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Abstract
This paper assesses the sensitivity of the real exchange rates in two major OPEC+ countries, namely, Russia and Saudi Arabia, to shocks on oil price. We employ regression discontinuity designs and quantile regression analysis and allow for structural breaks. This paper is one of the first to use the regression discontinuity approach to assess the relationship between the price of crude oil and the real exchange rate of both countries. The results indicate that Russia’s real exchange rate depreciated significantly following the 2014 oil price crash. Saudi Arabia’s real exchange rate did not fall significantly during the same economic crisis. Quantile regression analysis is used to show how oil price swings affect the real exchange rates of each country in bearish, neutral and bullish currency markets. The results indicate that Russia’s real exchange rate appreciates (depreciates) as the price of oil increases (decreases) through all currency markets. This confirms what existing studies have shown through the quantile regression analysis approach. Saudi Arabia shows mixed results. The results indicate that Saudi Arabia’s real exchange rate does not always rise when the West Texas Intermediate (WTI) price of oil falls (and vice versa). This is mainly attributable to its fixed nominal exchange rate and asserts the role played by the exchange rate regime adopted by that country. The results indicate that Russia’s real exchange rate is more sensitive to crude oil price swings than Saudi Arabia.



1. Introduction
Most of the world’s largest oil-producing countries formed the Organization of the Petroleum Exporting Countries (OPEC). In 2016, OPEC members formed an alliance with even more oil-exporting countries to form OPEC+ or OPEC Plus. In late 2018, the thirteen member OPEC countries made up over 40% of all global crude oil production. In late 2016, the OPEC+ membership was formed with the following ten additional oil-exporting countries: Russia, Azerbaijan, Bahrain, Brunei, Kazakhstan, Malaysia, Mexico, Oman, South Sudan and Sudan. The OPEC+ member countries, led by Russia, have attempted to fix global crude oil prices by agreeing to production quotas through mutual cooperation.
The OPEC and OPEC+ agreements have largely been criticized for having cartel-like qualities. Very few papers have assessed the difficult dual mandate that the OPEC+ agreement is trying to meet. Each country in the OPEC+ agreement is helping to rebalance the market after unprecedented demand and supply shocks while simultaneously trying to achieve higher revenue and market share in the global oil market. This is a plausible statement as Russia broke the OPEC+ alliance on March 6th, 2020 only to re-join again in mid-April, 2020.
The two countries of interest in this study are Saudi Arabia and Russia. Both countries are the highest oil exporting countries compared to their OPEC and OPEC+ counterparts. According to the OPEC website, Saudi Arabia possesses close to 17% of the world’s proven petroleum reserves. Oil exports account for nearly 70% of its total export earnings. Russia accounted for 11% of global oil exports in 2018. 
Oil prices dropped sharply in March 2020 as the COVID-19 pandemic began. The U.S. West Texas Intermediate (WTI) crude fell and averaged US$29.21 a barrel for that month. In mid-April, the WTI slid even further to US$20. On April 20th, 2020, the WTI closed at -US$37.63 per barrel. The Western Canadian Select (WCS), which is highly correlated to the WTI, reached its lowest level as it dropped below US$5 a barrel on average in April, 2020. 
It is highly probable that this had an impact on the OPEC+ agreement and the real exchange rates of Russia and Saudi Arabia. In fact, this did have an impact on the OPEC+ agreement. Russia backed out of the OPEC+ agreement in March 2020 (Hanieh, 2021). The oil producers in Saudi Arabia launched a counterattack on March 8th, 2020 and sought to increase its oil supply to 12.3 million barrels per day (Hanieh, 2021). The Dow Jones Industrial Average fell a record of 2,000 points on March 9th, 2020, the largest ever intra-day loss (Hanieh, 2021). This left Saudi Arabia with an excess supply of oil while the WTI price averaged a record low of US$29.21.
Despite how Saudi Arabia’s economy rebounded as a new OPEC+ agreement was made in mid-April 2020, the drop in the WTI prices exposed how much of an impact it has on oil-exporting countries. Oil-dependent exporting countries face serious problems as a result of plunges in oil prices. Hence, there is a high importance in studying Saudi Arabia and Russia as they are among the major oil-exporting countries in the world. Their coordinated efforts in the oil sector have a significant impact on the price of oil.
Understanding how the price of crude oil impacts real exchange rates is vital.  There is strong theoretical reasoning that oil prices have a role in determining exchange rates for many countries. Understanding how shocks to the price of crude oil impact the real exchange rate is important as real exchange rate movements influence trade, FDI, foreign investment and capital flows, which in turn are the key drivers of a country’s economic growth and employment. Also, this area of study has important implications for investors and policy makers. The information relating to volatility in this market is important for formulating portfolio strategies and efficient monetary and energy policies.
Few studies have explored how the price of oil affects the real exchange rate of OPEC and OPEC+ member countries (Amani, Shahbazi & Zonouzi, 2020; Baek, 2021; Almulai & Sab, 2013). This paper is important as it investigates how the largest shock in the WTI price of oil impacted Saudi Arabia and Russia since OPEC+ was formed. This event arguably could have been the leading factor that led to the formation of the OPEC+ agreement in late 2016. This event is, of course, the 2014 oil price crash. The 2014-2016 collapse in oil price was driven by a growing supply glut. At that time, the global demand for oil decreased dramatically. This resulted in a low responsiveness of economic activity in oil-importing markets. The lower prices soon led to an abrupt slowdown in production in key oil-exporting countries. The monthly average WTI price of oil fell from $105.79 in June of 2014 to $47.22 in January of 2015 (according to the FRED database). This had an impact on both Russia and Saudi Arabia’s real exchange rates. This paper will also take Russia’s sanctions against the U.S., E.U. and other countries into account. The U.S. and many leading countries imposed sanctions on Russia in response to Russia invading Crimea in early 2014. Russia retaliated by banning food imports from its largest trading partners. This undoubtedly had a negative effect on Russia’s economy.
Very few studies have employed a quantile regression approach in this area of study for OPEC and OPEC+ members. Nusair & Olson (2019) have assessed this with the OPEC+ member Malaysia, amongst other Asian countries. Su, Zhu, You & Ren (2016) similarly carry out this approach with the OPEC+ member Mexico. Amani, Shahbazi & Zonouzi (2020) only include four out of thirteen OPEC members (Islamic republic of Iran, Nigeria, Algeria and Saudi Arabia). 
Yet no paper, to our knowledge, has investigated how the OPEC+ agreement impacts the price of crude oil and real exchange rate relationship between the two countries of interest. This study assesses how the 2014 oil price crash impacted the real exchange rate of Russia and Saudi Arabia through the regression discontinuity approach. This paper is the first to utilize both linear and non-linear discontinuity models to showcase how the 2014 oil price crash impacted the real exchange rates of Russia and Saudi Arabia. This study also examines how positive and negative oil returns affect the real exchange rate of both countries, through quantile regression methods. This approach helps assess the relationship between the two macroeconomic variables of interest under bearish, neutral and bullish exchange rate conditions. 
Both approaches are best suited for this study. The regression discontinuity approach gives a quantitative measurement of the gap in the real exchange rate as the 2014 oil price shock occurs in both countries. The quantile regression approach explores how each country reacts to oil shocks when their real exchange rate is weak, moderate and strong. To some extent, both approaches provide an accurate picture as to whether each country is in a more favorable position to deviate from the OPEC Plus agreement.
The real effective exchange rates of both Russia and Saudi Arabia were chosen as variables for the following reasons. A country’s real exchange rate is largely considered to reflect the country’s trade competitiveness. For an oil-exporting country, an increase in the WTI price of oil will more than likely cause its currency to appreciate. The real effective exchange rate also incorporates the respective price level of each country. The real effective exchange rate compares a nation’s currency value and price level of its goods and services against the weighted average of the currencies and price levels of goods and services of its major trading partners. Not only does it highlight a country’s trade position, it also informs on the relative price levels of goods and services between a country and its trading partners.
Much of the pre-existing literature on this topic assesses how shocks to the price of crude oil impact the real exchange rate. Previous studies have established two main mechanisms through which the two macroeconomic variables, oil and exchange rates, are connected. Amano and Van Norden (1998a,b) highlight the terms-of-trade channel. Under this channel, an increase in the price of oil will increase the price level of the oil-dependent country that imports much of this commodity. Consequently, the oil-dependent country will experience an increase in its output price compared to the other country that is not oil-dependent.
	The wealth effect, introduced by Krugman (1983), explains that as oil prices rise, the current account balance of the oil-exporting country increases. This improves the currency of the oil-exporting country as it experiences an increase in revenue. Krugman (1983) shows that this leads to an expectation of the appreciation of the currency of the oil-exporting country, while the oil-importing country’s currency will depreciate.
	The remainder of this study is as follows. The next section, the literature review, provides an overview of the recent studies that relate to this topic. Section three pertains to the methodology. The regression continuity design and quantile regression approach will be utilized. Hence, the methodology section will explain the respective approaches in greater detail. The next section will explain the results found using both methodologies. The results section will provide an analysis in terms of the findings derived from the FRED database. The conclusion will summarize the findings from the paper.

