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Abstract

This paper investigates if changes in the Crude Brent oil price can predict changes
in the nominal Norwegian Krone — U.S. Dollar exchange rate using daily, weekly,
monthly, and quarterly datasets. The predictability content is evaluated through
several exercises using one-step-ahead pseudo out-of-sample forecasts. The test
results yield a robust out-of-sample relationship using contemporaneous oil price
changes at all test frequencies. We also find that lagged oil prices can predict
future exchange rates using daily and weekly frequencies.

Our main contribution is the evidence that oil prices can significantly
forecast future exchange rates consistently for the sample period under
consideration and that using the correct benchmark for oil price is crucial for
capturing predictability. In addition, we include more recent data and we consider

a new frequency where a transitory predictive ability is found using weekly data.
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1.0 Introduction

This paper study the relationship between changes in Crude Brent oil prices and
changes in the nominal Norwegian Krone — U.S. Dollar (NOK/USD) exchange
rate using daily, weekly, monthly and quarterly frequencies.

It is well known that activities from oil and natural gas have contributed
significantly to Norway’s economic growth over the past 40 years, with the sector
constituting 42 % of the country’s export since 1971 (Oljedirektoratet, 2017). In
recent years, the oil price has dramatically increased in volatility and we have
seen a downward shift in the commodity price. Simultaneously, we have seen a
depreciation of the Norwegian Krone against major currencies such as the U.S.
Dollar and the Euro. Qystein Olsen, CEO of the Norwegian Central Bank,
informed the public during their yearly hearing in the Standing Committee on
Finance and Economic Affairs, on the 15™ of May 2017 that he believes
developments in the oil market will continue to be the most central driver for the
Norwegian Krone in the years to come.

@ystein Olsen’s statement is coherent with well-established theories on the
field, suggesting that countries exporting oil in large quantities have a currency
depending on shifts in the price of oil (Bjerk, Mork & Uppstad, 1998; Akram,
2004; Chen, Rogoft & Rossi, 2010; Ferraro, Rogoff & Rossi, 2015). In particular,
we expect the currency to strengthen when the oil price increases, and to weaken
when the oil price decreases. Figure 1 shows how the Crude Brent price and the

U.S. Dollar — Norwegian Krone (USD/NOK) exchange rate evolves over time and
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Figure 1. Time series of Brent oil spot price and USD/NOK exchange rate.
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suggests a high correlation occurring from around year 2003. This inverse
relationship of the exchange rate is used in the graph for better illustration of the
correlation. It seems clear that an increase in the Crude Brent price is followed by
an appreciation of the Norwegian currency. However, researchers have found it
difficult to predict future exchange rates using commodity prices. Most studies on
exchange rate movements conclude the random walk to be the superior forecaster
above any estimated model (Meese & Rogoft, 1983a; Diebold & Nason, 1990;
Frankel & Rose, 1995; Cheung, Lai & Bergman, 2004; Engel & West, 2005).
Additionally, very few studies have researched the Norwegian currency in
particular.

In their study, Chen et al. (2010) found evidence that exchange rates
significantly predicts future commodity prices. Although, when they analyzed the
reveresed relationship that we are considering, they could never consistently
forecast exchange rate movements above a random walk. Ferraro et al. (2015) did
find an out-of-sample relationship between the West Texas Intermediate (WTT)
crude oil and the NOK/USD exchange rate, but only when considering
contemporaneus oil prices at daily and monthly frequencies. When they analyzed
the true out-of-sample forecasting model using lagged crude oil prices, the
predictability broke down. Signifcance was to be found only at shorter periods
during their sample using daily frequency.

Our study found significant predictability in the pseudo out-of-sample
model using contemporaneus oil price changes for both daily, weekly, monthly,
and quarterly frequencies. Furthermore, we were able to consistently and
significantly predict the future NOK/USD exchange rate above the random walk
using lagged oil price changes with daily data. Ferraro et al. (2015) conclude that
short-horizon predictability has never been convincingly demonstrated in the
literature, especially with their high statistical significance levels. With this in
mind, and after researching the field, we conclude with a new finding that
commodity prices can consistently and significantly predict exchange rates. We
were also able to find this link with weekly frequency when allowing for time
variability in the performance of the model. With several papers showing that the
Diebold and Mariano (1995) test statistic is undersized (Rogoff &Stavrakeva,
2008; Ferraro et al., 2015) we conclude that our significant results are robust when
compared to other test statistics. Further analyses reveal that Crude Brent is the

correct type of oil to use in a Norwegian context, and is in fact the reason why we
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are able to significantly predict the future exchange rate above existing literature.

In addition, our study find that most of the extreme values is in the period
categorized as the financial crisis. According to Brooks (2014, 214) it is justified
to remove observations related to extreme events that are unlikely to be repeated.
We therefore perform a forecasting exercise without 15 of these observations,
which further improves the forecasting ability. Our forecasting model with
interest rate differentials concurs with previous findings that they have little
predictability content for exchange rates.

In our study, we apply the first difference of the logarithm to exchange
rates and oil prices. All forecasts are compared to those of a random walk using
Diebold and Mariano's (1995) test statistic. Our main focus is on the two
forecasting models employed by Ferraro et al. (2015). The first model is an out-
of-sample fit model where we use contemporaneous oil prices and the second
model is a truly out-of-sample forecast using lagged oil prices. Rolling regressions
is applied for both models to estimate the parameters.

We first analyze the in-sample fit of both contemporaneous oil prices and
lagged oil prices using simple Ordinary Least Squares (OLS) regressions. The
contemporaneous oil price is statistically significant at any standard level, and for
all frequencies. The lagged oil price is only significant using daily and quarterly
data. Analyzing the predictability through one-step-ahead pseudo out-of-sample
forecasting, we find that contemporaneous realized oil prices do predict the
nominal NOK/USD exchange rate at all frequencies. Our results are robust at
daily, weekly, and monthly levels. At quarterly frequency, the empirical evidence
is favoring our model, as well. Although, this is only significant using the largest
in-sample window size at the 5% level.

We also find evidence that lagged oil prices are consistent and significant
predictors of the NOK/USD exchange rates at daily frequencies. This result is
however less robust and only significant when using half of the total sample as in-
sample window size.

Further, we employ the fluctuation test by Giacomini and Rossi (2010) to
obtain insight on whether the forecasting performance of our model varies over
time. This is relevant, as several researchers have found evidence of parameter
instabilities in econometric models. The test calculates rolling averages of the out-
of-sample difference in Mean Squared Forecasting Errors (MSFE) over a preset

window over the entire sample. We find several periods where our true
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forecasting model with lagged oil prices outperforms the random walk in weekly
frequency. In monthly and quarterly frequencies, our model never forecast better
than the random walk.

