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Abstract: In this paper, the generalised extreme value distribution (GEVD) model is employed to
estimate financial risk in the form of return levels and the value at risk (VaR) for the two exchange
rates, BitCoin/US dollar (BTC/USD) and the South African rand/US dollar (ZAR/USD). The Basel
Committee on Banking Supervision (BCBS) responsible for developing supervisory guidelines for
banks and financial trading desks recommended that VaR be computed and reported. The maximum
likelihood estimation (MLE) method is used to estimate the parameters of the GEVD. The estimated
risk values are used to compare the riskiness of the two exchange rates and help both traders and
investors to define their position in forex trading. This is to helping understanding the risk they
are taking when they convert their savings/investments to BitCoin instead of the South African
currency, the rand. The high extreme value index associated with the BTC/USD compared to the
ZAR/USD implies that BitCoin is riskier than the rand. The BTC/USD has higher values of expected
extreme/tail losses of 13.44%, 18.02%, and 23.41% at short (6 months), medium (12 months), and long
(24 months) terms, compared to the ZAR/USD expected extreme/tail losses of 2.40%, 2.84%, and
3.28%, respectively. The computed VaR estimates for losses of USD 0.17, USD 0.22, and USD 0.38
per dollar invested in BTC/USD at 90%, 95%, and 99%, compared to ZAR/USD’s USD 0.03, USD
0.03, and USD 0.04 at the respective confidence levels, confirm the high risk associated with BitCoin.
The conclusion drawn from this study is that BTC/USD is riskier than ZAR/USD, despite the rand
being a developing country’s currency, hence perceived as being risky. The perception is that the
rand is riskier than BitCoin and perceptions do influence exchange rates. Kupiec’s backtest results
confirmed the model’s adequacy. These findings are helpful to investors, traders, and risk managers
when deciding on trading positions for the two currencies.

Keywords: BitCoin; cryptocurrency; extreme value theory; generalised extreme value distribution;
exchange rate; rand; return level

1. Introduction

Cryptocurrencies are decentralised currencies that are transacted without the regu-
lations of a reserve bank or financial intermediaries. Blockchain technology is used to
process transactions. BitCoin is on top of the list of traded cryptocurrencies in terms of
traded volume with a market capitalisation of USD 452.1 billion (https://www.forbes.com,
accessed on 7 March 2023). Like most technical products, the uptake may be initially slow,
but the above literature suggests more significant use of cryptocurrency going into the
future. According to Deloitte, “more than 2300 US businesses accepted and used BitCoin,
and other digital assets for a host of investment, operational, and transactional purposes in
2020” (https://www2.deloitte.com, accessed on 7 March 2023).

With the collapse of the Bretton Woods gold backed currency system (Garber 1993),
the current currencies in use are viewed as fiat currencies. Fiat money is a government
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issued currency that is not backed by a commodity such as gold. Fiat currencies have lost
some of their lustre in times of war, showing that they are not as good as gold.

Indeed, cryptocurrencies such as BitCoin are exchangeable with fiat currencies and
are a faster way to exchange currency, even though some economic researchers argue that
the BitCoin fails the three traditional requirements of a currency (store of value, medium of
exchange, and unit of account (Yermack 2015). Lu (2023) noted that if BitCoin is accepted as
a kind of new currency, it is likely that it will improve lives and help to avoid the problem
of fetishism that always excludes the majority from its games.

Since BitCoin is not backed by any central bank or government, its users and traders
are vulnerable to higher risk (volatility).

BitCoin is a relatively new investment asset and evidence of its use as a currency is
available on the given surveys below. As with the global trend, cryptocurrency trading,
particularly BitCoin, is gaining a lot of momentum in South Africa Arı (2022), (https:
//www.altcointrader.co.za/, accessed on 7 March 2021).Thus, according to a survey by
triple A, a blockchain technology company, there is a steady increase in movements of
people’s savings and investments between the rand and BitCoin (https://triple-a.io/crypto-
ownership-south-africa-2022/, accessed on 5 April 2023).