2. Literature Review
Both Russia and Saudi Arabia are leading oil-exporting countries. The relationship between the price of crude oil and the real exchange rate is complex for all oil-exporting countries. During negative oil price shocks, some countries can experience an appreciation, while others can experience a depreciation in the real exchange rate. Russia and Saudi Arabia both exhibit different co-movements in terms of the relationship between the WTI price and their respective real exchange rate. The current section will assess the previous literature that explores this relationship for both countries.
There are many conflicting results in terms of the co-movement between the price of crude oil and the real exchange rate in various oil-importing and oil-exporting economies, in general. For instance, Wu, Chung & Chang (2012) show a positive co-movement between the price of crude oil and the nominal US dollar exchange rate. While Aloui, Ben Aissa & Nguyen (2013) show an unclear co-movement between the price of oil and the US real exchange rate.
Previous literature has highlighted that the relationship between the two variables is non-linear and time-varying due to past economic recessions, times of uncertainty and policy interventions (Zhang, 2013; Wang & Wu, 2012). Hence, in times of uncertainty the relationship between the two macroeconomic variables becomes less clear. Many studies have used various methodologies and datasets to examine the relationship between the two macroeconomic variables of interest.
Many studies have assessed the relationship between the price of oil and Saudi Arabia’s real exchange rate. Mohammed Suliman & Abid (2020) argue that an appreciation of the Saudi Arabia exchange rate leads to upward pressure on the price of oil through the use of an autoregressive distributed lag model. Baek’s (2021) study assesses whether the price of crude oil asymmetrically impacts the selected OPEC members (Algeria, Kuwait, Nigeria and Saudi Arabia) under a quantile regression analysis approach. His paper applies a nonlinear autoregressive distributed lag (NARDL) method, and other methods, to find that an increase (decrease) in oil prices appreciates (depreciates) the currencies of Algeria and Nigeria in the long run. The outcomes are mixed for Kuwait and Saudi Arabia. Almulai & Che Sab’s (2013) study shows that oil revenues have a negative relationship with the Kuwait and Saudi Arabia real exchange rates in the long run. All OPEC countries (except for Iraq) have a negative relationship between oil revenues and the real exchange rate in their study. In other words, Almulai & Che Sab’s (2013) study provides evidence that a rise (fall) in oil revenues in Kuwait and Saudi Arabia corresponds to a real depreciation (appreciation) in the real exchange rate. Hence, further investigation is needed as Baek (2021) and Almulai & Che Sab’s (2013) studies have differing results.
Most papers in this area of study for Russia highlight that there is a positive co-movement between the WTI price of oil and the real exchange rate. Sohag, Gainetdinova & Mariev (2021) show through a quantile-based time-series approach that the real Russian exchange rate increases as international oil prices increase. Studies such as Kaplan’s (2015) highlight that higher oil prices lead to higher economic growth for Russia. Kaplan (2015) shows that economic events such as the 1998 Asian financial crisis and the 2008 financial crisis led to structural breaks in the Russian exchange rate. Kaplan (2015) shows that the 1998 Asian financial crisis had a greater effect on Russia’s economy than the 2008 global financial crisis. Smiech, Papiez, Rubaszek & Snarska (2016) use the Bayesian SVAR framework to show that oil price shocks lead to decreases in industrial production of oil-exporting economies. Their study shows that the effects are long lasting for developing countries such as Russia.
Baek (2021) and Sohag, Gainetdinova & Mariev (2021) use quantile regression analysis to assess how WTI price swings impact the Saudi Arabia and Russian real exchange rate, respectively. This paper will also utilize quantile regression analysis. Using a methodology similar to Nusair & Olson’s (2019) study, this paper will assess how oil price movements impact the Russia and Saudi Arabia real exchange rates. This will give more context to the formation and significance of OPEC+ as it will highlight just how susceptible each country is to oil shocks under different currency conditions.
Despite how these studies highlight the relationship between the oil price and the real exchange rates for the leading OPEC and OPEC+ member countries, more evidence is needed to assess the relationship between the two macroeconomic variables. This paper will use the regression-discontinuity design to analyze how the oil price shock affected Russia and Saudi Arabia’s real exchange rate using monthly panel data from January 2010 to August 2021 (from the FRED database). A similar methodology is used in Bastos, Castro, Cristia & Scartascini’s (2015) study. Their study estimates the short-run impacts of price shocks on residential energy utilization. Lee & Lemieux (2010) highlight the impacts and limitations of using linear regression discontinuity approach. Frolick & Huber (2019) propose a (non-linear) nonparametric kernel method in regression discontinuity designs. They apply this approach to assess the impacts of an Austrian labor market reform. Both Lee & Lemieux (2010) and Frolick & Huber (2019) do not reference activities in the petroleum market. Similar methodologies to Lee & Lemieux (2010) and Frolick & Huber (2019) will be used to assess how the 2014 oil price crash impacts Russia and Saudi Arabia’s real exchange rate. 
It is important to note that sanctions were imposed on Russia following Russia’s annexation of Crimea and the Russian military intervention in Ukraine starting in March 2014. Sanctions were imposed by the United States, the European Union and other countries against businesses and organizations from Russia and Ukraine. Russia retaliated by banning food imports from countries such as the United States, the European Union, Australia and Canada, in August 2014. This undoubtedly created inflationary pressures in Russia. Necessities such as food became scarcer, hence the price levels began to rise.
According to Viktorov & Abramov (2020), Russia’s Central Bank tried to intervene and stop the Russian ruble from declining. The Central Bank increased its key interest rate from 10.5% to 17%. Yet, the Russian ruble continued to decline in 2014. Viktorov & Abramov (2020) paper uses the 2014-2015 Russian financial crisis to argue that a large accumulation of international reserves did not provide the country relief against a currency crisis. Hence, it is more than likely that Russia’s political landscape is a factor to consider when assessing the post-2014 Russian ruble results. 


3. Methodology
This paper will use monthly data from January 1994 to August 2020 for both countries. The real exchange rates from Saudi Arabia and Russia are extracted from the Federal Reserve Bank of St. Louis (the FRED database). The real broad effective exchange rate for Saudi Arabia and Russia (indexed at 100 for 2010) will be the macroeconomic variables used in this study. The real exchange rate is widely regarded as the purchasing power of a currency relative to another at current exchange rates and prices. Similarly, the monthly WTI price for crude oil is extracted from the Federal Reserve Bank of St. Louis dataset. Also, the Russian M1 money supply and the Russian ratio of exports to imports variables will be used for the cointegration tests. They are also extracted from the Federal Reserve Bank of St. Louis dataset. 
It is important to note that Russia and Saudi Arabia have different exchange rate regimes. Russia has a floating exchange rate regime, whereas Saudi Arabia aims to peg its currency to the United States dollar. According to the Federal Bank of St. Louise database, Saudi Arabia has pegged its currency to 3.75 Saudi Riyals per U.S. dollar since 1987. Hence, Saudi Arabia is more likely to manipulate its currency. A country’s real exchange rate is the nominal exchange rate of the country that is corrected by inflation measures. Hence, the real exchange of Saudi Arabia can fluctuate as it also reflects the price levels in the country. Saudi Arabia’s real exchange rate does reflect its economy, however both countries differ by their exchange rate regimes. Other OPEC and OPEC+ members will not be studied as they are not leading oil-exporting countries. Out of all OPEC and OPEC+ countries, only Russia and Saudi Arabia are amongst the top 5 oil-exporting countries globally over the past decade. 
The following tests will be used in this study. The Bai & Perron structural break tests will be used to identify structural breaks in the WTI price and Russian and Saudi Arabia real exchange rate time series. The Zivot-Andrews test will be used to test for the presence of unit roots and breaks. The Zivot-Andrews test will help us determine the largest endogenous break in each of our time series data. The Augmented Dickey-Fuller (ADF) and Phillips-Perron (PP) test will help us determine if each variable is stationary or non-stationary. This is to help avoid spurious regression. The Johansen cointegration test will be used to assess the long-run relationship between the Russian real exchange rate, the WTI price of oil, the M1 money supply and the ratio of Russian exports to imports. The Granger-causality test will be briefly used to verify if the Saudi Arabia real exchange rate and the WTI price of oil Granger-cause one another. The regression discontinuity approach will be used to show how a recent economic event impacted the real exchange rates of Russia and Saudi Arabia. The quantile regression analysis will show how WTI price swings impact the real exchange rates of Russia and Saudi Arabia during bullish, neutral and bearish currency markets.