Although, our main focus is on the two forecasting models from Ferraro et
al. (2015), we use these models in several tests to further investigate the
relationship. Since we were able to find additional predictability compared to
results from Ferraro et al. (2015) we find it interesting to investigate the source of
this additional predictability. Our data differs with longer time horizon and
different benchmark for crude oil. We therefore replicate the previous forecasting
with lagged oil price changes in two different exercises. First with the same
sample length as Ferraro et al. (2015) and secondly with Crude WTI as
benchmark for oil prices. In conclusion, we see that it is only when we use Crude
Brent as benchmark for oil that we can predict the exchange rate, and to our
surprise, the extended sample size from 2010 until 2017 yields more uncertainty
in our forecasts. This is coherent with Crude Brent being produced in the North
Sea and is therefore considered the most influential benchmark for crude oil in
Europe. Although the two oil price indices have moved in tandem before year
2010, we impose the evidence found by Chen, Huang and Yi (2015) of a
structural break in this year which has lead to a persistent WTI — Brent spread as a
possible explanation.

Further investigation of our data set reveals that 15 out of the 30 most
extreme values in our whole sample at daily data are during the financial crisis.
Given that there is such a significant number of extreme values corresponding to a
specific historical event we find it relevant to conduct a test where these 15 values
are removed from the total 6283 observations. We find that the financial crisis did
have a disruptive impact on the exchange rates for a short period, and that
accounting for it will give more accurate prediction. This crisis was such a rare
phenomenon, that we assume it will not occur in a foreseeable future.

Further, we apply interest rate differentials to analyze if changes in interest
rates between Norway and the U.S. could be an explanatory factor for the
fluctuations of the Norwegian Krone. We do not find any strong significant
evidence to support this claim when comparing it against the effect Crude Brent
has on the Norwegian Krone. To verify our results, and assure that there is no
dollar-effect disrupting our data, we performed a robustness test using the Great

British Pound, verifying that our results are not plagued by the dollar-effect.
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Our paper contributes to existing literature by a more concentrated focus
on the Norwegian Krone and the Crude Brent oil. More importantly, our study
provides new and interesting evidence in the field of exchange rate movements. In
particular, we contribute with evidence that oil prices can consistently and
significantly predict future exchange rates. Even without taking instabilities into
account. Furthermore, our results show that the choice of benchmark for oil price
is important when investigating the relationship between oil prices and exchange
rates. Not only has this never been found in previous literature, it is also an
important stepping-stone for further research. In addition, we introduce a new
dataset with weekly frequency as suggested by Ferraro et al. (2015). Also here we
find that Crude Brent oil prices significantly predict the Norwegian Krone — U.S.
Dollar exchange rate. Finally, our study adds more recent data, which gives us a
longer time horizon from when the time the Norwegian Krone became a floating
currency.

The paper is organized in the following sections; we present previous
literature and theories that are relevant for our paper, in section 2. Our research
question and hypotheses is in detail presented in section 3. Presented in section 4,
is the data that is used in our empirical research, and our reasoning for our
choices. In section 5, we present introductory statistics, the logarithmic change
applied for our variables, and a brief explanation of Diebold and Mariano's test
statistic which is used throughout our paper. Section 6 covers our main
forecasting models and results. In section 7 and 8, we present our results from
analyzing time variation in performance of our forecasting, and the source of
additional predictability, respectively. Section 9 investigates the impact of the
financial crisis while section 10 study the predicatbility of interest rate
differentials. This is followed by a robustness check for the dollar effect in section
11 and our limitations in section 12. Finally, in section 13 we provide an overall

conclusion of our findings.

2.0 Theoretical framework

In the following section, we will present previous literature that is relevant for our
paper. Theories on exchange rate movements will also be applied to increase the

significance and accuracy of our results.
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2.1 Literature review

Since the modern floating exchange rate era, reserachers have found it difficult to
predict exchange rate movements. Meese and Rogoft (1983a) found early that any
estimated exchange rate model could never forecast better than the random walk.
This is consistent with similar work on the area (Diebold & Nason, 1990; Frankel
& Rose, 1995; Cheung et al., 2004).

Mark (1995) found some evidence of predicatbility content for log
exchange rate changes in long-horizons of up to four years. In horizons from one
quarter and shorter there were no evidence found. Also, Cheung, Chinn and
Pascual (2005) and Engel and West (2005) concluded that no fundamentals
outperform the random walk, except for long time periods. Engel and West (2005)
argued that as the discount factor is near unity, with one or more of the driving
variables following a near unit root process; the exchange rate will appear to be
close to a random walk when the period is short. Although at a longer time period
this might be less applicable. With this in mind, the long-horizon results have both
been criticized and confirmed while the absence of evidence in short-horizons still
stands (Ince, Molodtsova & Papell, 2016).

According to Rogoff and Stavrakeva (2008) there have been a few
influential papers reporting a somewhat more positive short-term forecasting
result (Gourinchas & Rey, 2007; Engel, Mark & West, 2007). They do however
conclude that most of the popular exchange rate models from existing literature
are plagued by several sources of overly optimism, such as failing to produce
robust forecasts over different sample periods. In particular, their models only
outperform the random walk in one period of their sample, giving no warranty to
believe that the relationship will be preserved in the future.

Chen et al. (2010) analyzed the out-of-sample relationship between the
main commodity currencies, fundamentals, and commodity prices. Although they
found that exchange rates have quite robust power in predicting global commodity
prices the reversed relationship did not hold. Instead they report that their
commodity currencies exhibit the same Meese and Rogoff puzzle as other major
currencies in the literature; none of the fundamentals, including commodity
prices, consistently forecast exchange rate movements better than the random
walk.

The models applied in this study is from the paper by Ferraro et al. (2015).
They investigate the predictablity of the Canadian — U.S. Dollar exchange rate,
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and the Norwegian Krone — U.S. Dollar exchange rate using spot prices of Crude
West Texas Intermediate (WTI) oil. The predictability is considered through an
out-of-sample fit regression using contemporaneus oil prices and a truly out-of-
sample forecasting model using lagged oil prices. For the NOK/USD exchange
rate their results suggest a short-term relationship when considering the
contemporaneus model for daily and monthly frequencies. For the truly out-of-
sample forecasting model, daily lagged commodity prices can only be statistically
significant predictors of the exchange rate when allowing for time variation in the
relative perfomance of the model. They were not able to obtain significant results
at frequencies that were monthly or quarterly. In both their out-of-sample, and in-
sample analysies, they state that the frequency have an impact of the predictability
of the data. Additionally, they cannot find that non-linearity and cointegration
models perform better than the simple linear model.

Akram (2004) studied the Norwegian Krone in particular and found a non-
linear negative relationship between the Norwegian exchange rate, and the oil
prices only when the oil price was below USD 14 and falling. Also related to the
Norwegian context is the paper by Yousefi and Wirjanto (2004). They
investigated the impact of interference by OPEC as a price maker on the crude oil
market, when the USD exchange rate fluctuates. Their findings show a negative
correlation, and conclude that the OPEC members are not able to unify their
prices to control the market. Hence, complying with the assumption from market
analysts today, that OPEC is not a price maker.

In their paper, Faust, Rogers and Wright (2003) found that real-time data
performs consistently better than revised data for a fixed time period. Their
research is focused only on simple but important models within the literature of

exchange rate forecasting.