Risk sentiment is how financial market participants (traders and investors) feel and be-
have, e.g., towards emerging countries’ currencies. The behaviour is particularly important
when the economic outlook of one or some emerging countries is poor or deteriorating,
economic data is disappointing or downright negative, and markets are exhibiting high
levels of price volatility. Those emerging countries that maybe doing well economically
may still have their currencies weakened or affected through contagion. Investors move
their currencies from emerging countries to “safe haven assets” which are not affected by
this negative sentiment around emerging countries.

While the rand is a government backed currency, the South African Reserve Bank
(SARB) adopted a flexible exchange rate post independence in 1994 (Van Der Merwe 1996).
This approach is the market driven pricing of currency, mainly based on the supply and
demand of money in the market. The rand is then affected by speculation (hence perceived
as being risky), foreign investor sentiment and contagion emanating from association
with similar economies (Pretorius and De Beer 2002). Joale (2011, p. 4) sums it up as
follows: “The reduction in controls relating to the exchange rate market and capital flows
have resulted in South Africa experiencing a significant increase in the volatility of both
securities (stock and bond) prices and the exchange rate of the rand against major world
currencies, especially the U.S. Dollar”, and hence the perception of a very risky rand is not
without merit.

Cryptocurrencies are said to be very risky (Kaseke et al. 2021). Developing countries’
currencies, including the South African rand, are equally risky (https://assets.ctfassets.net/,
accessed on 18 February 2023).

Financial time series (including BitCoin and rand) are leptokurtic in nature, that is,
they tend to exhibit fat tails and excess peaks from the mean (Danielsson 2011). Fat tails
are responsible for extreme return; hence the use of extreme value theory (EVT) models is
recommended in efforts to correctly capture the financial risk of these financial assets.EVT
is the theory of measuring and modelling extreme events (large fluctuations). The field of
EVT was pioneered by Fisher and Tippett (1928) and Pickands (1975). The purpose of this
study is to fit the extreme value theory (EVT)-based generalised extreme value distribution
(GEVD) to compare the riskiness of the two currencies by estimating return levels and the
value at risk (VaR). The GEVD is preferred as it analyses extreme risk. Edem and Ndengo
(2021) showed that GEVD adequately captures tail-related features for financial indices in
developing economies such as Rwanda.

In the modelling of financial extreme tail-related risk using the EVT, the extreme
value index (EVI), also known as the shape parameter of the distribution, dictates the
tail behaviour of the returns’ distribution, according to Rached and Larsson (2019). This
parameter is so important and is an indicator of how the tail of a distribution decays,
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according to Beirlant et al. (2005). A lot of studies have been carried out to refine the
methods of estimating EVI. Work includes Dekkers et al. (1989), Beirlant et al. (1996, 2005),
Caeiro et al. (2005), and Cai et al. (2013). The parameter itself is a measure of risk when
working with the EVT as loss distributions, and it also influences the estimation of risk
measures such as return levels, value at risk (VaR), and expected shortfall (ES) (Penalva
et al. 2016).

The return level is defined as, say, the maximum loss (exceedance) over an average
period of, say, one year. It measures the highest (extreme quantile) to occur within a certain
period. Therefore, the return value is the level that is expected to be equalled or exceeded
on average once every interval of time with a probability of p (McNeil et al. 2015). Jakata
and Chikobvu (2022) defined the waiting time as “the waiting period before observing
a maximum loss of the same magnitude”. Gilli and Këllezi (2006) suggested that the
maximum loss of an investment portfolio can be better estimated by the return value (level),
rather than the more conservative measure of the VaR.

