money if the price of gasoline rises. If you 

get into such a deal with a bank, the risk is transferred to the bank. In terms of the bank, it has the 

option of either holding the risk or transferring it to others. If another individual feels that the price 

of gasoline will not rise, they may purchase the contract. The agreement will provide them with 

funds in advance, and they will not be required to repay them if the price of gasoline does not rise. 

Here is where financial engineers may assist the bank in mitigating the risk and removing it from 

its accounts. There are other alternative options. The first method has already been noted: engage 

into a contract with a counterpart so that the cash flow balances on average. 

In the actual world, financial engineering covers a wide variety of topics and investigates many 

types of assets, such as stocks, bonds, foreign exchanges, and commodities, as in the case of this 

article. 

To summarize, financial engineering is a science that straddles several domains: actuarial, 

financial, economic, legal, and tax. It is the attitude of planning and executing economic 

provisions that are ideally matched to the demands and aims of economic actors at the lowest 

feasible cost. 

To speak about financial engineering is to speak of causing a slew of quite distinct issues: 

mergers and acquisitions, partial asset disposal, shareholder restructuring, balance-sheet 

restructuring, and group restructuring. Its use necessitates a thorough grasp of the necessary 

procedures. 
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It also requires a good understanding of strategic decision-making processes, as well as a 

good understanding of the strategy, and an attitude towards negotiation techniques. 

Financial engineering can be defined as all of the methods and techniques used to ensure 

a company's or economy's financial viability after restructuring, including ensuring the 

robustness of its balance sheet, the coherence of its shareholder composition, and the 

adequacy of its financial and economic performance. 

It is the art and process of merging and coordinating several disciplines and areas of 

knowledge in order to fulfill the expectations of shareholders or partners, investors, 

businesses, and their management. [4] 

3. Contextualization and Project Overview 

 
Gold and oil are the most extensively exchanged commodities worldwide, and their price swings 

have a significant influence on the economic system and financial markets. Excessive rises in oil 

prices may have a detrimental influence on economic development and asset prices, causing 

investors to shift to alternative portfolios such as gold. Because gold and oil prices are connected 

by the US dollar exchange rate, they are directly impacted by the US dollar's appreciation (or 

depreciation) versus other major currencies. 

 

 
 

The foreign exchange market has lately seen significant upheavals, but gold and crude oil are 

often seen as safe havens or hedging measures against inflation and growing money market 

dangers. In this setting, oil, gold, and the global FX market form a tightly knit financial system. 

Furthermore, as cross-border ties in global capital markets have strengthened, the 

interconnectedness of diverse asset markets has raised the probability of cross-market risk 

contagion. In this context, we precisely identify the risk contagion connection in this tri-variate 
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market, allowing investors to successfully design cross-market portfolios and devise risk 

protection methods. 

As oil is traded in USD and is progressively being utilized as a financial product, variations in the 

USD exchange rate have a knock-on impact on crude oil prices. In certain market dynamics, an 

increase in the value of the USD is likely to trigger a drop in nominal oil prices. the price of gold 

climbs due to rising demand, which eliminates potential arbitrage possibilities since more gold 

can be acquired when the US currency falls after the Us dollar falls in value relative to other 

currencies. The oil price stream may also be used to describe the underlying mechanism 

connecting gold and the FX market. 

The objective of this capstone is to study the evolution of the interdependence of the prices of 

gold, oil, and the exchange rate of the US dollar. 

The same reasons that contribute to FX market risk can also contribute to risk in the oil and gold 

markets. 

Cross-market severe risk spillover effects in big risk occurrences may need special consideration. 

When one market is rocked, the negative consequences are swiftly spread to other markets, 

potentially resulting in systemic financial risk. Extreme occurrences can have a negative impact 

on the global economy. Oil and gold are key economic commodities that have traditionally been 

used to predict economic downturns. During a downturn, exchange rates fluctuate violently, 

causing investor confidence and expectations to be shaken. Gold has some monetary 

characteristics and the potential to retain its value, and it is frequently preferred by risk-averse 

investors amid economic instability. 
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The volatility of oil priced in USD is also affected by the volatility of the currency trading market. 

This event emphasizes the need of researching risk spillovers among diverse economies during 

acute catastrophes. Investor assumptions and confidence levels fluctuate over investing periods, 

as do market players' aims, inclinations, institutional limits, data intake, and risk appetite. Short- 

term investors, for instance, make judgments mostly based on short-term events such as incidents 

and psychological considerations, but long-term investors frequently have longer-term tactical 

investment objectives. As a result, the dynamic risk spillovers between the oil, gold, and currency 

markets may shift with periodicity. 

Rising oil prices cause increased inflation and exchange rate shocks in oil-importing countries; 

thus, investors prefer gold to protect their currency portfolios from excessive currency swings. 

Most studies of the FX market's interconnectedness reveal that currency shocks from one nation 

are not idiosyncratic but can spread to other currencies. Currency stability is measured by swings 

in exchange rates. Changes in the US dollar's value versus other major currencies may impact its 

worth as global trade ties strengthen, and large FX currency pairings are particularly vulnerable 

to dollar shocks. The rise in FX market volatility has increased the volatility of globally allocated 

investment portfolios for investors whose consumption is denominated in the currencies of 

industrialized nations. 

4. Feasibility Study 

 
My capstone project is to study the interdependence of oil, gold, and US Dollar exchange rate. 

And as its title mentions, the study is going to be done among two important commodities of the 

global economy: gold, oil, and the US Dollar. 