3.1 Real Effective Exchange Rate
This study will utilize real broad effective exchange rate data from the Federal Bank of St. Louis database. The real effective exchange rate (REER) compares a country’s domestic currency against the weighted average of the foreign currencies values of its trading partners. According to the FRED database, the real effective exchange rates for both Saudi Arabia and Russia are compared with 58 economies. (Saudi Arabia and Russia are omitted from their own list of trading partners). The list of the 59 countries can be found in Appendix A under Table A. 
	The formula for the real effective exchange rate is as follows:
		(1)
[bookmark: _Hlk89162346]where n represents the number of countries, e is the exchange rate of the domestic currency against the special drawing rights (SDR), ei is the exchange rate of foreign currency ‘i’ against the SDR indexed form, Wi is the weight attached to the foreign currency ‘i’, Pi is the consumer price index of the country associated with the foreign currency ‘i’ and P is the domestic consumer price index. Each weight attached to the foreign currency ‘i’ is computed based on the volume of trade between the home and foreign countries. For example, when computing the real exchange rate of Saudi Arabia, the foreign currency of the United States is given more weight than Canada.  A rise (fall) in the REER corresponds to an appreciation (depreciation).

3.2  Zivot-Andrews Test
[bookmark: _Hlk89167526]Before performing any analysis with the data, we test for the presence of unit-root and breaks. The Zivot-Andrews test is utilized to identify the structural break point endogenously in both the Russian real exchange rate and WTI price time series. Zivot & Andrews (2002) highlight that the Zivot-Andrews test can be used to test for the stationarity of both variables with one structural break. The Zivot-Andrews test is a unit root test. The null hypothesis states that the series is a unit root process that does not include a structural change. The alternative hypothesis states that the series is a unit root process with one structural break in the intercept, trend or both. In this study, the alternative hypothesis states that the time series is a unit root process with one structural break in the intercept.
 
3.3 Regression Discontinuity Model
In this context, the regression discontinuity model allows us to compare the relationship between the price of oil and the real effective exchange rate before and after an economic crisis. It also allows us to identify how drastic of a change occurred between the two variables during the crisis.
For this study, let us define treatment as the WTI price before and after the 2014 oil price shock. Letting REXi be some measure of outcome (or a component of the outcome vector), we have:
 		(2)

REXi(1) - REXi(0) gives the treatment effect of the 2014 oil price shock.
Referring to Equation 2 a window (specific time-frame) must be used in regression discontinuity design applications. A trade-off between bias and precision occurs when selecting the window used. A small window provides less bias at the expense of less precision. The FRED database has real exchange rates (for Russia and Saudi Arabia) and WTI price monthly panel data spanning from January 1994 to August 2021. This study will use data  from January 2010 to August 2021. This eliminates the possibility of confusing results as events such as the 1997 Asian financial crisis, the 2003 invasion of Iraq and the 2008 financial crisis will not be involved. 
Based on the research of Lee & Lemieux (2010), to implement the regression discontinuity design, we estimate the following regression model:
REX it = 0Dt + 1WTIt + it 		(3)
where REXit corresponds to the real exchange rate in period t of country i, WTIt corresponds to the WTI price of oil at period t, and Dt is the treatment variable. The variable it represents the error term. In the January 2010 to August 2021 window, the price of oil traded over $73 before the 2014 oil price crash and below $73 after the crash. More specifically, the price of oil traded over $73 from January 2010 to November 2014 and below $73 from December 2014 to August 2021. The reference graph can be found in Appendix A under Figure B. The treatment variable is a dummy that indicates whether the price of oil is greater or less than $73.
Hence, the treatment variable is determined as: 
			(4)
The real price of oil is not converted into the domestic currency of each country. Rather, it remains denominated in U.S. dollars. This is solely to make the results easier to interpret at the November to December 2014 cut-off point for each country. 
The real exchange rates of both Russia and Saudi Arabia will be considered in the regression discontinuity section of this paper. In other words, the relationship between the real effective exchange rates of Russia and Saudi Arabia will be assessed both before and after the 2014 oil price crash.

3.4 Quantile Regression Analysis
Many papers highlight that oil price may be transmitted to the real exchange rate through different channels. Amano and van Norden (1998) provide a very simple model that consists of the traded and non-traded goods sectors.
		(5)
		(6)
ptT denotes the log prices of traded goods and ptNT denotes the log prices of non-traded goods.  The variable pt denotes the log of the general price level. The foreign economy is denoted by the asterisk. If there is no asterisk beside the variable, this indicates that it is a domestic economy variable.  and * are weights associated to expenditure shares on traded goods for domestic and foreign countries.
	The real exchange rate can be written as:
	(7)
where et represents the price of a unit of foreign currency in terms of the domestic currency. As stated before, pt represents the log of the domestic price level and pt* represents the log of the foreign price level.
	Substituting the domestic and foreign price levels into the real exchange rate equation gives us:
	(8)
The above equation highlights that a rise in oil prices can generate complicated results. This model assumes that the price of tradable goods is fixed at  = *. Based on the equation above, the reaction of the real exchange rate seems determined via relative oil dependence of the tradable and non-tradable sector. For an-exporting country, an increase in the real price of oil may increase the terms of trade for said country. In this case, an increase in the real price of oil may lead to currency appreciation as prices of non-tradable goods increase relative to tradable goods.
	Following the framework of Nusair & Olson (2019), the OLS specification is utilized:
		(9)
where rt is the first difference of the natural logarithm of the real exchange rate. This can be computed as rt = ln(REERt/REERt-1) *100 where REERt is the real exchange rate at time t. 
Similarly, pot is the WTI oil return which is the first difference of the natural logarithm of the WTI oil price. This can be computed as pot = ln(WTIt/WTIt-1) *100. WTIt is the real price of oil at time t expressed in U.S. currency. Dummy variables will be used in this analysis. Dt is a vector of n dummy variables. For instance Djt =1 if the observation belongs to the jth period (where a structural break in the data occurs) and 0 otherwise. vt is a random error term. 
The quantile regression models the conditional th quantile of the dependent variable (. rt given t can be written as:
			(10)
where 0 <  < 1.
 represents the conditional th quantile of the dependent variable rt, is the intercept,  is the vector of coefficients that coincides with the th conditional quantile and t is a vector of explanatory variables. This approach assesses the outcome of each quantile conditional specific values of other covariates. Koenker & Bassett’s (1978) study shows that the coefficients of the th quantile are defined as the solution to a minimization problem. It can be written as follows:

	    (11)



which can alternatively be written as:
				(12)
where  is a weighting factor defined for any   (0,1) as
			(13)

Where  Hence, the quantile regression is a weighted regression with different weights given to data points (Binder & Coad, 2011). 
	We can now write the following QR models to showcase the effects WTI price shocks have on real exchange rate returns. The following equation corresponds to the linear model:
			(14)
In this study, nine quantiles will be chosen ( = 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9). They will be divided into three regimes. The low regime ( = 0.1, 0.2, 0.3) corresponds to a bearish currency market. The medium regime ( = 0.4, 0.5, 0.6) corresponds to a neutral currency market. And the high regime ( = 0.7, 0.8, 0.9) corresponds to a bullish currency market. The reasoning behind selecting nine quantiles is similar to the justification provided by Naifar (2016). With numerous quantiles, if the relationship between both variables of interest increases (decreases) across quantiles, the dependence structure is said to be increasing (decreasing). If the values do not change, then the dependence structure is said to be constant. Hence, nine quantiles are selected to show the dependence structure under each quantile regression analysis.