The VaR is a statistic that quantifies the riskiness of a financial portfolio of assets. It
is the largest value or amount expected to be lost over a specified time horizon, i.e., daily,
weekly, or ten days, at a pre-defined statistical confidence level. Hull (2006, p. 198) defined
VaR as the value that “compresses all Greek letters for all the market variables underlying
a portfolio into a single number”. Investors and practitioners rely heavily on VaR as a risk
measure, even though it is not globally sub-additive. The VaR metric is popular because
its practical advantages outweigh its theoretical disadvantages. According to Danielsson
et al. (2013), VaR is sub-additive in most practical situations, which is in line with the
diversification concept of modern portfolio theory.

This paper compares the riskiness of the BitCoin returns with the South African rand
returns using GEVD-based return levels and VaR. The theory of extremes is backed by
mathematical theory and governs the behaviour of extremes (outliers). Just as the central
limit theorem governs the normal distribution behaviour of data when a large data set
is available, Fisher and Tippett (1928) and Pickands (1975) proved a similar theorem for
those extremes (outliers).The theorem applies to a population that may exhibit extremes.
The normal distribution-based models have been discredited, as they are largely blamed
for the global financial crisis of 2008/9. The originality of the work in this paper should
be viewed within the context of applying already established statistical distributions to
compare extreme risk in BitCoin and rand returns. Similarities and hence conclusions
to other developing countries can be inferred, but each developing country’s currency
warrants a separate study and hence a separate conclusion.

The paper provides scarce empirical evidence when comparing a risky developing
country’s currency, the rand, to BitCoin. The normal distribution-based model empirical
evidence is discredited in favour of extreme value theory (EVT) distributions through
empirical evidence, such as that provided using the GEVD model.

The rest of the paper is organised as follows: Section 2 presents the literature review.
The methodology is in Section 3. Results and discussions are in Section 4 and 5 concludes.

2. Literature Review

Dasman (2021) used a statistical test approach in comparing the average returns
and volatility of BitCoin against the Indonesian Composite Index, and gold. The BitCoin
average returns were significantly higher than the financial assets studied. This would be
consistent with mean-variance portfolio theory, which suggests a higher yield for riskier
assets (Markowitz 1959).

Other studies confirmed the highly volatile nature of cryptocurrency, including Zhang
et al. (2018), Katsiampa et al. (2019), and Hu et al. (2019). This feature has been suggested
to be caused by speculation (perceived as being risky), insufficient regulatory measures,
and spurious issues, amongst other reasons given by Dowd (2014), and Cheah and Fry
(2015). However, Blau (2017), found no evidence of speculation as the reason for the high
volatility amongst cryptocurrencies.
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While the issue of fat tails has been raised long before the global financial crisis of
2008, such as in the work of Mandelbrot (1963) and Fama (1963, 1965), the widespread
implementation in practice has lagged behind till post the global financial crisis (Danielsson
2011), (Makhwiting et al. 2014) and (Makatjane and Moroke 2021). Cirillo and Taleb
(2020) emphasised the importance of fat-tailed models in extremes driven by disasters
such as pandemics, e.g., the COVID-19 pandemic. An extreme asset price change can
significantly affect the performance of an investment over a long time period (e.g., a year)
or even threaten the stability of the whole financial market system, and hence should not
be downplayed in any serious policy discussion, according to Taleb (2020).

While the value at risk (VaR) is one of the most commonly used risk measures in
finance because of its ability to compress all Greeks to a single value, it has shortcomings
according to Chou and Wang (2014) and, Hull (2006). Rockafellar and Uryasev (2002)
showed that the traditional normal distribution-based VaR is not only incoherent, but also
fails to precisely estimate the risk of loss when the loss distributions have ‘fat tails’ unless
EVT distributions are used. “This significantly discredits the accuracy of the traditional
normal distribution based VaR risk measure” according to Chen (2018). To address the
normal distribution-based VaR weaknesses highlighted above, the EVT theory-based GEVD
is suggested in this study.