2.2 Random Walk

The theory of a random walk states that one cannot use past actions to predict
future outcomes of an asset, implying that past trends or changes are independent
from the assets future movements. Therefore, a random walk forecast for changes
in the exchange rate will be zero change. Malkiel (2017) argue in his book “A
Random Walk down Wall Street: The Time-tested Strategy for Successful
Investing”, that index funds on the Standard & Poor's 500-Stock Index have
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significantly outperformed average actively managed funds since 1969.
Highlighting that asset prices typically exhibit a random walk.

According to existing literature the random walk has superior forecasting
ability for exchange rates, compared to various structural and time series models
(Meese & Rogoff, 1983a,b; Mark, 1995; Chinn & Meese, 1995; Rossi, 2013;
Ferraro et al., 2015). Furthermore, Kilian (1999) argues that between the two
versions of the random walk, the random walk without drift will demand more
accuracy from the competing model in order to conclude a significantly better
forecast. We therefore apply this version in order to have more robust results for

our forecasting models.

2.3 Interest Rate Differentials

The yield on government bonds is priced from the degree of risk it carries. Hence,
there is a difference in the quoted price on government bonds issued from
different countries. To account for this variation, we apply Interest Rate
Differentials. This theory can be applied as a gap measure on all interest-bearing
assets that are comparable. The theory subtracts the foreign rate from the domestic
rate, or vice versa depending on the application of the variable. As an effect of this
gap, the country with the highest interest rate yielded will see an increase in
demand for its currency, which can lead to an appreciation. Although, there is no
strong relationship between real exchange rates and real interest rate differentials
in either short- or long-term according to the findings of Meese and Rogoff (1988)
there have been observations of this occurring as the financial crisis unveiled in
August of 2007. As an effect of Norway s higher rates than its European
counterpart the demand for the Norwegian Krone and Norwegian deposits
increased, leading to an appreciation for a short period against the Euro and the

U.S. Dollar.

2.4 Purchasing power parity

The theory of purchasing power parity is based on the law of one price, and states
that; identical goods should have the same price in every country, after the
exchange rates are adjusted. One such popular purchasing power parity index is

the Big Mac Index. The Economist has investigated the price of McDonald’s

Page 8



GRA 19502

popular hamburger since 1986, and the over-/undervalue from country to country.
As the theory assumes that offset prices are changing due to inflation, it therefore
eliminates any opportunity for arbitrage. Rogoff (1996) found it extremely hard to
use purchasing power parity to explain high volatility fluctuations in the exchange
market in a short period. Applying it to long periods have a consensus on
suggesting that the speed of convergence is extremely slow, and should give

results.

2.5 Terms-of-Trade

As a variable representing the value of a country’s exports relative to its imports,
terms-of-trade is significantly relevant to strengthen the explanatory power of our
study. If the terms-of-trade ratio appreciates above 1, it is a sign of improvement.
That is, when a country’s currency depreciates the export prices become relatively
lower to foreign importers and vice versa for domestic importers. Accordingly, a
depreciation of a country’s currency will prompt export of goods. In Norway, the
relatively strong Norwegian Krone until the oil price depreciation shock of 2014,
inhibited export of other goods. That is, creating a shift in terms-of-trade for
Norway due to the oil price shock.

Since changes in terms-of-trade usually come with fluctuations in
exchange rates, it is mostly relevant for countries with a floating exchange rate.
Hence, terms-of-trade should by theory be relevant for the Norwegian Krone, also

if the size of the economy is taken into account.

3.0 Research question and hypotheses

Since 2014 the supply of crude oil, both Crude Brent and Crude WTI has risen to
a higher level than the demand for crude oil. After having a stable increase for
almost a decade, the change in the supply and demand curve in 2014 sent the price
of crude oil from USD 115 in the summer of 2015, to below USD 30 in early
2016. The sudden change from a commodity with low volatility, to a highly
volatile one, made way for major changes in the global economy just a few years
after the financial crisis. Focusing on the macroeconomic impact this had on

Norway, the consequences very many due to the high oil percentage of total
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export. Norway’s largest company on the Oslo Stock Exchange, and the biggest
oil company in Norway, Statoil ASA saw its share value go from NOK 194,80 in
2014, to NOK 97,90 at the lowest in 2016 (Oslo Bers). The country’s banks took
heavy losses in the offshore and connecting industries, mainland GDP staggered,
unemployment increased and the Norwegian Krone depreciated. These events
increased our interest on how the commodities affect currencies, and therefore we
have been focusing on our research question: Is there a significant connection
between commodity prices and exchange rates? We have chosen to focus on the
relationship between the Norwegian Krone and Crude Brent. Usually the currency
has been excluded from other papers due to the short valid sample size. Our main

hypothesis is constructed to reflect the findings of former research.

Hy: There is no significant evidence that oil prices can forecast exchange
rates.

(1)
H,: There is significant evidence that oil prices can forecast exchange

rates.

Since our data sample covers the period of the financial crisis, we will also

address the following sub-hypothesis:

Hy: The financial crisis did not impact exchange rate predictability.
(2)
H,: The financial crisis did have an impact on exchange rate

predictability.

Finally, we test whether interest rate differentials can predict the exchange rate.

Hy: There is no significant evidence that interest rates can forecast the
exchange rate.

(3)
Ha: There is significant evidence that interest rates can forecast the

exchange rate.
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4.0 Data

In our study, we focus exclusively on Norway. Our reasoning is that most major
studies on the correlation between crude oil and exchange rate tend to discard the
Norwegian Krone from its studies. Thus, we want to contribute to a better
understanding on the potential impact the oil price has on the Norwegian Krone.
Previous studies used the Crude WTI as their preferred type of oil. Hence, we will
apply the Crude Brent, which is the oil exported from Norway.

As a proxy for Crude Brent spot, we have chosen to use the Brent-Forties-
Oseberg-Ekofisk index (BFOE). Although it does not differ that much from the
generic index on Crude Brent, the BFOE index gives the closest relation to
Norway. Hence, we get a specific European index to work with. The BFOE and
WTT indices are both retrieved from Bloomberg, and contain last trading price of
the day. By applying this proxy instead of the mean price of the day, we have
observations where it is harder to find predictive ability (Ferraro et al., 2015). As
commodities have fewer trading days than currencies within a year, the dispersion
in observed prices of the two time series contains potentially omitted explanatory
observations. This was solved by a command in Bloomberg that adds the price the
trading day before on a non-trading day, if other variables have observations on
the given day.

The nominal NOK/USD exchange rate and the nominal Norwegian Krone
- Great British Pound (NOK/GBP) exchange rate are also from Bloomberg, and
contains the last price on the given trading day. On all variables, we have obtained
daily, weekly, monthly and quarterly datasheets, still applying last trading price.
Bloomberg retrieves the data in the following; the weekly data obtains the
observation on every Friday, in the monthly set the observations are from the last
trading day of the month, and in the quarterly data the observation is from the last
trading day in the given quarter. Our data ranges from 01.01.1993-31.01.2017.
Hence, we start after the Norwegian Krone became a free-floating currency. This
gives us on the daily dataset a number of 6283 observations, the weekly dataset
contains 1252, the monthly dataset contains 282, and finally the quarterly dataset
contains 96 observations per variable.