4. Results
4.1 WTI Price vs. Real Exchange Rate
Figures 1 and 2 graph the time series of the monthly average WTI time series alongside the monthly average real exchange rates of Saudi Arabia and Russia, respectively. 
[image: ]
Note: The data from the above graph is extracted from the FRED database.

Based on visual inspection, Figure 1 does not show a high degree of positive co-movement between the WTI price of oil and the real Saudi Arabian exchange rate (at least compared to Russia’s case). For example, in Figure 1, Saudi Arabia’s real exchange rate steadily fell from 2002 to 2008 as the WTI price rose. 

[image: ]
Note: The data from the above graph is extracted from the FRED database.

Figure 2 plots the real exchange rate and the real price of oil for Russia. It indicates that there seems to be some degree of co-movement between the two variables. This suggests that there is a long-run relationship between the two variables. Figure 2 shows that Russia’s real exchange rate was impacted by several economic recessions over the sample period. Based on visual inspection, Russia’s real exchange rate fell sharply during the 1997 Asian financial crisis, the 2008 financial crisis and the 2014 oil price crash. Russia’s real exchange rate fell sharply as the WTI price fell from $103.59 in June 2014 to $30.32 in February 2016. This suggests that the 2014 oil price crash had a significant effect on the Russian real exchange rate. 
Visually, Saudi Arabia’s real exchange rate (Figure 1) does not experience as much volatility as Russia’s real exchange rate (Figure 2). This seems to suggest that Saudi Arabia’s economy is less susceptible to WTI price shocks than Russia.
More investigation is needed to assess the relationship between the two macroeconomic variables in both countries. Figures 3 and 4 highlight the structural breaks (and confidence intervals of each break) for both Russia and Saudi Arabia, respectively. Structural breaks help us determine significant changes in our time series data. Identifying structural breaks is important as structural breaks in time series have the potential to create forecasting errors for analysis. It is important to identify structural changes before carrying out the analysis in such a way that drastic economic events do not influence our findings in an unrealistic way. The structural breaks have been determined through the Bai & Perron structural break test using the ‘strucchange’ function from the R-Studio application. 

[image: ]
Note: The red lines correspond to the 95% confidence interval surrounding each structural beak. The data from the above graph is extracted from the FRED database.

Table 1: Monthly Average Russian Real Exchange Rate Time Series: Confidence Intervals for Breakpoints of optimal 5-segment Partition
	2.5%
	Breakpoints
	97.5%

	1998(5)
	1998(8)
	2000(2)

	2002(6)
	2002(9)
	2002(12)

	2006(9)
	2006(10)
	2006(12)

	2014(8)
	2014(10)
	2014(11)



[image: ]
Note: The red lines correspond to the 95% confidence interval surrounding each structural beak. The data from the above graph is extracted from the FRED database.

Table 2: Monthly Average Saudi Arabia Real Exchange Rate Time Series: Confidence Intervals for Breakpoints of optimal 5-segment Partition
	2.5%
	Breakpoints
	97.5%

	1997(1)
	1998(1)
	1998(10)

	2003(3)
	2003(4)
	2003(5)

	2008(7)
	2008(9)
	2009(4)

	2014(9)
	2014(10)
	2014(11)



Based on visual inspection, Figures 3 and 4 highlight similar structural breaks. In Saudi Arabia (Table 2), the first break occurred in January 1998 during the Asian financial crisis. The second corresponds to the 2003 invasion of Iraq from March to May 2003. The third corresponds to the 2008 financial crisis in September 2008. The last refers to the 2014 oil price crash from September to November 2014.
Figure 5 highlights the structural breaks in the WTI price time series. The WTI price time series shows a structural break during the oil crash of November 2014. The structural breaks in the WTI time series do differ from the structural breaks in the Russian real exchange rate time series. A structural break occurs in November 2014 in the WTI price time series, while the structural break occurs in October 2014 for the Saudi Arabia and Russian real exchange rate time series. 
[image: ]
Note: The red lines correspond to the 95% confidence interval surrounding each structural beak. The data from the above graph is extracted from the FRED database.

Table 3: WTI Monthly Average Price Time Series: Confidence Intervals for Breakpoints of optimal 5-segment Partition
	2.5%
	Breakpoints
	97.5%

	1999(6)
	1999(11)
	1999(12)

	2005(2)
	2005(5)
	2005(6)

	2010(9)
	2010(10)
	2011(9)

	2014(10)
	2014(11)
	2014(12)



Figures 3, 4 & 5 show structural breaks during the 2014 oil price crash era. The monthly average WTI price of oil fell from $105.79 in June 2014 to $30.32 in February 2016. It is highly plausible that the 2014 oil price crash led to the OPEC+ agreement between OPEC members and Russia. Russia’s real exchange rate steadily fell from $103.85 in June 2014 to $68.01 in January 2015. This is plausible as Bayramov & Abbas (2017) provide evidence that the 2014 oil price crash led to the economic slowdown in Russia in both the commodity and non-commodity sectors.
The Zivot-Andrews test tests for the presence of a unit root with one endogenous structural break. The Zivot-Andrews test is needed as it highlights the most significant structural break in the time series. It also provides more evidence that the results from the Bai and Perron structural break tests are credible. In each Bai and Perron structural break test, a break occurred during the 2014 oil price crash era. The Zivot-Andrews test reveals that Russia’s real exchange rate experienced the most significant intercept break in 2014. Tables 4 and 5 summarize the Zivot-Andrews test from the monthly average Russian real exchange rate and WTI price time series, respectively.  The following results from Tables 4 and 5 correspond to the structural intercept break in June 2014, the date when the 2014 oil price crash began. The table below shows that the intercept break is significant at the 1% level (as shown in the du row). Cointegration tests will be carried out later in this study to determine if a long-run relationship exists between the monthly average WTI price, Russian real exchange rate and other important macroeconomic variables. Hence, the Zivot-Andrews test is needed to assess if the time series is stationary or non-stationary. Cointegration exists if a set of I(1) variables (variables that are stationary when we take the first difference) can be modeled with linear combinations at the I(0) (variables that are non-stationary at their levels). The Augmented Dickey-Fuller and Phillips-Perron tests will be carried out as well in this study to determine if each variable is stationary or non-stationary at their levels. 
The Zivot-Andrews, Augmented Dickey-Fuller and Phillips-Perrons tests are needed as each unit root test has its own set of advantages and disadvantages. The Augmented Dickey-Fuller and Phillips-Perron tests consist of evaluating whether a time series is first order trend stationary with the null hypothesis that it had a unit root and was not stationary. The Phillips-Perron test is non-parametric. The test takes the same estimation scheme as the Dickey-Fuller test, but corrects the statistic to correct for autocorrelation and heteroscedasticity in the disturbance process of the test equation.
Hence, the Phillips-Perron test addresses the issue of serial correlation and heteroscedasticity in the error term. The disadvantage of the test is that it is based on asymptotic theory. It only works well in large samples. The Augmented Dickey-Fuller and Phillips-Perron tests have sensitivity to structural breaks. The Zivot-Andrew test does not have as much sensitivity to structural breaks. Each unit root test has its own set of limitations. Hence, each will be used to avoid spurious regression.

Table 4: Russia Real Exchange Rate Time Series - Zivots-Andrews Test
	Coefficients
	Estimate
	Standard Error
	T-Value
	Pr(>|t|)

	(Intercept)
	2.668
	0.863
	3.091
	0.002**

	y.l1
	0.955
	0.014
	66.787
	<2e-16***

	Trend
	0.009
	0.004
	2.310
	0.022*

	du
	-2.010
	0.741
	-2.712
	0.007**


*, **, *** denote rejection of the null hypothesis at the 5%, 1% and 0.1% significance levels. Residual standard error: 2.96 on 327 degrees of freedom. (1 observation deleted due to missingness). Multiple R-squared:  0.9704, Adjusted R-squared:  0.9701. F-statistic:  3569 on 3 and 327 DF,  p-value: < 2.2e-16.