As an alternative, modelling return levels as a risk measure has been used increasingly
in geophysical sciences and financial analysis (Chifurira 2018), (Maposa 2016). Musara et al.
(2022) used probability plots, quantile plots, and Kolmogorov–Smirnov tests to confirm the
model adequacy of GEVD-based return levels as a measure of risk.

There has been an increase in the amount of research to ascertain whether the stylised
facts of cryptocurrency are similar to those of other financial assets. Arı (2022) showed that
the Levy-driven continuous-time GARCH model shows a better performance in predicting
volatility than the discrete-time GARCH. Kaseke et al. (2021) showed that cryptocurrencies
have similar distributional characteristics with gold and the FTSE/JSE 40, although the
cryptocurrency is more volatile. Takaishi (2018) noted the presence of heavy-tailedness and
excess kurtosis in the one-minute returns data of BitCoin. Bouri et al. (2017) observed a
high negative skewness and volatility in BitCoin in comparison to other stock returns.

Malladi (2022) used five econometric methods (pooled ordinary least square regression
model, fixed-effects model, random-effects model, panel vector error correction model,
and generalized autoregressive conditional heteroskedasticity model) to model cryptocur-
rencies’ volatility and price linkage to other assets classes (such as gold, stocks, and bond
markets) and found that the panel vector error correction model fits best. Furthermore, he
found that cryptocurrencies exhibit negative alpha, and high beta (riskiness), similar to
stocks from emerging markets.

Dyhrberg (2016) argued that the shocks that are prevalent in the financial market do not
affect BitCoin and gold returns; hence they can be used for hedging. Conversely, Shanaev
and Ghimire (2021) noted relative stability in BitCoin and Ethereum using asymmetric
power-law statistical distributions.

This paper uses the GEVD model to compare the riskiness of the BitCoin and the
South African rand returns at the extremes/tails of statistical distributions of the returns.
Both currencies are measured against the US dollar. The steady rise in the movement of
people’s investment between the rand and BitCoin since the introduction of cryptocurrency
influenced the selection of the two financial assets. The GEVD model allows for the analysis
of extreme gains and losses that may be associated with investing in BitCoin. The rand
is also another developing country’s currency which is considered to be very risky. By
analysing the extreme gains and losses, this research’s aim is to ascertain which of the
two currencies is riskier and use the findings to help investors understand the risk they
are taking when they convert their savings/investments to BitCoin instead of the South
African currency, the rand. This helps forex traders, risk managers and others to choose
their optimal trading position.
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3. Methodology

The theory of extremes is backed by mathematical theory and governs the behaviour
of extremes (outliers). Just as the central limit theorem governs the normal distribution
behaviour of data when a large data set is available, Fisher and Tippett (1928) and Pickands
(1975) proved a similar theorem for those extremes (outliers).The theorem applies to a
population that may exhibit extremes. The GEVD is a result of the application of the
Fischer–Tippet theorem; simply put the theorem says, as the sample size is slowly increased,
the maxima or minima of that sample will always follow asymptotically, the GEVD.

The block maxima (BM) method is an EVT approach for identifying the maximum/minimum
(extremes) in a data set and models their behaviour, according to Gumbel (1958). Sup-
pose Y1, Y2, . . . , Yn represents the independent and identically distributed log returns of an
asset’s index. Then, for maximum values/gains:

Mn = max[Y1, Y2, . . . , Yn] (1)

For the minimum values (losses):

mn = min[Y1, Y2, . . . , Yn] = −max[−Y1,−Y2, . . . ,−Yn] (2)

Losses are negative returns which have been converted into positive values by multi-
plying by negative one (−1). Mn and mn are the maxima over an n-observation period.