For interest rates, we apply one year to maturity government bonds, all

bonds are originally yields a one year rate, and the rates are nominal. To account
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for the different datasheets, we convert the interest rate from yearly to daily,
weekly, monthly and quarterly. This is executed by dividing the yearly rate on 365
for daily, 52 for weekly, 12 for monthly and 4 for quarterly. Our data for the
bonds is retrieved from Bloomberg and includes the following; U.S. Treasury Bill

1 year, and Norwegian Government Bonds 1 year.

5.0 Introductory statistics, the logarithmic change, and Diebold

and Mariano's test statistic

5.1 Introductory statistics

Figure 2 illustrates how the USD/NOK exchange rate and the Crude Brent oil
price have evolved during our sample using daily data. The Crude Brent oil price
is reported on the left y-axis and the USD/NOK on the right y-axis. Since the
exchange rate is U.S. Dollar per unit of Norwegian Krone a low value means a
weakening of the Norwegian Krone against the U.S. Dollar. The figure clearly
indicates a high correlation from year 2003 and onwards. We can see that the drop
in the Crude Brent oil price that has occurred in the later years is accompanied
with a similarly drop in the Norwegian Krone. This connection between the two
series is further confirmed with a strong positive correlation between the Crude

Brent oil price and the USD/NOK exchange rate of 0,7231 in our daily sample.
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Fig 2: The USD/NOK exchange rate and the Crude Brent oil.

5.2 Logarithmic change

Throughout this paper we use the first difference of the logarithm on both

exchange rates and oil prices. This means that we are interested in the change of
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the series instead of the spot rates at any given date. In addition to making our
analysis comparable with those of Ferraro et al. (2015), this transformation has
several useful properties. First, it mitigates heteroscedasticity through rescaling of
the data. Secondly, we get a distribution that more closely resembles a normal

distribution (Brooks, 2014).

The following formula is used, In (L) * 100. Figure 3, shows how this

X-1
transformation impact the residuals before and after the transformation. The
residuals are collected from a simple Ordinary Least Squares (OLS) regression.
The first histogram shows the distribution of the residuals collected from a
regression with spot NOK/USD exchange rate as the dependent variable and the
spot price of Crude Brent oil as the independent variable. The second histogram
shows the residuals distribution from the same regression after the first difference

of the logarithm is applied to the variables.

@

Darcity

1 L 1 6 2 c
Arsdusis before taking logs Aasidusls after taking logs

Fig 3: Residuals before and after log change, daily data

5.3 Diebold and Mariano test

In all our forecast models, we employ the Diebold and Mariano (1995) test as
Ferraro et al. (2015). The test compares predictive accuracy between our forecast
and the random walk by calculating the difference between our model’'s MSFE
and those of the random walk. The null hypothesis is of equal predictability
between the two competing predictions is rejected at the 10%, 5%, and 1%
significance level if |[DM | > 1,645, 1,96, and 2,33 respectively. When the test
statistic is below -1,645 our model significantly outperforms the random walk.
Rogoff and Stavrakeva (2008) cite several papers concluding that the test
statistic 1s undersized, meaning that it may not detect statistical significance even
if it exists. Ferraro et al. (2015) support this claim by finding even stronger results
in favor of their forecasting model using the alternative test statistic by Clark and

West (2006). Therefore, should we find predictive content, these results would be
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very robust when compared to other test statistics. In addition, the test allows for
forecast errors that are potentially non-Gaussian, nonzero mean, serially
correlated, and contemporaneous correlated (Diebold & Mariano, 1995). By using
a rolling window when estimating our parameters, we ensure that the test remains

asymptotically valid even for nested models (Giacomini & White, 2006).

6.0 Can commodity prices forecast exchange rates?

In this section, we analyze the predictive relationship between Crude Brent oil
prices and the nominal NOK/USD exchange rate by applying both in-sample fit
and out-of-sample forecast. We follow Ferraro et al. (2015) in the out-of-sample
procedure, which is divided in two parts. One with a contemporaneous model to
measure the out-of-sample fit, and a second part with a truly out-of-sample
forecast model using lagged changes in the Crude Brent oil price. Our research
extends their study by adding more recent data and introducing the weekly
frequency. In addition, we use Crude Brent instead of Crude WTI as benchmark
for oil price since it is a more country specific proxy for Norway.

We find that Crude Brent oil prices are significant predictors for both
contemporaneous and future NOK/USD exchange rates and that our results are
consistent and robust for the sample period under consideration. We therefore
based on findings in this section, reject the null of hypothesis 1 and conclude that

there is significant evidence that oil prices can forecast exchange rates.

6.1 In-sample fit

We apply basic regressions to study the in-sample fit of our main models. The

models we use are

Aex; = a+ PBAp, +u,, t=1,..,T (D
Aex, = a+ BApi_4+u,, t=1,..,T 2

where Aex and Ap denotes the first difference of the logarithm of respectively the
NOK/USD exchange rate and the Crude Brent oil price. Section 5.2 shows our
calculation of the first difference of the logarithm. Model (1) use the
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contemporaneous change in oil price as explanatory variable while model (2) use
the lagged change. Parameters are estimated with simple OLS regressions using

the entire dataset with daily, weekly, monthly, and quarterly frequencies.

6.1.1 Empirical results

The results reported in table 1 shows that in model (1) the coefficient estimates for
the growth rate of oil are negative and highly significant at all frequencies.
Suggesting that in daily frequency an oil price increase of 1 percent would lead to
a reduction of 0,069 percent in the NOK/USD exchange rate. In addition, we see
that the in-sample fit of the model, denoted by R%, improves when the frequency is
reduced.

The coefficient estimate in model (2) is however only significant at all
levels using the daily frequency and at the 10 percent level when applying
quarterly frequency. The results from this exercise are consistent with theory on
the field. Suggesting that since Norway’s export of oil is settled in U.S. Dollars, a
lower income from the export would lead to a lower market demand for the

Norwegian currency.

Table 1: Regression results for model (1) and (2)

NOK/USD Daily Weekly Monthly  Quarterly
o' 0,0039 0,0222 0,1093 0,4085
(0,661) -0,592 -0,515 (0,409)
AInCRBR,t -0,069 -0,086 -0,1204 -0,1454
(0.000)***  (0.000)*** (0.000)*** (0.000)***
R’ 0,0451 0,0784 0,1567 0,2477
o' 0,0031 0,0141 0,0646 0,2425
(0,733) -0,744 -0,724 (0,667)
AInCRBR,t-1 -0,0203 -0,0052 -0,0188 -0,0506
(0,000)***  (0,546) (0,295) (0,094)*
R’ 0,0039 0,0003 0,0038 0,0301

Probabilities in parentheses: ***p<0,01, *** p<0,05, * p<0,10
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6.2 The Contemporaneous model

In this subsection, we follow the procedure of Ferraro et al. (2015) to evaluate the
predictability content between changes in the NOK/USD exchange rate and Crude
Brent oil prices.