Table 5: WTI Price - Zivots-Andrews Test
	Coefficients
	Estimate
	Standard Error
	T-Value
	Pr(>|t|)

	(Intercept)
	0.092
	0.614
	0.150
	0.881

	y.l1
	0.915
	0.018
	51.777
	<2e-16***

	Trend
	0.037
	0.008
	4.538
	7.97e-06***

	du
	-6.567
	1.424
	-4.611
	5.75e-06***


*, **, *** denote rejection of the null hypothesis at the 5%, 1% and 0.1% significance levels. Residual standard error: 2.96 on 327 degrees of freedom. (1 observation deleted due to missingness). Multiple R-squared:  0.9704, Adjusted R-squared:  0.9701. F-statistic:  3569 on 3 and 327 DF,  p-value: < 2.2e-16.

The y.l1 variable indicates whether the time series is stationary. The results indicate that the time series is stationary at its level. As stated previously, Tables 4 & 5 show that the structural break is significant at the 1% level (as shown in the du row). The intercept and trend variables are self-explanatory: they estimate the intercept and trend in both times series. The results indicate that the 2014 oil crash played a significant role in the formation of the OPEC+ agreement. Cointegration analysis will be carried out to determine if there is a significant long-term relationship between the price of crude oil and Russia’s real exchange rate.

4.2 Augmented Dickey-Fuller and Phillips Perron-Test
The Augmented Dickey-Fuller and Phillip Perron tests were both used to assess if the variables are stationary or non-stationary. Tables 6, 7 and 8 highlight that the variables are non-stationary at their levels. The results highlight that the variables of interest are stationary in their first difference and first logarithmic difference. Both the Augmented Dickey-Fuller and the Phillips Perron tests have the null hypothesis that a unit root exists (meaning that the time series being tested for is non-stationary). All variables at their levels fail to reject the null hypothesis while all variables at their first difference and first logarithmic difference reject the null hypothesis. 







Table 6: WTI Price – Unit Root Tests
	WTI Time Series
	P-Value from ADF Test
	P-Value from PP Test

	At its levels
	0.1777
	0.3333

	1st Difference
	0.01
	0.01

	1st Logarithmic Difference
	0.01
	0.01



Table 7: Russian Real Exchange Rate – Unit Root Tests
	Russian Real Exchange Rate Time Series
	P-Value from ADF Test
	P-Value from PP Test

	At its levels
	0.2648
	0.4895

	1st Difference
	0.01
	0.01

	1st Logarithmic Difference
	0.01
	0.01



Table 8: Saudi Arabian Real Exchange Rate – Unit Root Tests
	Saudi Arabian Real Exchange Rate Time Series
	P-Value from ADF Test
	P-Value from PP Test

	At its levels
	0.6827
	0.7414

	1st Difference
	0.01
	0.01

	1st Logarithmic Difference
	0.01
	0.01




4.3 Cointegration Tests
Russia
Cointegration tests are executed in this study to identify if multiple time series are integrated in a way that they cannot deviate from the long-term equilibrium. A long-run relationship exists between the monthly average of the WTI price and the Russian real exchange rate. For instance, Rautava (2004) and Dubova (2016) use co-integration analysis to illustrate the long-term relationship between the oil commodity price swings and the Russian exchange rate. Co-integration tests for Saudi Arabia will not be conducted for the following reason. As stated previously, Saudi Arabia operates under a fixed exchange rate. Thus, Saudi Arabia’s government intervenes in the natural fluctuation of their exchange rate. Hence, results would be inconclusive if cointegration tests between the Saudi real exchange rate, the WTI price and other Saudi macroeconomic variables of interest were to take place. In later analysis, Table 9 illustrates that both the WTI price and the Saudi Arabian exchange rate both Granger-cause each-other on a significant level. Hence, it is highly likely that the Saudi Arabia real exchange rate and WTI price both influence each other.
The Johansen cointegration test suggests that there is a long-term relationship between Russia’s real exchange rate, the WTI price of oil, the M1 money supply and terms of trade. The M1 money supply measures a country’s most basic money supply. This cointegration follows Dubova (2016) study that cointegrates the Russian real exchange rate, oil prices and money supply. It also follows Ketenci’s (2014) study as it cointegrates Russia’s import and export variables with commodity prices.  The M1 supply refers to the most liquid form of money that is used as a medium of exchange. The data is extracted from the FRED database where the frequency is monthly, the units are expressed in billions of national currency dollars and is not seasonally adjusted.  The terms of trade variable is expressed as the ratio of exports to imports for the Russian Federation. The data is extracted from the FRED database, where the frequency is monthly and the units are expressed in percentages and not seasonally adjusted. This test is conducted at each of the variable’s levels, as each variable in this study is non-stationary at its level.
The trace approach to the Johansen cointegration method produces the following critical values:
Table 9: Trace Approach
	Null Hypothesis
	Test Statistic
	10% Significance
	5% Significance
	1% Significance

	r <= 3
	5.5351
	7.52
	9.24
	12.97

	r <= 2
	25.3234
	17.85
	19.96
	24.60

	r <= 1
	63.6311
	32.00
	34.91
	41.07

	r = 0
	118.3545
	49.65
	53.12
	60.16



The Johansen cointegration test generates a test statistic of 118.3545, when the null hypothesis states that there are no cointegrating vectors. The test statistic is greater than the critical value (53.12) at the 5% significance level. Hence, we reject the null hypothesis of no cointegration at the 5% significance level. This suggests that there is at least one cointegrating relationship. Similarly, the Johansen cointegration test generates a test statistic of 63.6311, when the null hypothesis states that there is more than one cointegrating relationship. The test statistic is greater than the critical value (34.91) at the 5% significance level. Hence, we reject the null hypothesis at the 5% significance level. This suggests that there are two or more cointegrating relationships. The Johansen cointegration test generates a test statistic of 25.3234, when the null hypothesis states that there are more than two cointegrating relationships. The test statistic is greater than the critical value (19.96) at the 5% significance level. Hence, we reject the null hypothesis at the 5% significance level. This suggests that there are three or more cointegrating relationships. When the null hypothesis states that there are more than three cointegrating relationships, we fail to reject the null. The test statistic (5.5351) is less than the critical value (9.24) at the 5% significance level. The results suggest that there are three cointegrating relationships.
Similar results can be found using the eigen-value approach:
Table 10: Eigen-Value Approach
	Null Hypothesis
	Test Statistic
	10% Significance
	5% Significance
	1% Significance

	r <= 3
	5.5351
	7.52
	9.24
	12.97

	r <= 2
	19.7883
	13.75
	15.67
	20.20

	r <= 1
	38.3076
	19.77
	22.00
	26.81

	r = 0
	54.7234
	25.56
	28.14
	33.24



In Table 10, under the eigen-value approach, similar results can be found. When the null hypothesis states that there are no cointegrating vectors, we reject the null hypothesis at the 5% significance level. This suggests that there is at least one cointegrating relationship. When the null hypothesis states that there is more than one cointegrating relationship, we reject the null hypothesis at the 5% significance level. When the null hypothesis states that there are more than two cointegrating relationships, we reject the null hypothesis at the 5% significance level. When the null hypothesis states that there are more than three cointegrating relationships, we fail to reject the null. The test statistic (5.5351) is less than the critical value (9.24) at the 5% significance level. The results suggest that there are three cointegrating relationships.
The results imply that there is a long-run correlation between the real exchange rate, WTI price of oil, ratio of export to imports and supply from January 1997 to August 2021. This makes sense as the key factors that affect a country’s real exchange rate are its money supply, terms of trade and (for oil-exporting dependent countries) the price of oil. It is important to note that a country’s political state can affect the strength of its currency. 