Suppose we find normalising sequences of real numbers (cn) > 0 and (dn) such that
(Mn − dn)/cn converges to a distribution as follows:

P(Mn–dn)/cn ≤ y) = P(Mn ≤ cny + dn)
= P(Yi ≤ cny + dn, i = 1, 2, .., n)
= Fn(Mn ≤ cny + dn) →

n↑∞
G(y)

For the non-degenerate distribution function G (not a unit jump), F is in the maxi-
mum domain of attraction, i.e., (F ∈ MDA(G)). Fisher and Tippett (1928) and Gnedenko
(1943) showed that G(y) is a limiting distribution of normalised maxima of a sequence of
independent, identically distributed random variables as follows.

G(y) =

{
exp

(
−(1 + ξy)−

1
ξ

)
, if ξ 6= 0

exp(−e−y), if x ≥ 0
(3)

A three-parameter family statistical distribution is obtained by a location-scale trans-
form.

Gξ,µ,σ(y) = Gξ

(
y− µ

σ

)
, µεR, σ > 0, 1 + ξ

(
y− µ

σ

)
> 0.

where µ and σ are the location and scale parameters, respectively. The shape parameter ξ is
also known as the extreme value index (EVI).

The probability density function, obtained as the derivative of the above distribution
function, is given as

gξ,µ,σ(y) =
1
σ

(
1 + ξ

(
y− µ

σ

))−1− 1
ξ

exp

{
−
(

1 + ξ

(
y− µ

σ

))− 1
ξ

}
, if ξ 6= 0 (4)

gξ,µ,σ(y) = exp
(
−y− µ

σ

)
exp

(
−exp

(
−y− µ

σ

))
, if ξ = 0 (5)

The log-likelihood for the parameters, when ξ 6= 0, is

l(ξ, µ, σ) = −nln(σ)−
(

1 +
1
ξ

) n

∑
i=1

ln
[

1 + ξ

(
yi − µ

σ

)]
−

n

∑
i=1

[
1 + ξ

(
yi − µ

σ

)]− 1
ξ

(6)
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when ξ = 0

l(ξ, µ, σ) = −nln(σ)−
n

∑
i=1

(
yi − µ

σ

)
−

n

∑
i=1

exp
(

yi − µ

σ

)
(7)

According to Coles (2001), maximisation of the above function with respect to the
parameters vector (ξ, µ, σ), leads to the MLEs for the entire GEVD family.

3.1. Return Level

Jakata and Chikobvu (2022, p. 305) cited Gilli and Këllezi’s (2006) description of a
return level as “a better measure of maximum loss of an investment portfolio rather than
the more conservative measure of VaR”.

The return level as a risk measure is the value (yT) of the return expected to occur in
one out of T periods of length n, and is by definition

RT
n = P(Y > yT) =

1
nT

P(Y ≤ yT) = 1− 1
nT

= G−1
(

1− 1
nT

)
where n is the average number of extremes per T periods of length, and for GEVD can be
summarised as

RT
n =

µ̂−
(

1− σ̂
ξ̂

(
1−

(
ln
(

1− 1
nT

)−ξ̂
)))

µ̂−
(

1− σ̂ln
(
−ln

(
1− 1

nT

)))
if ξ̂ = 0

if ξ̂ 6= 0 (8)

where µ̂, σ̂ and ξ̂ are estimates from the GEVD model.

3.2. Value at Risk

McNeil et al. (2015) showed that the formula for computing the value at risk, for a
small tail probability p, and total sample size n, for a GEVD with maximum likelihood
estimates

(
µ̂, σ̂, ξ̂

)
can be expressed as

ˆVaRp =

u + σ̂
ξ̂

{(
n

Nu
p
)−ξ̂
− 1
}

if ξ̂ 6= 0

u− β̂ln
(

n
Nu

(1− p)
)

if ξ̂ = 0
(9)

and Nu is the number of blocks.

3.3. Backtesting

To validate the model adequacy and effectiveness in the computation of VaR used to
compare the two currencies, the Kupiec unconditional coverage test by Kupiec (1995) is
used. It is preferred due to its simple but effective ability to guarantee model adequacy
(Zhang and Nadarajah 2017). Other techniques such as the Christoffersen conditional
coverage test by Christoffersen (1998) goes further to test the clustering of model violations.
However, Haas (2001) argues that the Christoffersen test is too weak to produce feasible
results.