So, the first step I'll do is to gather references (research papers, journal articles, books, etc.) that 

discuss the significance of these three objects and provide evidence of any interrelationship 
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between them. However, this phase demands separating the references and sources as well as 

paraphrasing and text citing.  

Then, I'll be directed to project the articles I discovered on a global scale onto the four African 

nations that are essential to my research for my capstone. And they are as follows: Morocco, South 

Africa, Egypt, and Nigeria. 

In addition, I will be expected to locate historical data for each of the above-named nations (The 

period esteemed is 2005- 2021 taking into consideration the challenges brought up by the Covid 

virus). I also need to obtain data from four nations, organize it, and estimate the missing data. 

To achieve my objectives, I will use well-established statistical approaches in both R and Python. 

5. Insight into the Oil and Gold Markets 

 
5.1. Oil Market 

 

Oil is without question among the highest sought-after assets worldwide, and it is frequently used 

as a weapon of war. Because of its capacity to hold a large amount of energy in a compact, readily 

movable quantity, oil enabled the creation of industrialized nations in the modern period. 

oil will continue to be a vital component in our everyday life for a several more generations 

though it has been vying with alternative sources of energy in the last 30 years within about. Oil 

is a commodity which cost is regulated by the laws of supply and demand. The corporations that 

drill for oil provide the supply. 
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Demand comes via refiners, who convert crude oil into goods that end users may utilize (fuels, 

combustibles, raw materials for the petrochemical industry). 

Refiners operate through expertized trading companies whose job it is to interfere in the market 

to purchase the amounts required for refinery production or to resale unwanted surpluses. 

These traders may also strive to benefit in the short term by vending and selling depending on 

quotidian price fluctuations. It is fairly unusual, for instance, for a cargo of oil to change hands 

several times before it is supplied. The "spot market" refers to the market in which these actual 

exchanges of barrels of oil occur. 

Along with the physical barrels of oil, there exist barrels of oil that are solely exchanged "on 

paper." Oil is often purchased and sold "on paper" based on a predicted future value, with no 

actual exchange of the product. 

These operations are held on futures markets, the two most important of which would be NYMEX, 

which was acquired by the CME in August 2008, and the IPE, which had become ICE Futures in 

2005 and is based in London. These deals let manufacturers to vend forward (or refiners to purchase 

forward) pre-fixed amounts of oil at a pre-fixed price, so protecting themselves from any 

unfavorable price change. 

Investors who serve as counterparties expect to profit from price volatility speculation. Their goal 

is to increase liquidity in the oil market by allowing industrialists to locate buyers and sellers of 

oil at any time, which is not possible on the OTC market. 

 
However, their significant growth in oil trades has resulted in increased price volatility. During 

times of crisis, the price of a barrel of oil has therefore been able to diverge substantially from the 

essentials of the oil market, both upwards and downwards. 
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WTI, for oil produced in the United States, and Brent, for oil produced in the North Sea, are the 

most well-known crude oils used as a reference for pricing across the world. 

However, there are more, such as Dubai Fateh for Persian Gulf oil, Bonny Light in Nigeria, and 

Western Canadian Select for heavy oil from Canadian oilfields. 

The price of crude oil is then set field by field, with a premium or discount from the price of a 

reference oil. If WTI or Brent are the most popular, it is not due to their excellence, but to their 

constant quote with various forward sale or buy terms on liquid marketplaces. Only the New York 

and London markets may currently provide this service. 

The oil market is unlike any other market in one significant way: oil volumes are openly managed 

by the world’s top exporters, who have grouped jointly in OPEC. [5] 

 

 

5.2. Gold Market 

 

 

 
Gold is a one-of-a-kind commodity with several applications that is in great demand. Gold has a 

 
constant value throughout time as both a consumer commodity (jewelry, technology components) 

and an investment, and it increases in value during times of financial turmoil. It is an important 

component of a well-balanced financial portfolio, serving as a supplement to stocks, bonds, and 

other alternative assets. Gold is a flexible hedge, outperforming many major asset classes in both 

rising and declining markets. Furthermore, gold is a highly liquid asset with no credit risk, is in 

continual demand, is rare, and may be saved for future generations. 

In contrast to other metals, the physical supply-demand balance is not the primary determinant of 

gold prices. 

The price of gold is also affected by its symbolic significance as a currency. On the one hand, this 

 

historical function is still essential today, and it is primarily manifested by central bank stocks, 



14  

which constitute considerable foreign exchange reserves. The value and movement of these 

physical gold holdings are determined more by macroeconomic factors than by actual physical 

supply. They have an immediate impact on gold prices. The indexation of the value of gold to the 

US dollar, on the other hand, makes it dependent on the fluctuations of this currency. 

The development of gold-backed investment vehicles known as ETFs, which have converted gold 

into a financial asset, is a new phenomenon. In recent years, this type of speculation has had a 

significant impact on the evolution of prices and their volatility. 
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Chapter 2: Time Series and DY (12) for the Spillover 

Index 

1. Times Series 

 
1.1. Definition 

 

The theory of time series discussed in this course is applied nowadays in fields as varied as 

financial economics, medicine or demography, to name only a few. We are interested in the 

evolution over time of a phenomenon, in order to write, explain and predict this phenomenon in 

the future. We thus have observations at different dates, that is to say a series of numerical values 

indexed by time. 