We again employ model (1) with contemporaneous oil price changes from
section 6.1 and estimate the parameters through a rolling regression with several
in-sample window sizes. It is important to notice that this is an ex-post forecast,
where the predictive ability of the model is evaluated using realized changes of
the oil price. Nevertheless, successful predictability of this model yields important
inferences for practical use. That is, if we are able to find a sufficient model to
predict the future price of oil, we can also produce good estimates of future
exchange rates (Ferraro et al., 2015). The one-step-ahead pseudo out-of-sample

forecast is given by
Aex{+1 = &+ pApes, +u, t=RR+1,..,T—1

where & and f are parameter estimates obtained from the rolling regression, R is

the in-sample window size, and Aex{ +1 18 the one-step-ahead pseudo out-of-
sample forecast. The realized change in Crude Brent oil prices is used in the above
model as predictor for the change in the exchange rate. Not only is the rolling
regression performed over several in-sample window sizes, we also perform this
forecast for daily, weekly, monthly and quarterly frequencies. Finally, we
compare our predictability to that of the random walk using Diebold and

Mariano's (1995) test.

6.2.1 Empirical results

Figure 4 below shows our results. When the Diebold and Mariano (1995) test
statistic is below -1,645 we conclude that the oil price model significantly predicts
the exchange rate better than the random walk at the 10% level. The test statistic
is reported on the y-axis, and the in-sample window size related to the total
sample size is reported on the x-axis. The three straight lines indicate the critical
values where the level of significance increases from the highest to the lowest.

As can be seen from the negative test statistic, the test favors our model in

all frequencies. For daily, weekly, and monthly datasets the test results are robust
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and significant independent of the in-sample window size. For quarterly frequency
the test favors our model at all window sizes above 1/15. However, these results
are only significant at the 5 percent level using the largest window size.
Comparing our findings with those from Ferraro et al. (2015) our results
are more robust and significant in both daily and monthly data. Furthermore, they
did not find significant results using the quarterly frequency. We also introduced a
new frequency as suggested by Ferraro et al. (2015) and found highly robust and

significant results. Full tables with p-values are reported in Appendix 1, table 1-4.
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12 1/4 1/6 18 1/10 1/15 1/20
=0~ Daily 9,544 -8,146 8,463 -8,034 1,915 1473 6,976
- Weekly -5,429 -4,938 -5,033 -4,683 4,476 -4,453 -3,936
=& Monthly -3,999 2,752 2,871 -2,447 2,192 -2,214 1,843
~-Quarterly -2,069 1,297 -1,301 -1,301 -0,7516 0,7346 1,068
=== Critical value (a=10%) -1,645 -1,645 -1,645 -1,645 -1,645 -1,645 -1,645
== Critical value( a=5%) 1,9 -1,96 -1,96 -1,96 -1,96 1,9 -1,96
== Critical value (a=1%) 2,33 2,33 2,33 2,33 2,33 2,33 2,33

Fig 4: DM-statistic for the contemporaneous model, reported at different in-sample

window sizes of total sample size.

6.3 The True forecasting model

In this subsection, we analyze the predictive ability for future change in the
NOK/USD exchange rate using lagged changes in Crude Brent oil prices.

Again, we follow the procedure of Ferraro et al. (2015) but this time with
what they call the true forecasting model. Although we established predictive
content in the previous section, we now consider a stricter test to evaluate the
actual forecast ability of lagged oil price changes on future changes in the

exchange rate. We use model (2) from section 6.1 and employ rolling regressions
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with several in-sample window sizes in order to estimate the coefficients. The

one-step-ahead pseudo out-of-sample forecast is then given by
Aex{+1 = a+ fAp,+u, t=RR+1,..,T—1

where @ and [§ are parameter estimates, R is the in-sample window size, and

Aexic +1 15 the one-step-ahead pseudo out-of-sample forecast for future change in
the NOK/USD exchange rate. As before, we perform the test for all frequencies
and compare our forecasts with those of the random walk using Diebold and

Mariano's (1995) test.

6.3.1 Empirical results

Our results are displayed in figure 5. First and foremost, we do find that lagged
changes in the oil price are consistent and significant predictors of future changes
in the exchange rate using daily frequency. The absence of similar evidence in
previous literature makes this finding highly interesting. In addition, Ferraro et al.
(2015) who performed the exact same analysis never outperformed the random
walk when considering the average predictability over the out-of-sample forecast
period. Indeed, they still conclude that short-horizon predictive ability never has
convincingly been demonstrated at their high level of statistical significance. As
previously mentioned Rogoff and Stavrakeva (2008) found that most of the
popular exchange rate models from existing literature only outperform the random
walk in one period of their sample. Therefore, our consistent result gives warranty
to believe that the predictive relationship can be preserved in the future.

Although Diebold and Mariano's (1995) test favors our model for almost
all window sizes when using daily frequency it is important to notice that the null
hypothesis of equal predictability between our model and the random walk can
only be rejected at the 10 percent significance level when using 2 of total sample
size as in-sample window for parameter estimation. However, as mentioned in
section 5.3, the test statistic is concluded to be undersized by several influential
studies, implying that the significant result we have is robust when compared to
other test statistics.

For all other frequencies and window sizes we are never able to beat the

random walk significantly. As a matter of fact, for all other frequencies, the test
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statistic 1s always positive and therefor suggesting lower predictability for our
model compared to the random walk. Based on overall findings in this section we
at this point reject the null of hypothesis 1, and conclude that there is significant

evidence that oil prices can forecast exchange rates.
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-0~ Daily -1,707 -1,359 -1,059 -0,9069 -0,6285 -0,1615 0,401
- Weekly 1,084 1,84 1,461 1,49 1,849 1,724 2,823
~4-Monthly 07727 2,388 1,686 2921 2,487 2,628 3471
=0~ Quarterly 0,9426 1,638 1,832 1,752 1,92 1,813 2,492
== Critical value {a=10%) -1,645 -1,645 -1,645 -1,645 -1,645 -1,645 -1,645
== Critical value( a=5%) -1,96 -1,96 -1,96 -1,96 -1,96 -1,96 -1,96
== (Critical value (a=1%) 2,33 2,33 2,33 2,33 2,33 2,33 -2,33

Fig 5: DM-statistic for the true forecasting model, reported at different in-sample
window sizes of total sample size. Full tables with p-values reported in Appendix 2, table

5-8.

7.0 Time varying exchange rate predictability

The previous analyses are based on models that assume constant model
performance over time, and therefor results are based on overall predictability.
However, because of the unstable economic environment there might be periods
during our sample where either our model or the random walk perform
significantly better than the other.