4.4 Regression Discontinuity Model
Russia
As stated before, the linear and nonlinear discontinuity models that will be used in this study will utilize a January 2010 to August 2021 dataset. The reasoning for this is so that we can analyze how the 2014 oil price crash led to the OPEC+ agreement. Other major economic events such as the Asian financial crisis in 1997 and global financial crisis in 2008 are less likely to have promoted the OPEC+ agreement as they are farther away in time from the formation of OPEC+ in late 2016. 
	The following analysis will utilize linear regression discontinuity analysis and non-linear regression discontinuity analysis (using the kernel triangular approach) derived from the R-Studio application. Under the linear discontinuity regression approach using R-Studio, the linear relationship between the real exchange rate (of both countries of interest) and the WTI price of oil will be compared from the January 1994 to November 2014 time period and the December 2014 and August 2021 time period. As stated before, Frolick & Huber (2019) propose a (non-linear) nonparametric kernel method in regression discontinuity designs. The non-parametric kernel method will be used as well during this study as it gives more weight to the data points at the cut-off point. The cut-off point, in this context, helps illustrate how much of an impact the 2014 oil price crash has on the relationship between the real exchange rate (for each country) and the WTI price. As shown in section 4.1, the WTI price time series shows a structural break during the oil crash in November 2014 (Figure 5). Hence, the November to December 2014 cut-off point will be used for our regression discontinuity approach. More explanation on this method will follow in this section. 
The 2014 oil price created the greatest structural break in the intercept in both the WTI Price and Russian real exchange rate time series in the January 1994 to August 2021 dataset. This suggests that the 2014 oil price crash was the most significant negative oil shock in recent history. Figure 6 visually plots the linear regression discontinuity in the Russian real exchange rate. As shown below, the 2014 oil price crash led to a significant drop in the Russian real exchange rate. The 2014 oil crash did not significantly alter the relationship between the macroeconomic variables. As shown in Figure 6, the linear models between the WTI price and the Russian real exchange rate remain similar in their slopes both in the pre-December 2014 and post-November 2014 eras. However, it did lead to a significant break in the intercept.
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Table 11 provides a parametric measure of the intercept seen in Figure 6. As shown in the dummy variable row, the gap between the two linear models at the cut-off point is 15 Russian rubles (in terms of Russia’s real exchange rate). The test centered variable indicates that for every point that is above the threshold (the November to December 2014 cut-off), the Russian real exchange rate increases by an additional 0.19 rubles for each U.S. dollar unit increase in the WTI price. The intercept estimate (99.0) corresponds to the beginning of the Pre-December 2014 linear regression. Hence, the 2014 oil price crash led to a 15-point intercept drop in Russia’s real exchange rate under the linear regression discontinuity model. The results in the p-value indicate that this gap at the cut-off point is statistically significant.

Table 11: Russia Linear Discontinuity Model Results
	Term
	Estimate
	Standard Error
	T-Statistic
	P-Value

	Intercept
	99.0
	1.11
	89.6
	1.67e-1213

	Test Centered
	0.195
	0.0438
	4.45
	1.73e-5

	Dummy Variable
	-15.0
	2.00
	-7.53
	6.28e-12



A non-linear discontinuity model reveals similar results. The non-parametric estimate of the gap between non-linear regressions in both the pre-December 2014 and post-November 2014 eras is larger than the parametric estimate in Table 11. As shown in Table 12, the coefficient of the conventional method for robust regression discontinuity is 24.684. This estimate indicates that the measure of the gap at the November to December 2014 cut-off point is 24.68 real Russian rubles. The robust row corresponds to the robustness check. The robustness check takes into account more numbers of observations under a greater bandwidth. The p-value (P>|z|) from the robust row indicates that the results are statistically significant.  A triangular kernel method is used to determine these results. A triangular kernel method is a measurement approach that gives more weight to each data point as it gets closer to the cut-off point. Hence, the results in Figure 7 are not strongly influenced by the data points that are deemed to be far away from the cut-off point.

Table 12: Russia Non-Linear Discontinuity Model Results 
	Method
	Coefficient
	Standard Error
	Z - Score
	P > |z|
	[ 95% C.I. ]

	Conventional
	24.684
	6.061
	4.073
	0.000
	[12.805, 36.562]

	Robust
	-
	-
	3.591
	0.000
	[11.605, 39.500]



Figure 7 visually shows the gap between the two nonlinear regressions at the cut-off point. It is important to note that the graph below does not use each specific data point. Instead, it takes the average of certain data points and uses it to reveal the nonlinear relationships. The gap at the cut-off point is much larger under the non-linear discontinuity model (at 24.68 rubles) than the linear discontinuity model (at 15 rubles).
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	The results from both the linear and nonlinear discontinuity designs suggest that Russia’s real exchange rate is highly susceptible to negative shocks in the WTI price of oil. Based on the above results, Russia’s real exchange rate can fall anywhere from 15 to 24.68 Russian rubles if it becomes subject to another event similar to the 2014 oil price crash. It fell from 103.85 rubles in June 2014 to 68.01 rubles in January 2021. In six months, it fell by 35.84 rubles. Hence, it is highly plausible for the Russian real exchange rate to fall anywhere from 15 to 24.68 Russian rubles, in a smaller timeframe than six months, if the WTI price falls significantly.



Saudi Arabia
It is important to note that extensive studies suggest that there is a long run relationship between the Saudi real exchange rate and the WTI price of oil. Mohammed Suliman & Abid (2020) use the autoregressive distributed lag model and error correction model to show that a long-run equilibrium relationship exists between the two variables.
Mohammed Suliman & Abid (2020) show that in the long run, the causal relationship between the two variables is bidirectional. Simple linear Granger causality tests back this statement using the January 1994 to August 2021 monthly panel data from the FRED database. This test was executed using the logarithmic differences of each variable. As shown previously, the augmented Dickey-Fuller and Phillips-Perron tests reveal that each of these variables is stationary at their logarithmic difference.

Table 13: Granger-Causality Test
	Real Exchange Rate
	P-Value (if variable Granger causes WTI price)
	P-Value (if WTI price Granger causes variable)

	Saudi Arabia
	0.087
	0.024

	Russia
	0.121
	0.357



The results suggest that the Saudi Arabian real exchange rate Granger causes the WTI price of oil at the 10% significance level. They also suggest that the WTI price Granger causes the Saudi real exchange rate at the 5% significance level. As shown in Figure 4, Saudi Arabia does experience a structural break during the 2014 oil price crash. However, it is not considered a significant structural break in the intercept (according to the Zivot-Andrews test). Figure 8 highlights the discontinuity that the Saudi Arabia real exchange rate and WTI oil price relationship experiences during the 2014 oil price crash. As shown in Figure 8, the slope is dissimilar in both the post-November 2014 and pre-December 2014 eras. Figure 8 differs from Figure 6 greatly as the pre-December 2014 data is to the left of the graph and the post-November 2014 data is to the right. In the linear regression discontinuity graph for Russia, it is the other way around. Hence, during the 2014 oil price crash, Saudi Arabia’s real exchange rate appreciated while Russia’s depreciated. This highlights that as Russia’s trade competitiveness fell, Saudi Arabia’s rose as the price of oil decreased in 2014.
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	As shown in Figure 8, the gap at the cut-off point is somewhat large. Table 14 highlights that the gap at the cut-off point is statistically significant at 9.90 Saudi Riyals (as seen in the Dummy Variable row). The test centered variable indicates that for every point that is past the threshold (the November to December 2014 cut-off), the Saudi Arabia real exchange rate decreases by an additional 0.08 Saudi Riyals for each dollar unit increase in the WTI price. The intercept estimate (103.0) corresponds to the beginning of the Pre-December 2014 linear regression. It is important to note that Saudi Arabia’s real exchange rate appreciated during the 2014 price crash. Saudi Arabia’s real exchange rate increased from 103.38 Saudi Riyals in June 2014 to 111.58 Saudi Riyals in January 2015. Figure 8 shows that in the pre-December era, the co-movement between the WTI price and Saudi real exchange rate is negative. In Figure 8 during the pre-December era, as the WTI price increases, the real Saudi exchange rate depreciates. However, in the post-November era, the relationship between the variables of interest looks as if there is no co-movement at all. Hence, it is improbable that Figure 8 is a true reflection of the impact that the 2014 price shock had on Saudi Arabia’s economy. Figure 8 does highlight however that a significant change in the real exchange rate did occur during the November to December 2014 cut-off point. 