This sequence of observations of a family of real random variables noted (𝑋𝑡)𝑡∈𝜃 or (𝑋𝑡, 𝑡 ∈ 𝜃), 

where the set 𝜃 is called space of times that can be: 

• discrete, in this case 𝜃 ∈ 𝑍. The dates of observations are most often equidistant: e.g., 

monthly, quarterly surveys...These equidistant dates are then indexed by integers: 𝑡 = 1,2, 

…, 𝑇 and 𝑇 is the number of observations. We thus have the observations of the variables 

𝑋1, 𝑋2, …, 𝑋𝑇from the family (𝑋𝑡)𝑡∈𝜃 where 𝜃 ∈ 𝑍 (most often 𝜃 = 𝑍). Thus, if ℎ is the 

time interval between two observations and 𝑡0 is the time of the first observation, then 

observations and 𝑡0 is the time of the first observation, we have the following diagram: 
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• In a continuous time series, the time index has values in an interval of R, and one has (at 

least potentially) an infinite number of observations from a process (𝑋𝑡)𝑡∈𝜃 where 𝜃 is an 

interval of R. Such a process is said to be continuous time. The methods presented in this 

framework are different from those for discrete-time time series and presented in the 

following. 

 
 

In this report, I will only consider stochastic processes (𝑋𝑡)𝑡∈𝜃 with discrete time.  

 
 

1.2. Description of a Times Series 

 

 
We consider that a time series 𝑋𝑡 is the result of different fundamental components: 

 
• the trend (𝑍𝑡) represents the long-term evolution of the studied series. It translates the 

"average" behavior of the series. 

• The seasonal component (or seasonality) (𝑆𝑡) corresponds to a phenomenon that recurs at 

regular time intervals (periodical). In general, it is a seasonal phenomenon, hence the term 

seasonal variations. 

• The residual component (or noise or residual) (𝗊𝑡) corresponds to irregular fluctuations, 

generally of a low intensity but random nature. We also speak of hazards. 

• Accidental phenomena (strikes, exceptional weather conditions, financial crashes) can 

occur. 

• Another component that is sometimes specifically studied is the cyclical phenomenon: this 
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•  is often the case in climatology and economics (example: recession and expansion…). It 

is a recurring phenomenon, but unlike seasonality, it is not fixed and generally longer. 

Without specific information, it is generally very difficult to dissociate trend and cycle.[7] 

 
 

1.3. Main Objectives 

 

The study of a time series allows to analyze, to write and to explain a phenomenon in the course 

of time and to draw consequences for decision making (marketing...). 

This study also allows to make a control, for example for the management of stocks, the control 

of a chemical process... More generally, we can already pose some problems when we study a 

time series. 

 

 
There are still many other immediate objectives related to the study of time series. For example, 

if two sequences are observed, one can ask if two series are observed, one can ask what influence 

they have on each other. By noting 𝑋𝑡 and 𝑌𝑡 the two series in question, one examines whether 

there are relationships of the type: 

 

 

 

𝑌𝑡 = 𝑎1𝑋𝑡+1 + 𝑎3𝑋𝑡+3 

 

Which is our area of interest in this report. 
 

Here, two questions arise: first, the question of causality, which variable (here 𝑋𝑡) will explain the 

other (here (𝑌𝑡)), which leads to the second question, that of the time lag: if an influence of (𝑋𝑡) 

on (𝑌𝑡) exists, with what time lag and for how long does the explanatory variable (𝑋𝑡) 

influence the explanatory variable (𝑌𝑡)?   
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A last important problem of finance and macroeconomics is to determine the persistent (long 

term) relations from the other (short term) relations. 

2. Schematic description of the complete study of a chronological 

series 

As we have just seen, one of the main objectives of the study of a time series is the prediction of 

future values of this series. For this, we need to know or at least model the production mechanism 

of the time series. 

Let us note that the variables 𝑋𝑡 are most often neither independent (we can indeed expect that 

observations relatively close in time are related) nor identically distributed (in most cases, the 

phenomenon evolves, changes over time which leads to the variables describing it not being 

equally distributed). This requires specific statistical methods of processing and modeling since, 

in particular, in a standard framework (that of the description of a sample) the classical statistical 

methods are based on independence hypotheses. 

Schematically, the main steps in processing a time series are as follows: 

 
2.1. Data correction 

 

Before starting to study a time series, it is often necessary to process and modify the raw data. For 

example, 

- evaluation of missing data, replacement of accidental data, ... 

 
- decoupage into sub-series. 

 
- standardization to get back to intervals of fixed length. For example, for monthly data, we return 

to the standard month by calculating the daily average over the month (total observations over the 
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month divided by the number of days in the month). 

 
- data transformation: for various reasons, we can sometimes use transformed data. For example, 

in economics, we use the Box-Cox family of transformations: 

𝑌 = [
1 

(𝑋 )λ − 1] , λ ∈ R ∗ 
 

𝑡 λ 𝑡 

 

 

2.2. Observation of the series 

 

A general rule in Descriptive Statistics is to start by looking at the data before doing any 

calculation. Thus, once the series has been corrected and preprocessed, we draw its graph, i.e., the 

curve with coordinates (𝑡, 𝑋𝑡). 

2.3. Modeling 

 

A model is a simplified image of reality that aims to translate the operating mechanisms of the 

studied phenomenon and allows to better understand them. A model can be better than another to 

describe reality and of course, several questions arise: how to measure this quality? 

how to diagnose a model? We present in this section a small list that serves to summarize and 

classify the different models considered in this report. 

We distinguish mainly two models: 

 
- determinist models. These models belong to Descriptive Statistics. They only involve the 

calculation of probabilities in an underlying way and consist in supposing that the observation of 

the series at date t is a function of time t and of a variable 𝗊𝑡 centered acting as an error in the 

model, representing the difference between reality and the proposed model: 

𝑋𝑡 = 𝑓(𝑡, ∈𝑡). 