The unconditional coverage test by Kupiec assumes that the proportion of violations
of VaR estimates must be close to the corresponding tail probability level if the model is
adequate.

Let xp, be the number of violations observed at level p, i.e., rt < VaRp (for long
positions) or rt > VaRp, (for short positions). The test procedure involves comparing the

corresponding proportion of violation [ xp

N ] to p. The H0: E
[

xp

N

]
= p i.e., the expected

proportion of violations is equal to p.
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Under H0, the Kupiec likelihood ratio test is

LRUC = −2ln

 pxp
(1− p)N−xp(

xp

N

)xp(
1− xp

N

)N−xp

, (10)

and it follows a chi-square distribution with one degree of freedom, and N is the total
observations. We reject H0 if the Kupiec statistic is greater than the critical value (chi-
squared) or p value is less than the p statistic. If the null hypothesis is rejected, it can be
concluded that model estimates are significantly different from what is expected.

4. Results Analysis and Discussion

Currency data used in this research was obtained from the finance sector website
(www.investing.com/currencies, accessed on 1 July 2021). Analysis was conducted using R
(R Core Team 2021), RStudio (RStudio Team 2022), evir (Pfaff and McNeil 2018), rugarch
(Ghalanos 2020), ismev (Heffernan and Stephenson 2018) and eva (Bader and Yan 2020)
statistical packages. The adjusted closing values of daily exchange rates from 1 January
2015 to 30 June 2021 were fitted to the GEVD model. BitCoin is traded every day, hence
there are 2370. The rand is not traded on weekends and South Africa’s public holidays,
resulting in 1694 observations. To align our data for analysis, we replaced missing values
in the rand exchange rate with zero, since there are no profits or losses realised by the
holder of the local currency during the weekend and/or public holidays. The daily log
returns were calculated and used for modelling. The formula used is yt = log

[
Pt

Pt−1

]
, where

Pt and Pt−1 are todays’ and yesterdays’ closing values of daily prices (exchange rates),
respectively.

In Figures 1 and 2, the log returns are stationary, around the zero-mean, although
volatility is non-constant and clustered, indicating heteroscedasticity, which is common
with financial data. Isolated extreme returns are visible, and are caused by shocks in the
financial markets.
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Descriptive Statistics
Table 1 below presents the descriptive statistics.

Table 1. Descriptive statistics of exchange rate price returns.

Observations Mean Median Maximum Minimum Skewness Kurtosis

BTC/USD 2370 0.001990 0.001757 0.237220 −0.480904 −0.994382 16.15451

ZAR/USD 1694 −0.000125 0.000000 0.049546 −0.048252 −0.264130 4.121644

Test for Normality, autocorrelation and heteroscedasticity

BTC/USD ZAR/USD

TEST Statistic p-value Statistic p-value

Jarque-Bera 17,478.40 0.000000 108.4967 0.000000

Ljung-Box 11.7 0.0006249 0.40504 0.5245

ARCH LM Test 52.87 4.345 × 10−7 70.789 2.28 × 101

Test for unit root and stationarity

BTC/USD ZAR/USD

Unit Root Test Statistic p-value Statistic p-value

ADF Test −52.20130 0.0001 −40.47263 0.0000

PP Test −52.10963 0.0001 −40.47011 0.0000

KPSS Test 0.092067 0.347000 0.090747 0.347000

In Table 1 the null hypothesis of normality using Jarque–Bera is rejected at the 5%
level of significance, meaning the use of symmetric models should not be considered when
analysing the above-mentioned return series.

The significant p-value of the Ljung–Box test for ZAR/USD returns suggest the failure
to reject the null hypothesis of no autocorrelation. This means observations can be assumed
to be independent and identically distributed (i.i.d). However, for the BTC/USD returns,
this null hypothesis is rejected, hence a block maxima approach will therefore be used to
help deal with the autocorrelation problem. The BM approach reduces this autocorrelation.