Table 14: Saudi Arabia Linear Discontinuity Results
	Term
	Estimate
	Standard Error
	Test-Statistic
	P-Value

	(Intercept)
	103.0
	0.551
	201
	3.95e-171

	Test Centered
	-0.0806
	0.0202
	-3.98
	1.10e-4

	Dummy Variable
	9.90
	0.923
	10.7
	7.07e-20



	Similar results are seen under the nonlinear discontinuity model. Again, it is important to note that the graph below does not use each specific data point. Instead, it takes the average of certain data points and uses it to reveal the nonlinear relationships. A triangular kernel method was used for Figure 9, meaning more weight was given to the data points at the cut-off point. More information on the nonparametric kernel method can be found from Frolick & Huber’s (2019) study. The gap at the cut-off point is slightly larger under the non-linear discontinuity model than the linear discontinuity model. A nonparametric estimate was determined. Table 15 highlights that the gap at the cut-off point is 9.59 Saudi Riyals. This estimate indicates that the measure of the gap at the November to December 2014 cut-off point is 9.59 real Saudi Riyals. The robust row corresponds to the robustness check. The robustness check took into account more numbers of observations under a greater bandwidth. The p-value (P>|z|) from the robust row indicates that the results are statistically significant. 
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Table 15: Saudi Arabia Non-Linear Discontinuity Results
	Method
	Coefficient
	Standard Error
	Z-Score
	P > |z|
	[ 95% C.I. ]

	Conventional
	-9.591
	1.889
	-5.078
	0.000
	[-13.294, -5.889]

	Robust
	-
	-
	-3.945
	0.000
	[-13.512, -4.452]



Hence, these results suggest that Saudi Arabia will attempt to manipulate their currency in response to negative price shocks in the oil sector. Saudi Arabia’s real exchange rate rose from 103.38 Saudi Riyals in June 2014 to 112.29 Saudi Riyals in February 2015. In seven months, Saudi Arabia’s real exchange rate rose by 8.91 Saudi Riyals. Both the linear and nonlinear discontinuity models estimate a gap of 9.90 and 9.59 Saudi Riyals, respectively, for the Saudi Arabia real exchange rate. This suggests that it is plausible to expect Saudi Arabia’s real exchange rate to increase by approximately 9 Saudi Riyals when an event similar to the 2014 oil crash occurs. 
An appreciation in Saudi Arabia’s real effective exchange rate can be considered as odd. Saudi Arabia is considered to be an oil-exporting country. Under these circumstances, an oil-exporting country will normally experience a recession since many oil-exporting countries rely on tax revenue from oil exports to fund government spending. The Saudi Bank 2018 Annual Report reveals that Saudi Arabia’s foreign trade depends on its performance in the oil sector. In 2018, the exportation of oil accounted for 72% of all the country’s exports and 70% of government revenue. Hence, it is expected that an oil-exporting country’s real effective exchange rate will depreciate following a sharp decline in the price of oil. 
As stated previously, a country’s real effective exchange rate compares a nation’s currency value against the weighted average of the currencies of its major trading partners. The price levels are incorporated into the real effective exchange rate formula where the price level of the domestic country is in the numerator and the price levels of the foreign countries are in the denominator. There is one plausible explanation as to why Saudi Arabia experienced an appreciation in their real effective exchange rate during the 2014 oil price crash. The price levels of goods and services of each foreign country may have fallen more dramatically (much like Russia) during the oil price crash relative to Saudi Arabia. Hence, Saudi Arabia’s price level could have fallen marginally compared to the price levels in each foreign country. This is limited to the countries that Saudi Arabia has engaged in trade with. 
Saudi Arabia follows a fixed nominal exchange rate. Saudi Arabia has pegged its national currency at 3.75 per U.S. dollar since 1987 (according to the Federal Reserve Bank of St. Louis). Hence, the oil price shock could not influence Saudi Arabia’s nominal exchange rate. If Saudi Arabia is highly dependent on the exportation of oil, the price of oil will more than likely have an impact on its price level. If the price of oil falls, the price level in Saudi Arabia is more than likely to fall. Hence, Saudi Arabia’s manipulation of its currency can explain why an appreciation occurs in the country’s real effective exchange rate during the 2014 oil price crash.
As stated previously, a similar methodology to the ones in Bastos, Castro, Cristia and Scartascini (2015) and Frolick & Huber (2019) is used in this study. To our knowledge, there is no study using regression discontinuity design to assess the impact of the 2014 oil price crash on the real exchange rate in Saudi Arabia and Russia. Kuersteiner, Phillips & Villamizar-Villegas (2018) use regression discontinuity methods to assess how policy rules by the Central Bank of Colombia affect exchange rates and capital flows. Zhou’s (2020) study uses the regression discontinuity approach to suggest that the US dollar index has the most significant effect on the swings in oil prices. As a result, Zhou (2020) argues that much attention needs to be allocated to the changes in the US dollar index and stocks. Based on these studies, it is plausible that the regression discontinuity design is a sensible approach to assess how the 2014 oil price crash impacts the real exchange rates of Saudi Arabia and Russia. For oil-exporting countries, a strong relationship exists between a country’s real exchange rate, its monetary policy, its stock market and the WTI price of oil. A country’s monetary policy has a major influence over the domestic price level, and hence on its trade competitiveness. If it is justified for Kuersteiner, Phillips & Villamizar-Villegas (2018) to assess how monetary policies affect exchange rates and for Zhou (2020) to assess how the US dollar index impacts the price of oil, it is plausible to examine how the WTI price impacts the real exchange rates of Russia and Saudi Arabia.

4.5 Quantile Regression Approach
Russia
Quantile regression (QR) analysis will be carried out to assess how the WTI price of oil (the independent variable) impacts the real exchange rate of Russia (the dependent variable). The ordinary least squares (OLS) model summarizes the average relationship between WTI oil price shocks and Russia’s real exchange rate based on the conditional mean of Russia’s real exchange rate. We use quantile regression analysis to assess if the relationship between the two variables is consistent. It is entirely possible that the impact of oil price shocks can vary throughout the distribution of exchange rate returns. The WTI price changes will be regressed against each real exchange rate quantile. The lower quantiles ( = 0.1, 0.2, 0.3) correspond to bearish currency markets, the medium quantiles ( = 0.4, 0.5, 0.6) correspond to neutral currency markets, and the greater quantiles ( = 0.7, 0.8, 0.9) correspond to bullish currency markets. Hence, the real exchange rate acts as the dependent variable. The effects that WTI price changes have on the real exchange rate will be seen across each currency market. The results from Table 16 show that oil price shocks have a positive significant effect on Russia’s exchange rate returns across each quantile. This suggests that rising oil prices causes Russia’s currency to appreciate, increasing its trade competitiveness.

Table 16: Russia QR Analysis (January 1994 to August 2021)
	Variable
	OLS
	Q0.1
	Q0.2
	Q0.3
	Q0.4
	Q0.5
	Q0.6
	Q0.7
	Q0.8
	Q0.9

	(Intercept)
	54.981
	37.139
	43.485
	50.263
	51.815
	53.133
	56.049
	59.556
	67.354
	73.317