 
It is further assumed that the 𝗊𝑡 are decorrelated. 
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The two most commonly used models of this type are: 

 
2.3.1. the additive model. This is the "classical decomposition model" in the treatment of 

adjustment models. The variable 𝑋𝑡 is written as the sum of three terms: 

𝑋𝑡 = 𝑍𝑡 + 𝑆𝑡 +∈𝑡, 

 
where 𝑍𝑡 represents the trend (deterministic), 𝑆𝑡 the seasonality (also deterministic), 

and 𝗊𝑡 the random components ("errors to the model"). 

 
 

2.3.2. The multiplicative model. The variable 𝑋𝑡 is written to the nearest error term as the 

product of the trend and a seasonality component: 

𝑋𝑡 = 𝑍𝑡 (1 + 𝑆𝑡)(1 +∈𝑡) 
 
 

 
The adjustment here is multiplicative and occurs in the (G)ARCH and VAR models. 

 
2.4. The trend-corrected series 

 

The trend acts as a strong correlation between the 𝑋𝑡 variables, but this correlation does not express 

any explanatory link. We must therefore isolate this trend, then study it separately and finally 

eliminate it from the series to see if any explanatory links exist and study only these correlations 

without a trend. We define the trend-corrected series (𝑋𝑐𝑠𝑡, 𝑡)𝑡 by removing the trend. The 

detrended series is: 

• for the additive model: 𝑋𝐶𝑇, 𝑡 = 𝑆𝑡 +∈𝑡 
 

• For the multiplicative model: 𝑋𝐶𝑇, 𝑡 = 𝑆𝑡 (1 +∈𝑡) 

 
2.5. Choice of model 

 

Before any modeling and deep study of the model, we first try to determine if we are in 
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the presence of a series in which for a given observation X, the seasonal variation S is simply 

added to the trend Z 

- the seasonal variation S is simply added to the trend Z; this is the additive model. 

 
- the seasonal variation S is proportional to the trend Z; this is the multiplicative model. 

The multiplicative model is the area of our interest. 

We consider in this section a set 𝑋𝑡 = (𝑋𝑡)𝑡 admitting a multiplicative decomposition 

 
𝑋𝑡 = 𝑍𝑡 (1 + 𝑆𝑡)(1 +∈𝑡), 𝑡 = 1 … 𝑇, 

 
where 𝑍𝑡 is the trend component, 𝑆𝑡 is the seasonal component and ∈𝑡 represents the error or 

deviation from the model. Again, the seasonal component verifies 

𝑃 

∑ 𝑐𝑖 = 0. 

𝑖=1 

 

The amplitude of the series is no longer constant over time: it varies over time in proportion to 

the trend 𝑍𝑡 to the nearest noise. In this model, we consider that the amplitudes of the fluctuations 

depend on the level. 

2.6. Profile method 

 

To make the determination between additive and multiplicative model graphically, we can for 

example superimpose the seasons represented by profile curves on a similar graph. 

For example, we can superimpose the seasons represented by profile curves on the same graph. If 

these curves are parallel, the model is additive, otherwise the model is multiplicative. 

2.7. Strip method 

 

we draw a line passing respectively through the minima and maxima of each season. If these two 
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lines are parallel, we are in presence of an additive model. Otherwise, it is a multiplicative model. 

 
2.8. Analytical method 

 

The means and standard deviations are calculated for each of the periods considered and then the 

least squares line 𝜎 = 𝑎𝑥 + 𝑏. 

If a is zero, it is the additive model, otherwise it is the multiplicative model. 

 
3. Moving averages 

 
These tools are part of the first methods for the analysis of time series. It seems that the physicist 

Poynting was the first, in 1884, to have used moving averages to eliminate accidental or periodic 

variations in a series. or periodical variations of a series. In 1904, Spencer introduces a moving 

average (symmetric of order 15) allowing to keep polynomials of degree 3. Then from 1914, the 

great figures of statistics such as Student, Pearson, and Yule for example, are interested in this 

kind of problem. 

A transformation of 𝑋𝑡 written as a finite linear combination of the values of the series 

corresponding to dates surrounding t is called a moving average. The transformed series is written 

as 

𝑚2 

𝑀𝑚1+𝑚2+1𝑋𝑡 = ∑ 𝜃𝑖 𝑋𝑡+𝑖 

𝑖=−𝑚1 

 

= 𝜃−𝑚1𝑋𝑡−𝑚1 + ⋯ + 𝜃−1𝑋𝑡−1 + 𝜃0𝑋𝑡 + 𝜃1𝑋𝑡+1 + ⋯ + 𝜃𝑚2𝑋𝑡+𝑚2, 

 
where 𝜃−𝑚1, …, 𝜃𝑚2 are reals and𝑚1, 𝑚2 ∈ 𝑁. We call the order of the moving average the value 

 

𝑚1 + 𝑚2 + 1. 

 
1. The order simply represents the number of terms considered in the sum. 
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𝑡 

2. It is clear that the above definition only makes sense for times 𝑡 such that 

 

𝑚1 + 1 ≤ 𝑡 ≤ 𝑇 − 𝑚2. 
 

3. We also note 𝑀𝑚1+𝑚2+1𝑋𝑡 = 𝑀𝑚1+𝑚2+1(𝑋𝑡) = 𝑋∗. The second notation hides the fact that 

the moving average is an operator and not an application. The last notation is more 

compact, but its disadvantage is that the order does not appear anymore. 

 

 
 

A moving average in t is a finite linear combination of the values of the series corresponding to 

dates surrounding t, so it realizes a smoothing of the series, an averaging. 