The stationarity tests (ADF and PP) show that, at the 5% level of significance, the null
hypothesis of a unit root is rejected and it can be concluded that both exchange rate return
series are stationary. The KPSS test results showed that all returns are stationary as well.

The gains and losses are analysed separately. The monthly period minima/maxima
were extracted from the daily returns of the BTC/USD and ZAR/USD returns data using the
BM method. The gains (maxima) and losses (minima) were fitted to the GEVD separately.
The fitted models were used to estimate the parameters (ξ̂, σ̂ and µ̂) and to estimate VaR as
well as the return levels as a measure of tail-related risk.

4.1. Analysing the Gains of BTC/USD and ZAR/USD

In order to get the block maxima of gains, the BitCoin returns data were put into
monthly blocks. The maximum value in each block/month was selected and retained for
further analysis.

The selected monthly BitCoin maxima (gains) are shown on a graph in Figure 3. The
maximum value in each block/month was selected and retained for further analysis.

The gains of the two currency exchange rates selected from the monthly block maxima
are used to estimate the GEVD parameter estimates.
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In Figure 5 we present the graphical goodness of fit plots for BitCoin returns. The
probability and quantile plots are almost linear, confirming a good fit. The return levels are
within the confidence bands as expected. The density plot is also a good estimate to the
histogram of the data. The model does fit the BitCoin gains data well.
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In Figure 6, the graphical diagnostic plots show that the probability and quantile plots
and rand returns also do not deviate much from the straight line, suggesting that the GEVD
model is ideal for rand returns. The return level plots indicate that there are no significant
deviations from the given confidence level band. The density plot is a good estimate of the
histogram of the rand gains data.
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4.2. Analysing Losses for the BTC/USD and ZAR/USD

To obtain to the losses, the data are transformed using the formula lt = −1 ∗ yt.
Monthly maxima are again selected from these losses to come up with a new set of losses,
much smaller in quantity/size, of the data set.

The selected monthly BitCoin maxima losses are depicted in Figure 7.
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Similarly, to get the block maxima for the rand, the losses are transformed using the
formula lt = −1 ∗ yt and put into monthly blocks. The maximum value in each block was
selected and retained for further analysis. The peaks in this new transformed data set
represent maximum losses.

The selected monthly rand maxima losses are depicted in Figure 8. The maxima of
losses are then used to fit the GEVD. Figures 7 and 8 give the graphical goodness of fit
measures for the losses.
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4.3. Model Diagnostics for the Maxima of the BTC/USD (Lower Tail, Loses or Minima Returns)

In Figure 9, the probability and quantile plots for the BitCoin returns do not deviate
much from the straight line, suggesting that the GEVD model is ideal for BitCoin losses. The
return level plots indicate that there are no significant deviations from the given confidence
level band. The density plot is a good estimate of the histogram of the BitCoin losses data.
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The diagnostic plots in Figure 10 confirm that the GEVD model is ideal for the rand
currency losses.
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4.4. Parameter Estimations

The block maxima of both currencies’ returns are fitted to GEVD with monthly block
sizes. Table 2 shows the MLEs of the parameters and their corresponding standard errors
(SE) for both gains and losses.
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Table 2. Parameter estimates using maximum likelihood estimator for GEVD.