We employ the fluctuation test by Giacomini and Rossi (2010) to evaluate
if there is time variation in the relative forecasting performance between our true
forecasting model and the random walk. The test calculates rolling averages of the
out-of-sample MSFE differences between our true forecasting model from the

previous section and the random walk forecast over time. The null hypothesis is
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equal predictability between our model and the random walk. Similar to Ferraro et
al. (2015) we employ the forecasts produced when using one half of the total
sample size as in-sample window. For the rolling averages of out-of-sample
MSFE differences we employ a window of 30 weeks. The test is performed on
weekly, monthly, and quarterly frequencies. Since we have already found
significant predictability in daily data for the entire sample, we do not consider

this frequency for the test.

7.1 Empirical results

Figure 6 shows Giacomini and Rossi's (2010) fluctuation test results when using
weekly data. Negative values indicate that the test favors our model. When the test
statistic is below the bottom blue line our forecasting model significantly
outperforms the random walk at the 5 percent level.

From the figure we can see several periods with significant results in favor
of our model. These are around 2008, between 2011 and 2012, and around 2013.
Ferraro et al. (2015) who found that considering frequency of the data was
important for capturing predictability suggested this frequency as further research.
Our significant results therefore contribute with the possibility of longer horizon
predictability. Monthly and quarterly figures are reported in Appendix 3, figure 1-

2. They never forecast better than the random walk.

Giacomini - Rossi Fluctuation Test

T T T T T
2005w1 2008w1 2011w1 2014w1 2017w1
Time

| ————— Critical values G-R test stat. |

Giacomini and Rossi's (2010) Fluctuation test

Fig 6: Giacomini & Rossi’s (2010) fluctuation test with rolling DM-statistics for the true

forecasting model using weekly data.
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8.0 Source of predictability

In subsection 6.3 we found significant predictability above existing literature in
daily data. Also, compared to the research from Ferraro et al. (2015) who used the
same true forecasting model with lagged changes in oil price as predictor for the
exchange rate. In this section, we therefore analyze the source of our additional
predictability by replicating the previous forecasting in two different exercises.
First with the same sample length as Ferraro et al. (2015) and secondly with
Crude WTI as benchmark for oil prices.

We find that the choice of benchmark for oil price is important and that

Crude Brent is the correct type of oil to use in a Norwegian context.

8.1 Extended sample length

Starting of we evaluate whether the extended sample length is the source for the
additional predictive ability in the daily dataset. Therefore, we use the same
sample length as Ferraro et al. (2015) for the true forecasting model in the
previous section. That is, we use the same estimation technique as described in
section 6.3 but with sample length between the 3™ of January 1994, and the 16" of
September 2010.

8.1.1 Empirical results

Figure 7 below depicts our results with the Diebold and Mariano (1995) test
statistic from comparing our forecast models with the forecast of the random
walk. The blue line is the test statistic with reduced sample length and the green
line is the test statistic from our original forecast.

Surprisingly, we find that the reduced sample length actually give us more
robust result for the largest window size when using Crude Brent oil prices. In
contrast to our extended sample size, the significance is now at the 5 percent level
instead of the 10 percent level. We therefore conclude that the source of our

additional predictability is not from the extended sample size.
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Fig 7:DM-statistics for original sample length versus reduced sample length, for the true

forecasting model.

8.2 Choice of oil index

Further, we analyze the impact on the predictability of our choice to use the Brent
oil price index. As mentioned in section 4, this proxy is more comparable to the
Norwegian economy, since this is the type of crude oil being pumped from the
Northern Sea. Although, the prices of Crude Brent and WTI has moved in tandem
in decades, Chen, Huang and Y1 (2015) found that a breakpoint occurred in 2010
which have lead to a persistent spread between the two prices. We still perform
the same regression as described above but change the Crude Brent price index to
the Crude WTI price index used in Ferraro et al. (2015). The sample length is our
original from 1™ of January 1993 until 31* of January 2017.

8.2.1 Empirical results

Figure 8 below shows our results. The Diebold and Mariano (1995) test statistic
for comparing our forecast to the random walk using Crude WTI and Crude Brent
is respectively illustrated by the blue and green line. The test statistic when using

Crude WTI oil prices as predictor for the NOK/USD exchange rate yields less
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predictability for all in-sample window sizes. When using this benchmark we are
never able to significantly beat the random walk with our forecast even with our
longer time horizon. We therefore conclude that our choice of benchmark for oil
is the source of our additional predictability and that using the correct benchmark
for oil in a Norwegian context is crucial in order to successfully predict the

NOK/USD exchange rate.
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Fig 8: DM-statistics for the Crude WTI oil benchmark versus the Crude Brent oil

benchmark using the true forecasting model.

9.0 Impact of the financial crisis

In August of 2007 the global financial crisis started to unveil in the U.S., as funds
operating on US mortgage debt ceased activity. The crisis escalated, with major
impact on the financial industry, seeing the bankruptcy of Lehman Brothers on
September 15™2008. In the following period, the crisis became global and
affected the economies of countries around the world.

Therefore, we want to investigate if the financial crisis had a disruptive
impact on the predictability. During the period of 2007 until 2010, we find 15 out

of the 30 most extreme values in our whole sample. According to Brooks (2014,
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214) dummy variables may be justifiable used to remove observations
corresponding to extreme events that are considered unlikely to be repeated.
Given that there is such a significant number of extreme values in a short period
of time, we find it relevant to include a test were these 15 values are removed. By
removing these observations, we assume that the financial crisis did have an
impact on the exchange rates for the given period. Hence, these observations are
to be assumed that they are not a result of shifts in Crude Brent.

The extreme values were found by performing a standard OLS regression
on daily data using model (2) from section 6.1. We thereafter collect the residuals
and sort them from highest to lowest value. Figure 9, shows a time-series plot of
the residuals and fitted values. From the graph we can see that there are several
large outliers around the period of the financial crisis. All of the large outliers
correspond to periods where the Norwegian Krone appreciated much more against
the U.S. Dollar than we would have predicted.

Since we found that 15 of the 30 most extreme values were from the
period of the financial crisis, dummy variables was created to remove these 15
observations from the total sample size of 6283 observations. We then performed
the same out-of-sample forecasting with lagged oil prices as described in

subsection 6.3. This test was also performed on weekly data.

(IO_
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1/1/1993 1/1/1999 1/1/2005 1/1/2011 1/1/2017
Date

Residuals Fitted values |

Fig 9: Actual residuals from linear regression on natural log change against fitted

values.
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9.1.Empirical results

Figure 10 shows the Diebold and Mariano (1995) test statistic from comparing our
forecasts with the random walk. The blue line illustrates our results after removing
the extreme values and the green line illustrates our original results. Findings
shows that the out-of-sample forecast with removed extreme values have a higher
predictability, and more robust result than the original forecast. Hence, our
assumption that the financial crisis did have a disruption on the exchange rates for
a short period is true, and that accounting for it may give a more accurate
prediction. Based on our findings, we reject the null of hypothesis 2, that the
financial crisis did not impact the exchange rate predictability. Appendix 5 shows

results for weekly data, where we find no predictability improvement.
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Fig 10: DM-statistics with and without extreme values from the financial crisis using the

true forecasting model on daily data.