We can rewrite the moving average in terms of operators. For this purpose, we define the operator 

B, called delay operator, which associates to any process (𝑋𝑡)𝑡∈𝑍 the process (𝑌𝑡)𝑡∈𝑍 defined by 

∀𝑡 ∈ 𝑍, 𝑌𝑡 = 𝐵𝑋𝑡 = 𝑋𝑡−1 

 
If we compose B with itself, we obtain 𝐵2 = 𝐵 ◦ B such as 

 
∀𝑡 ∈ 𝑍, 𝑌𝑡 = 𝐵2𝑋𝑡 = 𝑋𝑡−2 

 
We can iterate this application and define by recurrence 

 
𝐵𝑘𝑋𝑡 = 𝑋𝑡−𝑘 𝑘 ∈ 𝑁. 

 
By convention, 𝐵𝑂 is the identity operator 𝐼. 

 
The operator 𝐵 is linear and invertible. Its inverse 𝐵−1 = 𝐹 is defined by 

 
∀𝑡 ∈ 𝑍, 𝐹𝑋𝑡 = 𝑋𝑡+1 

 
The 𝐹 operator is called the leading operator. 

 
We can rewrite the moving average in terms of the 𝐵 and 𝐹 operators: 
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𝑚2 𝑚2 

𝑀𝑚1+𝑚2+1𝑋𝑡 = ∑ 𝜃𝑖 𝐵
−𝑖 = ∑  𝜃𝑖𝐹

𝑖. 
𝑖=−𝑚1 𝑖=−𝑚1 

 

Factoring by 𝐵𝑚1 and making 𝑗 = 𝑖 + 𝑚1, we obtain the following canonical form 
 
 

𝑚1+𝑚2 𝑚2 

𝑀𝑚1+𝑚2+1 = 𝐵𝑚1 ∑ 𝜃𝑗−𝑚1 = 𝐵𝑚1    ∑ 𝜃𝑖 𝐹
𝑚1+𝑖  = : 𝐵𝑚1 𝑃(𝐹). 

𝑗=0 𝑖=−𝑚1 

 
 
 

 

Note that −𝑚1 is therefore the smallest exponent of 𝐹 and 𝑚2 the largest in the 

definition of the moving average. Equivalently, 𝑚1is the largest exponent of 𝐵 and 

−𝑚2 the smallest. 

 
Vocabulary: 

 
The polynomial 𝑃 involved in this last expression of 𝑀𝑚1+𝑚2+1 is defined by 

 
𝑚2 

𝑃(𝑥) = ∑    𝜃𝑖𝑥
𝑚1+𝑖  = 𝜃−𝑚1 + 𝜃−𝑚1+1𝑥 + ⋯ + 𝜃𝑚2𝑥𝑚1+𝑚2

 

𝑖=−𝑚1 

 

is called the characteristic polynomial of the moving average 𝑀𝑚1+𝑚2+1. We notice that P can 

also be written in the following form 

𝑚1+𝑚2 

𝑃(𝑥) = ∑ 𝜃𝑗−𝑚1𝑥𝑗 

𝑗=0 
 

 

The moving average is said to be centered when 𝑚1 = 𝑚2 = 𝑚. 

 
- A centered moving average is symmetric if and only if 𝜃−𝑖 = 𝜃𝑖, 𝑖 = 1, …, 𝑚. 
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𝑖=−𝑚 

𝑖=1 

𝑖=0 

- An arithmetic moving average is a centered moving average, of order (odd) 2𝑚 + 1 and 

such that: 

1 
𝜃𝑖 = 

2𝑚 + 1
, ∀𝑖 = −𝑚 … 𝑚. 

 
An arithmetic moving average is therefore centered (by definition) and symmetric. In particular, 

 

in this case, ∑𝑚 𝜃𝑖 = 1 and 𝑀2𝑚+1𝑋𝑡 appears as the average of the observations 

 
𝑋𝑡−𝑚, … , 𝑋𝑡, … , 𝑋𝑡+𝑚. 

 
 
 

 

4. DY (12) for the Spillover Index 

 
We expand the DY spillover index, which is based on the well-known concept of a variance 

decomposition linked with an N-variable vector autoregression. DY, on the other hand, focuses 

on total spillovers in a basic VAR. We make progress because of Cholesky factor 

orthogonalization by quantifying directional spillovers in a generalized VAR structure that 

excludes the possibility of the outcomes of ordering. 

Assume a   covariance   stable   𝑁 − 𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒 𝑉𝐴𝑅(𝑝), where   𝑥𝑡 = ∑𝑝 Φ𝑖 𝑥𝑡−𝑖 + 𝜀𝑡   where 

 

𝜀~ (0, ∑) is a vector of independently and uniformly distributed disruptions. 

 

The rolling average notation is 𝑥𝑡 = ∑∞   𝐴𝑖 𝜀𝑡−𝑖, where the 𝑁𝑥𝑁 coefficient matrices 𝐴𝑖 satisfy 
 

the recurrence 𝐴𝑖 = Φ1𝐴𝑖−1 + Φ2𝐴𝑖−2 + ⋯ + Φ𝑝𝐴𝑖−𝑝, where 𝐴0 is a 𝑁𝑥𝑁 identity matrix and 

 
𝐴𝑖 = 0 for 𝑖 < 0. [9] 

 
The moving average coefficients (or changes including impulse response functions or variance 

decompositions) are essential for understanding the system's dynamics. We use variance 

decompositions to divide the prediction error variances of every variable to portions that are due 
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𝑖𝑗 

ℎ=0 

to the numerous system shocks. For each I the variance decompositions enable us to estimate the 

percentage of the H-step ahead error variance in forecasting 𝑥𝑖 that is attributable to shocks to 𝑥𝑗, 

∀𝑗 ≠ 𝑖 for each 𝑖. 