	WTI
	0.482
	0.602
	0.568
	0.518
	0.518
	0.516
	0.494
	0.473
	0.406
	0.361

	D1997
	2.565
	-2.262
	-7.182
	-10.909
	-11.233
	-9.764
	19.273
	18.652
	14.746
	10.379

	D2008
	2.663
	-6.344
	-2.417
	-1.818
	3.740
	4.608
	4.723
	4.664
	1.315
	1.642

	D2014
	-2.251
	2.434
	1.307
	-0.799
	-2.014
	-2.185
	-3.336
	-4.668
	-6.169
	-6.869



Dummy variables are assigned to three out of four large economic events. The dummy variables are assigned to the 1997 Asian financial crisis, the 2008 financial crisis and the 2014 oil price crash. Dummy variables are not assigned to the 2003 invasion of Iraq in order to avoid the dummy variable trap.
The OLS estimation of WTI is significantly positive. This implies that on average falling oil prices cause Russia’s real exchange rate to depreciate. The QR model reveals that the coefficients for WTI are statistically significant throughout all quantiles ( = 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9). The QR model results reveal that Russia’s real exchange rate is susceptible to negative oil price shocks when its currency is relatively bearish. This suggests that when there is a large appreciation in Russia’s exchange rate, falling oil prices cause Russia’s exchange rate to depreciate immensely. Hence, Russia’s real exchange rate is more susceptible to falling oil prices when their currency appreciates from weak currency positions. During normal and bullish market conditions, Russia’s real exchange rate is less impacted by oil price shocks. As we move from lower to higher quantiles, the WTI price has less of an effect on Russia’s real exchange rate. This implies that as Russia’s real exchange rate becomes stronger, the WTI price has less of an effect on it, as we move to higher quantiles. Hence, the coefficient estimates on oil price shocks are not constant through the distribution of exchange rate returns. In the case of Russia, the effects of negative oil price shocks on exchange rate returns lose intensity as we move up the conditional distribution. Previous studies such as Rautava (2004) argue that Russia’s economy is influenced by fluctuations in oil prices and their real exchange rate in their long-run equilibrium. As stated previously in the literature review section, Sohag, Gainetdinova & Mariev (2021) show through quantile-based time-series approaches that the real Russian exchange rate increases as international oil prices increase. The results from Table 16 back this argument. To be more specific, the results from Table 16 show through a quantile-based time series approach that the real Russian exchange rate increases as international oil prices increase.
Figure 10 provides a summary graph for the quantile regression results. The OLS estimate is given by the horizontal red line (the surrounding dashed red lines are meant to represent the 95% confidence interval for the OLS estimate). For each quantile coefficient estimate, we plot the nine quantile regression estimates as the solid black curve (the surrounding grey shaded area is meant to represent the 95% confidence interval). Based on visual inspection, we can see that the quantile regression estimates are outside of the OLS estimate range in the first two quantiles ( = 0.1, 0.2) and the last two quantiles ( = 0.8, 0.9). As stated before, this suggests that Russia’s real exchange rate is more susceptible to falling oil prices when its currency appreciates from weak currency positions. This also suggests that when Russia’s real exchange rate is in a bullish currency market, a negative oil price shock will cause its real exchange rate to depreciate more relative to a neutral currency position.
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Saudi Arabia
Quantile regression (QR) analysis will be carried out to assess how the WTI price of oil (the independent variable) impacts the real exchange rate of Saudi Arabia (the dependent variable). Saudi Arabia’s economy has a heavy reliance on the energy sector. As stated before, the Saudi Bank 2018 Annual Report reveals that Saudi Arabia’s foreign trade depends on their performance in the oil sector. In 2018, the exportation of oil accounted for 72% of all the country’s exports and 70% of government revenue. The results from OLS show that oil price shocks have a negative significant effect on Saudi Arabia’s exchange rate returns.
Again, dummy variables are assigned to three out of four large economic events in Table 17. The dummy variables are assigned to the 1997 Asian financial crisis, the 2008 financial crisis and the 2014 oil price crash. 

Table 17: Saudi Arabia QR Analysis (January 1994 to August 2021)
	Variable
	OLS
	Q0.1
	Q0.2
	Q0.3
	Q0.4
	Q0.5
	Q0.6
	Q0.7
	Q0.8
	Q0.9

	(Intercept)
	117.135
	104.650
	110.759
	114.207
	116.026
	118.779
	121.110
	122.598
	123.922
	125.937

	WTI
	-0.180
	-0.153
	-0.174
	-0.180
	-0.174
	-0.190
	-0.191
	-0.191
	-0.195
	-0.198

	D1997
	3.775
	12.616
	7.545
	4.959
	3.523
	1.469
	-0.177
	-0.165
	0.273
	-0.294

	D2008
	-10.777
	-4.640
	-8.912
	-11.113
	-12.095
	-12.573
	-12.796
	-11.698
	-11.134
	-12.545

	D2014
	5.745
	14.149
	10.312
	7.783
	6.338
	4.820
	2.675
	1.601
	0.706
	-0.528



The OLS estimation of WTI is significantly negative. This implies that Saudi Arabia’s real exchange rate will appreciate in response to negative oil price shocks. These results are similar to Almulai and Che Sab’s (2013) findings. Their study shows that oil revenues have a negative relationship with the Kuwait and Saudi Arabian real exchange rates in the long run. Aleisa & Dibooglu (2002) argue that it is oil production shocks as opposed to oil price shocks that cause real exchange rate movements. This can potentially explain why we observe an appreciation of the real exchange rate when the price of their main export falls. 
The QR model results reveal that Saudi Arabia’s real exchange rate is not susceptible to the WTI oil price when its currency is relatively “bearish” and “bullish”. The WTI coefficients do not deviate significantly from the OLS estimate. Figure 11 provides a summary graph for Saudi Arabia’s quantile regression results. Again, the OLS estimate is given by the horizontal red line (the surrounding dashed red lines are meant to represent the 95% confidence interval). For each quantile coefficient estimate, we plot the nine quantile regression estimates as the solid black curve (the surrounding gray shaded area is meant to represent the 95% confidence interval). Based on visual inspection, we can see that the quantile regression estimates are very close and inside of the OLS estimate range throughout all quantiles. Saudi Arabia’s real exchange rate does not deviate from the OLS estimate throughout all quantiles. This suggests that Saudi Arabia’s real exchange rate will not deviate greatly throughout all currency market conditions. Hence, the results are mixed when analyzing how WTI price swings impact Saudi Arabia’s real exchange rate. As shown in the literature review, this is similar to Baek’s (2021) findings. Baek’s (2021) study shows that the results are mixed in terms of how oil price changes impact the Saudi real exchange rate under a quantile regression analysis approach. 
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5. Conclusion
The objective of this study was to examine how sensitive the real exchange rates of Russia and Saudi Arabia are to changes in the price of oil. This study is the first to utilize regression discontinuity design to highlight the impact that the 2014 oil price crash had on both Russia and Saudi Arabia. This study also used quantile regression analysis to assess how sensitive each real exchange rate is to oil price swings under bearish, neutral and bullish currency markets. Quantile regression analysis gives a fuller picture of the dependency relationship over a long period of time. Whereas the regression discontinuity design was used to show how one economic crisis (the 2014 oil price crash) impacted both real exchange rates. Quantile regression analysis gives us information that could not be discovered using the regression discontinuity design (and vice versa). 
The main contribution to the existing literature is showing how the 2014 oil price crash impacted each country’s real exchange rate, using the regression discontinuity approach. The regression discontinuity approach used a monthly panel dataset spanning from January 2010 to August 2021. This is to prevent earlier economic crises (such as the 2008 financial recession) from influencing the results. Russia’s real exchange depreciated significantly compared to Saudi Arabia’s. This suggests that Russia’s real exchange rate is more sensitive to oil price swings than Saudi Arabia. Quantile regression analysis was then used to assess if Russia’s real exchange rate is more sensitive to oil price swings using a monthly dataset spanning from January 1994 to August 2021. Russia’s real exchange rate is more sensitive to oil price swings when it is operating in bearish (weak) currency markets. Under quantile regression analysis, Russia’s real exchange rate appreciates (depreciates) as the WTI price rises (falls). This holds under all currency conditions. In other words, this holds when Russia’s currency is bearish, neutral and bullish. Saudi Arabia’s real exchange rate does not always move in the same direction as the WTI price. This suggests, similar to the findings from the regression discontinuity approach, that swings in the price of crude oil have much more of an impact on Russia’s economy. These results imply that the OPEC+ agreement is a means for Russia to mitigate swings in WTI price of oil as opposed to stabilizing the oil market.  
There are limitations to this study as the sanctions imposed on Russia and Russia’s ban on food imports are more than likely to have influenced the results since the beginning of 2014. Russia’s political turmoil may have had an impact on Russia joining the OPEC+ agreement. 
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Appendix A
Table A
List of Trading Partners Respective to Russia and Saudi Arabia
Algeria, Argentina, Australia, Austria, Belgium, Brazil, Bulgaria, Canada, Chile, Chinese Taipei, Colombia, Croatia, Cyprus, Czech Republic, Denmark, Estonia, Finland, France, Germany, Greece, Hong Kong SAR, Hungary, Iceland, India, Indonesia, Ireland, Israel, Italy, Japan, Korea, Latvia, Lithuania, Luxembourg, Malaysia, Malta, Mexico, Netherlands, New Zealand, Norway, Peru, Philippines, Poland, Portugal, Romania, Russia, Saudi Arabia, Singapore, Slovak Republic, Slovenia, South Africa, Spain, Sweden, Switzerland, Thailand, Turkey, United Arab Emirates, United Kingdom, United States and the Euro area.
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