10.0 Interest rate differentials

Focusing on the theory of interest rate differentials (IRD) as mentioned in section
2.3, we reconstruct the analysis preformed in section 6.2 using model (1), still
applying the procedure of Ferraro et al. (2015), with a change of one variable. To

perform the regression, Crude Brent is removed from the regression and the IRD
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of the NOK/USD exchange rate is added. The IRD is calculated by subtracting the
U.S. interest rate from the Norwegian interest rate. The parameters are estimated
through a rolling regression with several in-sample window sizes. Again, this is an
ex-post forecast where the predictive ability of the model is evaluated using
realized changes in the IRD. The one-step-ahead pseudo out-of-sample forecast is

given by
Aex{+1 = @+ BAIRDyy; +u, t=RR+1,..,T—1

where & and f are parameter estimates obtained from the rolling regression, R is

f

the in-sample window size, and AIRD,  ;

is the one-step-ahead pseudo out-of-
sample forecast. Again, we use several in-sample window sizes and perform the
test using both daily and weekly data. Finally, we compare our predictability to

that of the random walk using Diebold and Mariano's (1995) test.

10.1 Empirical results

Our results are reported in figure 11, where the two red lines indicate critical
values for the 10 percent significance level. When the Diebold and Mariano
(1995) test statistic is below the bottom red line, our model significantly
outperform the random walk. When the test statistic is above the top red line, the
random walk has a significantly better forecast.

Although we do find predictability at the 10 percent significance level in
favor of the model with interest rate differentials at one point, it never
outperforms the oil-price model. For all other window sizes and frequencies, the
results from the interest rate model are insignificant. Therefore, we keep the null
of hypothesis 3 and concur with the findings of Meese and Rogoff (1988) that
there is little evidence of a stable relationship between exchange rates and interest

rates.
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Fig 11: DM-statistic for the contemporaneous model using change in IRD as predictor
for the change in exchange rate compared with original results using daily and weekly

data.

11.0 Robustness check for the Dollar effect

Since the price of Crude Brent is quoted in U.S. Dollars and we evaluate the
Norwegian Krone against the U.S. Dollar, there is a chance that there is a Dollar
effect creating disruption in our results. To assess that our results are robust, we
apply a test for the Dollar effect in similar matter as Ferraro et al. (2015) and Chen
et al. (2010). We replicate the previous analysis performed in section 6.2, but
instead use the logarithmic change in nominal NOK/GBP exchange rate as
dependent variable. Otherwise the test is identical to the original with the
exception that we only test for monthly data. We use monthly data to add

robustness as it has low significance in previous tests.

11.1 Empirical results

We find significant results on a 5 percent level, with an in-sample window size of
1/2. This implies that our results are robust, since the predictive ability is present
even if we use an exchange rate that does not involve the U.S. Dollar.
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Fig 12: DM-statistics from the true forecasting model using changes in the Crude Brent

price as predictor for changes in NOK/GBP exchange rate.

12.0 Limitations

As the scope of this paper could be extensive, we have chosen certain limitations
for this study. The limitations do open up for further research on the area.

This paper applies the period of January 1* 1993 to January 31* 2017. The
Norwegian export of oil started in 1971. Therefore, an optimal timeline for the
data sample would begin from that year in order to see the correlation and effect
the oil export has had on the Norwegian Krone. Until 1993 the Norwegian Krone
was pegged to different currencies, so it would require several variables to
compensate for the pegging, which might not be significantly unbiased. Hence,
we do not see that we can create variables that comprehend the pegging of the
Norwegian Krone that was almost continuous since 1823 until the unpegging.

Furthermore, this paper does not take account for geopolitical affairs. Such
as OPEC’s attempts to influence the oil price, sanctions against major oil export
nations like Russia and Iran, regional instability, war, climate change agreements

and regulations. There is a chance that some geopolitical affairs have an impact
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that produces a shift in the oil price that could have an explanatory effect, but this
we leave for future research.

Since 1990 until 2016 the export of oil in Norway has accounted for 39 %
- 61 % of the country’s total export (Oljedirektoratet, 2017). We expect that
changes in the oil price should have a significant impact on the currency.
Therefore, we have not weighted the commodity, nor have we included more of
Norway’s large exports, such as aquaculture, metals, weapons and chemicals. Our
reasoning is that they represent a smaller percentage of the exports as singles than

the oil export.

13.0 Conclusion

Our results show that Crude Brent oil prices have a robust and significant in-
sample and out-of-sample fit relationship with NOK/USD exchange rates at daily,
weekly, monthly and quarterly frequencies. The predictive power of
contemporaneous realized oil prices are robust to the sample period under
consideration and the choice of in-sample window size, with the exception of
quarterly frequency where we only have significant predictability at the largest
window.

When using lagged Crude Brent oil prices, the in-sample fit is highest at
daily frequency. This is also related to the out-of-sample forecasting ability of
daily lagged Crude Brent oil prices where we find a significant predictive ability
at the highest in-sample window size. Also in this case, the predictive ability is
consistent and robust for the sample period under consideration. At the weekly
frequency the significant predictability are dependent on allowing for time-
variation of the relative forecasting performance. Based on our results we
conclude that there is significant evidence that oil prices can forecast exchange
rates, and the null of hypothesis 1 is rejected.

In addition, we find that the choice of benchmark for oil price is important
and that Crude Brent is the correct type of oil to use in a Norwegian context.
Following the theoretical justification by Brooks (2014) we found that accounting
for the financial crisis give more accurate prediction on short-horizons. Therefore,
the null of hypothesis 2 is also rejected. Our findings are aligned with previous

literature that interest rate differentials have no predictive ability on exchange
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rates and we keep the null of hypothesis 3. With this in mind, the answer to our
research question is; yes, there is a significant connection between oil prices and
exchange rates.

Our paper relates to existing literature of commodity prices and exchange
rates. Commodity prices short-horizon predictive ability on exchange rates has
never been demonstrated at a satisfactory level before and have only been evident
during small periods. Our paper contributes with evidence that oil prices can in
fact consistently and significantly predict currencies of major oil exporting
countries. We also consider a new frequency where predictability is found when
allowing for time-varying forecasting performance. Furthermore, we contribute
with a new consideration to the literature, that choosing the correct benchmark for
oil is important to detect predictability.