 
Variance decompositions need orthogonal advances, but my VAR advances are typically 

contemporaneously associated. Although identification approaches based on Cholesky 

factorization accomplish orthogonality, the variance decompositions are then dependent on the 

ordering of the variables. We avoid this difficulty by utilizing the extended VAR framework of 

KPPS, which generates variance decompositions that are ordering consistent. Rather than aiming 

to orthogonalize shocks, the generalized methodology enables for correlated shocks while 

accounting for them effectively using the historically known distribution of mistakes. Because the 

shocks to every variable are not orthogonalized, the total of the contributes to the variance of the 

prediction error (which is, the row summation of the variance decomposition table items) is not 

always one. 

4.1. Variance shares 

 

 
Own variance shares are the fractions of the H-step-ahead error variances in forecasting 𝑥𝑖 which 

are attributable to shocks to 𝑥𝑖, for 𝐼 = 1,2, …, 𝑁, and cross variance shares, or spillovers, are the 

fractions of the H-step ahead error variances in forecasting 𝑥𝑖 that are due to shocks to 𝑥𝑗, for 𝐼 𝑗 = 

1,2, … , 𝑁, such that 𝐼 = 𝐽. 

We have termed the KPPS H-step-ahead prediction error variance decompositions by 𝜃𝑔(𝐻), for 

 
𝐻 = 1,2, …, we have 

 

𝜎−1 ∑𝐻−1(𝑒′
𝑖 𝐴ℎ ∑ 𝑒𝑗) ² 

𝜃𝑔(𝐻) = 𝑗𝑗 ℎ=0 (1) 

𝑖𝑗 ∑𝐻−1 𝑒′
𝑖 𝐴ℎ ∑ 𝐴′

ℎ 𝑒𝑖
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𝑗=1 𝑖𝑗 

 
 

Where ∑ is the 𝜀 error vector's variance matrix, 𝜎𝑗𝑗 is the standard deviation of the error term for 

the 𝑗𝑡ℎ equation, and 𝑒𝑖 is the selection vector, with one as the ith element and zeros otherwise. 

As previously stated, the sum of the items in each row of the variance decomposition table does 

not equal one: ∑𝑁 𝜃𝑔 (𝐻) ≠ 1. 
 

 

In order to employ the information supplied by the variance decomposition matrix in the 

construction of the spillover index, we standardize each member of the variance decomposition 

matrix by the row sum

 
 

�̃�𝑖𝑗
𝑔(𝐻) =

𝜃𝑖𝑗
𝑔(𝐻)

∑ 𝜃𝑖𝑗
𝑔(𝐻)𝑁

𝑗=1

        (2) 

 

It's worth noting that, by definition, 
 
 

 
 

∑ �̃�𝑖𝑗
𝑔

(𝐻)
𝑁

𝑗=1
= 1 

 

And 
 

 

∑ �̃�𝑖𝑗
𝑔

𝑁

𝑖,𝑗=1
(𝐻) = 𝑁 

 
  

 

4.2. Total Spillovers 

 

 

 
We can calculate the overall volatility spillover index using the volatility contributions from the 

KPPS variance decomposition: 
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This is the KPPS equivalent of Diebold and Yilmaz's Cholesky factor-based metric (2009). The 

total spillover index accounts for the influence of volatility shock spillovers throughout all 

four asset classes on overall prediction error variance. 

 

 

4.3. Directional Spillovers 

 

Although studying the total volatility spillover index is adequate to determine how much of a 

shock to volatility spills over across key asset classes, the generalized VAR technique allows us 

to learn about the direction of volatility spillovers across major asset classes. We compute the 

directional spillovers using the normalized components of the generalized variance decomposition 

matrix since the generalized impulse responses and variance decompositions are invariant to 

variable ordering. The directional volatility spillovers received by market I from all other markets 

j are measured as follows: 
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Similarly, we calculate the directional volatility spillovers sent by market I to all other markets j 

as follows: 
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The set of directional spillovers may be thought of as a decomposition of total spillovers to those 

emanating from (or to) a specific source. 

4.4. Net spillovers 

 

 

 
As a result, we calculate the net volatility spillover from market I to all other markets j. 

 
𝑆𝑖

𝑔(𝐻) = 𝑆.𝑖
𝑔(𝐻) − 𝑆𝑖.

𝑔(𝐻)          (6) 

 
 

 

The difference between the gross volatility shocks delivered to and those received from all other 

markets is the net volatility spillover. [8] 

 

 
 

4.5. Net Pairwise Spillovers 

 

 

 
In Eq. (6), the net volatility spillover offers a summary of how much each market contributes to 

the volatility in other markets in net terms. It is also worthwhile to investigate the net pairwise 

volatility spillovers, which we define as: 

𝑆𝑖𝑗
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𝑁
).100 

 

The difference between the gross volatility shocks communicated from market I to market j is 

simply the net pairwise volatility spillover between markets I and j. [10] 
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Chapter 3: Implementation of the VAR Model on R & 

Python 

First, I read the excel file which contains the historical data on a monthly basis for sixteen years 

on Python. Then, I plotted it and that is to easily visualize the behavior of every commodity and 

the USD exchange rate against the currency of each of the four countries from 2005 to 2021 on a 

rate of 6 months. 

 

 
 

 

Here, we notice that we have a problem of scaling. The solution is data wrangling through a 

normalization function on python.  

 

(View Appendix B for the Python Code) 

 Figure 2: Graph Showing the Interrelatedness of XAU, WTI, and USD/MAD Before Scaling 

Figure 1:Graph Visualizing each commodity against the USD Exchange Rate Using Python before scaling 
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Figure 3: Graph Showing the Interrelatedness of XAU, WTI, and USD/MAD After Scaling 

 

The key point we make in the case of Morocco is that the exchange rate between USD and MAD 

swings a lot over time in a very quick and unpredictable manner. As a result, this market is 

extremely volatile. Also, that the USD/MAD is inversely proportional to both gold and oil at the 

same time. 

 

Figure 4: Graph Showing the Interrelatedness of XAU, WTI, and USD/EGP Before Scaling 

 
Figure 5: Graph Showing the Interrelatedness of XAU, WTI, and USD/EGP After Scaling 
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In the case of Egypt, the most notable event is the dramatic surge in 2016 after years of stability, 

when the Central Bank of Egypt (CBE) declared in a surprise move on the morning of November 

3, 2016, that it had completely floated the Egyptian pound (EGP). 

There are three more significant observations. The first is that before to 2016, the USD/EGP 

exchange rate was inversely related to both gold and oil. However, with the events of 2016, gold 

and EGP become directly proportional, and both inversely proportional to oil. 

 

 

 

 

We may see similarities between the cases of South Africa and Morocco. The market is volatile 

because it rises and falls at a rapid pace. 

Figure 6: Graph Showing the Interrelatedness of XAU, WTI, and USD/ZAR Before Scaling 

Figure 7: Graph Showing the Interrelatedness of XAU, WTI, and USD/ZAR After Scaling 
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Figure 9: Graph Showing the Interrelatedness of XAU, WTI, and USD/NGN After Scaling 

 

Last but not least, there is the case of Nigeria, where we see that it has been stable for years, 

similar to Egypt, and then suddenly, we see a rise in 2016, which is because the central bank 

banned the sale of dollars to exchange bureaus in 2016 to avoid depleting Nigeria's reserves 

following a sharp drop in oil prices. This already demonstrates how oil, and the Nigerian currency 

rate are linked. Correlation, however, does not indicate causality. This is insufficient data to 

conclude that oil or gold were to blame. 

The volatility spillover index will demonstrate causality for us. 

 

 

Currently, the package collaborates closely with the vars, urca, and BigVAR packages. In general,  

Figure 8: Graph Showing the Interrelatedness of XAU, WTI, and USD/NGN Before Scaling 
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if one has any model that can generate the forecast error variance decomposition, they can make 

it work with this package relatively easily. 

Let's start with the fundamentals. First, I loaded some packages and gathered some data.  

Then, the estimate computed is used to compute the connectedness measures. First, traditional 

overall measures that are not frequency dependent, as in DY, with the option of removing cross 

correlation elements. These commands print the table as well as all relevant measures. If I preserve 

them, I will use the functions overall, to, from, net, and pairwise to get the spillovers in numerical 

form. 

Because the total variance of the system is computed across these frequencies, the limits should 

encompass the range (1.001, 0) ∗ 𝑝𝑖. (If one wishes to exclude the trend from their computations, 

they must use (1.001, 0.01) ∗ 𝑝𝑖 and the computation will ignore the variation formed around the 

zero frequency.) Again, if I preserve the spillover function outputs, I will assess the overall, to, 

from, net, pairwise to obtain the required tables. 

In many circumstances, the dynamics of connectivity are of interest. 

 
In general, there is an overflow. The following parameters are sent to the Rolling function: 

 
1) data, as in the historical data I imported from python to R using rpy2, 

 
2) the inputs for the applicable spillover function, such as n.ahead, no.corr, and, in the case of the 

BK variation, partition, 

3) Which window should you roll? 

 
4) The name of the function used for estimates, in this instance “VAR”, as well as a list of 

arguments for this function named params_est. 
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If I have multiple cores available, as is common in modern machines, it is advantageous to leverage 

them throughout one parallel package, specifically in the context of moving estimate. Using two 

cores nearly often doubles the performance. 

Here is an example of the results I got after running the R code. 
 

 

 

 

 

 

 

 

Figure 10: Sample R code to test the function params_est 

Figure 11:Spillover Table in Morocco Using R 

Figure 12: Spillover Table in Egypt Using R 

Figure 13: Spillover Table in South Africa Using R 
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The spillover index approach of DY 12 is used in this study to investigate the risk spillover impacts 

of the oil, gold, and USD exchange rates against MAD, ZAR, NGN, and EGP in the short  

and long terms. The findings indicate that short-term spillovers are more substantial than long- 

term spillovers, and that the considered nations' foreign exchange markets in this project have 

large spillover impacts on the oil and gold markets. 

I also built spillover networks to discover diverse sources of risk and contagion directions. We 

discover that the currency markets largely operate as spillover transmitters, while the oil and gold 

markets mostly act as spillover receivers, notably for short-term spillovers. 

Identifying net spillovers among cross-asset markets, for example, could allow investors design 

profitable investment portfolios in the short and long term. Furthermore, these findings are 

extremely important for policymakers attempting to develop policies for different periods of time 

and track the risk triggers of the entire system of spillovers. Particularly, shifting spillovers or 

connections over time could assist policymakers in developing flexible policies that are distinct 

in the short and long run. 