For further research, we suggest researching if our robust results using the
Crude Brent benchmark can be transferred to other European currencies of oil-

exporting countries.
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Appendices

Appendix 1: Full tables for contemporaneous model at daily, weekly, monthly,

and quarterly frequencies

Table 1:
Contemporaneous model. Forecasting ability in daily data between

4™ of January 1994 and, 31* of January 2017

In-sample window size In-sample window P-value DM -statistic
4/5 1006 (0,000)** -5,869
3/4 943 (0,000)*** -7,848
12 629 (0,000)*** -9,544
1/4 314 (0,000)*** -8,146
1/6 210 (0,000)*** -8,463
1/8 157 (0,000)*** -8,034
1/10 126 (0,000)*** -7,915
1/15 84 (0,000)*** -7,473
1/20 63 (0,000)** -6,976
Table 2:

Contemporaneous model. Forecasting ability in weekly data

between 4™ of January 1994 and, 31 of January 2017

In-sample window size  In-sample window P-value DM -statistic
4/5 1006 (0,0065)*** -2,723
3/4 943 (0,0004 )*** -3,563
1/2 629 (0,0000)*** -5,429
1/4 314 (0,0000)*** -4,938
1/6 210 (0,0000)*** -5,033
1/8 157 (0,0000)*** -4,683
1/10 126 (0,0000)*** -4,476
1/15 84 (0,0000)*** -4,453
1/20 63 (0,00071 )*** -3,936
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Table 3:
Contemporaneous model. Forecasting ability in weekly data

between 4™ of January 1994, and 31* of January 2017

In-sample window size  In-sample window P-value DM -statistic
4/5 231 (0,0030)*** -2,963
3/4 216 (0,0002)*** -3,769
1/2 145 (0,0001)*** -3,999
1/4 72 (0,0059)*** -2,752
1/6 48 (0,004 1)*** -2,871
1/8 36 (0,0144)** -2,447
1/10 29 (0,0248)** -2,192
1/15 19 (0,0268)** -2,214
1/20 14 (0,0653)* -1,843
Table 4:

Contemporaneous model. Forecasting ability in weekly data

between 4™ of January 1994, and 31* of January 2017

In-sample window size  In-sample window P-value DM -statistic

4/5 77 (0,1338) -1,499
3/4 72 (0,0819)* -1,74
1/2 48 (0,0386)** -2,069
1/4 24 (0,1947) -1,297
1/6 16 (0,1933) -1,301
1/8 12 (0,1931) -1,301

1/10 10 (0,4523) -0,7516

1/15 6 (0,4626) 0,7346

1/20 5 (0,2854) 1,068
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Appendix 2: Full tables for lagged model at daily, weekly, monthly, and quarterly

frequencies

Table 5:
Lagged model. Forecasting ability in daily data between 4™ of
January 1994, and 31* of January 2017

In-sample window size  In-sample window  P-value = DM-statistic

4/5 5026 (0,4802)  -0,7061
3/4 4712 (0,3765)  -0,8843
1/2 3140 (0,0878)*  -1,707
1/4 1571 (0,1742)  -1,359
1/6 1047 (0,2897)  -1,059
1/8 785 (0,3644)  -0,9069

1/10 628 (0,5297)  -0,6285

1/15 419 0,8717)  -0,1615

1/20 314 (0,6885) 0,401

Table 6:
Lagged model. Forecasting ability in weekly data between 4" of
January 1994, and 31* of January 2017

In-sample window size  In-sample window P-value DM -statistic

4/5 1006 (0,7015) -0,3833
3/4 943 (0,1883) 0,8506
1/2 629 (0,2783) 1,084
1/4 314 (0,0658)* 1,84
1/6 210 (0,1440) 1,461
1/8 157 (0,1352) 1,494

1/10 126 (0,0645)* 1,849

1/15 84 (0,0846)* 1,724

1/20 63 (0,0048)*** 2,823
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Table 7:

Lagged model. Forecasting ability in monthly data between 4™ of

January 1994, and 31* of January 2017

In-sample window size  In-sample window P-value DM -statistic

4/5 231 (0,9139) 0,1082
3/4 216 (0,7472) 0,3223
1/2 145 (0,4397) 0,7727
1/4 72 (0,0170)** 2,388
1/6 48 (0,0917)* 1,686)
1/8 36 (0,0035)*** 2,921

1/10 29 (0,0129)** 2,487

1/15 19 (0,0086)*** 2,628

1/20 14 (0,0005)*** 3,471

Table 8:

Lagged model. Forecasting ability in quarterly data between 4™

of January 1994, and 31* of January 2017

In-sample window size  In-sample window  P-value = DM-statistic

4/5 77 (0,7033) -0,3809
3/4 72 (0,5083) -0,6615
1/2 48 (0,3459) 0,9426
1/4 24 (0,1015) 1,638
1/6 16 (0,0670)* 1,832
1/8 12 (0,0798)* 1,752

1/10 10 (0,0549)* 1,92

1/15 6 (0,0699)* 1,813

1/20 5 (0,0127)** 2,492
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Appendix 3: Fluctuation test for monthly and quarterly data

Figl: Monthly. True forecasting model.

Giacomini - Rossi Fluctuation Test

5 -

T T T T T T T
2006m1 2008m1 2010m1 2012m1 2014m1 2016m1 2018m1
Time

————— Critical values G-R test stat.

Giacomini and Rossi's (2010) Fluctuation test

Fig: 2

Quarterly. True forecasting model.

Giacomini - Rossi Fluctuation Test

T T T T T
2009q1 2011q1 2013q1 2015q1 2017q1
Time

————— Critical values G-R test stat.

Giacomini and Rossi's (2010) Fluctuation test
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Appendix 4: Full tables. Source of predictability

Table 9:
True forecasting model. Reduced sample length versus original

sample length.

In-sample window size  In-sample window  P-value = DM-statistic

4/5 3487 (0,0223)** 2,284
3/4 3269 (0,0173)%* 2,38
1/2 2180 (0,0371)** 2,085
1/4 1090 (0,1854) 1,324
1/6 727 (0,2970) -1,043
1/8 545 (0,4414)  -0,7698

1/10 436 (0,5760)  -0,5593

1/15 291 (0,9981) 0,002

1/20 218 (0,7989) 0,2548

Table 10:
True forecasting model. WTI Benchmark versus Brent

Benchmark.

In-sample window size  In-sample window P-value DM-statistic

4/5 5026 (0,8870)  0,1421
3/4 4712 (0,8458)  -0,1945
1/2 3140 (0,3022)  -1,032
1/4 1571 (0,4246)  -0,7985
1/6 1047 (0,6814)  -0,4105
1/8 785 (0,7301)  -0,345
1/10 628 (0,9361)  0,0802
1/15 419 (0,4939)  0,6841
1/20 314 0,2179) 1,232
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Appendix 5: Impact of financial crisis on predicatbility, weekly data.

Weekly data true forecasting model

4

DM-statistic

=4~ Reduced volatlity
<& Original series

== Critical value (a=10%)
== Critical value{ a=5%)
=== Critical value (a=1%)

112 1/4 1/6 1/8 1/10 1/15 1/20
08731 1,763 1,591 1,65 2,003 1,888 2,834
1,084 184 1,461 1,454 1,849 1724 2,823
-1,645 -1,645 -1,645 -1,645 -1,645 -1,645 -1,645
-1,96 -1,96 -1,%6 -1,96 -1,96 -1,9 -1,96
2,33 2,33 -2,33 -2,33 -2,33 2,33 -2,33
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