First, this research explores the dynamics of volatility spillovers across the oil, gold, and four 

African FX markets, concentrating on the periodicity of spillovers caused by shocks with varying 

frequency responses. This study, which includes 4 key currency pairings from developing 

African nations, gives insight into the sensitivity of oil and gold prices to exchange rate swings, 

Figure 14: Spillover Table in Nigeria Using R 



37  

as well as vice versa. The heterogeneity of currency market risk spillovers in various economies 

is identified. I also presented a frequency response approach to illustrate the trend of growth of 

cross-market spillover across time - frequency. 

Our results have ramifications for portfolio managers at various investment ranges. Short-term 

investors in crude oil and gold need to attach importance to extraordinary changes in the FX 

market, and they could benefit from significant detail spillovers from developing nations' FX 

markets to the oil and gold markets. 

Authorities must prioritize risk precautionary actions and the development of a diversified 

governance scheme for long-term and short-term risk spillovers. In order to increase their 

preventative capacities in the face of the influence of world events in different cycles, regulatory 

agencies must implement focused policy agenda. In the immediate term, authorities should 

concentrate on addressing FX risk shocks in developing countries, which have medium risk 

spillovers to the gold and oil markets. Long term, developing nations need to establish partial 

restrictions on capital and a pegged exchange rate regime to progressively improve the resilience 

of FX markets to high-risk shocks.[9] 
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STEEPLE ANALYSIS 

 
1. Social: 

This study is beneficial for individuals to examine the history of African nations' economics in 

order to truly comprehend what caused inflationary pricing during times when oil and gold prices 

skyrocketed. This would also assist individuals in budgeting as a financial tool, as well as 

forecasting any future crises. 

2. Technological: 

 
My project was built with a dual programming language mix (R & Python). That was made 

possible by rpy2, which aids in the conversion of Python code into R. I picked this language 

combination to improve the performance of the code since some libraries fit best imported in R 

and others function best imported in Python. 

3. Environmental: 
From a wide viewpoint, my study project does not necessarily indicate any environmental 

ramifications. However, if we twist the narrative and zoom into t the commodities on which I 

have based my study, we can see that the only environmental effect that occurs is that of oil 

producing and gold mining. 

4. Economic: 
The research I conducted would really benefit investors by providing them with a greater 

understanding of African economies. It would surely assist them in making a financial decision 

through the diversification of their portfolios and the inclusion of African markets. 

5. Political: 
The collapse or rise of oil and gold prices, the economic deterioration due to the appreciation or 

depreciation of the US dollar versus other currencies, simply all the variables I have entered into 
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this study has been shown to have a hand in molding the politics of emerging African countries. 

6. Legal and Ethical: 
The project's implementation does not break any laws in any form, but instead meets all 

legitimate standards at international and national levels. All the methods taken to build the final 

product are legal and acceptable. 
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CONCLUSION 

 
There is now a tremendous expansion in the links between global capital markets in recent years. 

This interconnection across markets provides investors with significant diversification gains in 

portfolio holdings and risk management, which is also critical for external funds of developing 

nations. 

At present normally, there is a strong correlation between gold, oil, and the USD. When the green 

bucks decline, gold advances. And vice versa. In recent weeks, the relationship has become 

negative. Similarly, oil also tends to fluctuate inversely with the dollar. 

Econometric work of this project would show that it is indeed the dollar that influences the price 

of gold, and not the other way around especially in the four African countries that we are 

concerned with. 

In conclusion, this study is a helpful tool for strategic investors with long-term ambitions which 

might diversify their portfolios by adding oil or gold to their holdings. Because implied volatility 

converts explicitly into risk, investors' judgments must consider the volatility of cross-market risk 

spillovers as assessed by the IVI. 
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APPENDIX A: Initial Specification 

 
ATMANI Inâam 

EMS 

INTERDEPENDENCE OF US DOLLAR EXCHANGE RATE, OIL, AND GOLD PRICES 

USING DEEP LEARNING 

LAAYOUNI L, AZZOUZ M 

SPRING 2022 

 

 
The aim of this capstone is to investigate the evolution of the interdependence between gold, oil, 

and the US dollar exchange rate. The research phase will be divided into two sections. We will 

monitor the gold and oil markets of the nations under consideration, which are South Africa, 

Nigeria, Morocco, and Egypt, as well as the appreciation and depreciation of the US dollar, in 

order to identify a link between the three. The data will be collected between 2005 and 2021. After 

these three criteria have been thoroughly examined, the computation of the spillover index may 

proceed. Diebold and Yilmaz's approach will be utilized to determine the spillover index. The 

next phase in this project is to put everything together utilizing time series and deep learning 

algorithms. My initiative, on the other hand, has no societal or ethical repercussions. 
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APPENDIX B: Historical Data Sample 
 

 
 

 

Figure 15: Historical Data Sample of USD/MAD 
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Figure 16: Historical Data Sample of USD/EGP 
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Figure 17: Historical Data Sample of USD
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Figure 18: Historical Data Sample of USD/NGN 
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Figure 19: Historical Data Sample of XAU/USD 
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Figure 20: Historical Data Sample of WTI/USD 
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APPENDIX C: Python Graphs 
 

 

 

 
 

 
 

 

 

 
 

 

Figure 21: Graph of USD/MAD 

Figure 22: Graph of USD/EGP 

Figure 23: Graph of USD/ZAR 
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Figure 24: Graph of USD/NGN 

 

 

 

 

Figure 25: Graph of XAU/USD 
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APPENDIX D : Python & R Code Sample 

Figure 26: Python Code for Plotting and Exporting Data to R 
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Figure 27: R Code for Implementing the VAR Model 