Model Maxima ^
ξ SeSe(

^
ξ)

^
σ SeSe(

^
σ)

^
µ SeSe(

^
µ)

BTC/USD
Gains 78 0.0212 0.08501 0.03289 0.00306 0.06764 0.00421

ZAR/USD
Gains 78 0.0076 0.08187 0.00656 0.00053 0.01660 0.00084

BTC/USD
Losses 78 0.2699 0.11185 0.03537 0.00388 0.05796 0.00469

ZAR/USD
Losses 78 0.0694 0.09586 0.00507 0.00040 0.01490 0.00066

All EVIs (ξ̂’s) are positive, implying that both gains and losses for the two exchange
rates follow a heavy tail Fréchet class distribution (Penalva et al. 2016). This parameter
estimate confirms data sets are heavy-tailed. In both cases, gains and losses, the BTC/USD
has greater index values i.e., on the gains BTC/USD has ξ̂ of 0.0212 compared to rand’s
ξ̂ of 0.0076, also on the losses the BTC/USD has ξ̂ = 0.2699 compared to ZAR/USD’s
ξ̂ = 0.0694. These EVIs leads one to conclude that the BitCoin is riskier than the South
African rand (for the period understudy) from both sides of the trader’s long and short
positions. Both currencies have heavier tails on the losses than on the gains.

4.5. Return Levels Estimates

In Table 3, for the BTC/USD, the expected tail-related losses of 13.44%, 18.02%, and
23.42% at short (6 months), medium (12 months), and long (24 months) terms, respectively,
are greater than the expected tail-related gains of 12.46%, 15.00%, and 17.50%.

Table 3. Return levels estimates using the fitted GEVD model.

BTC/USD ZAR/USD

Lower Bound of
Return Level

Point
Estimate

Upper Bound of
Return Level

Lower Bound of
Return Level

Point
Estimate

Upper Bound of
Return Level

GAINS GAINS
6 months 0.11 0.12 0.14 0.03 0.03 0.03

12 months 0.13 0.15 0.18 0.03 0.03 0.04
24 months 0.15 0.18 0.22 0.03 0.04 0.05

LOSSES LOSSES
6 months 0.11 0.13 0.17 0.02 0.02 0.03

12 months 0.15 0.18 0.25 0.03 0.03 0.03
24 months 0.18 0.23 0.36 0.03 0.03 0.04

Based on these results, a short position (selling a BitCoin today and buying it back at a
later date) is recommended rather than a long position (holding a BitCoin hoping to sell it
at a later date at a higher price) since there is a higher chance of realising a loss than a gain
in the long run when holding a BitCoin.

For ZAR/USD, the expected tail-related gains of 2.78%, 3.28%, and 3.75% at short
(6 months), medium (12 months), and long (24 months) terms, respectively, are greater than
the expected tail-related losses of 2.40%, 2.84%, and 3.28%. Hence a long position (holding
a unit of rand hoping to sell it on a later date at a higher price) is recommended rather than
a short position (selling a unit of rand today and buying it back at a later date) since there
is a higher chance of realising a gain than a loss in the long run when holding a rand.

4.6. Value at Risk Estimates

The VaR estimates using the GEVD model are summarised in Table 4.
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Table 4. VaR estimates.

BTC/USD ZAR/USD

Losses Gains Losses Gains

90% 0.17 0.14 0.03 0.03
95% 0.22 0.17 0.03 0.04
99% 0.38 0.23 0.04 0.05

The computed values suggest that the BTC/USD is riskier than the ZAR/USD for
both gains and losses since it has a higher value at risk per US dollar invested in each
currency. Losses of USD 0.17, USD 0.22, and USD 0.38 per dollar invested in BTC/USD at
90%, 95%, and 99% compared to ZAR/USD’s losses of USD 0.03, USD 0.03, and USD 0.04
at the respective levels of significance, confirm the high risk associated with BitCoin.

Comparing losses to gains for BTC/USD, the results indicate that the prospects of po-
tential extreme losses are greater than the prospects of potential extreme gains. Comparing
losses to gains for ZAR/USD, the results indicate that the prospects of potential extreme
gains are greater than the prospects of potential extreme losses.

4.7. Backtest Results

The VaR estimates from the fitted GEVD model are backtested using the Kupiec
test. The p-values greater than 5% imply that the model adequacy is achieved. Table 5
summarises the findings.

Table 5. Kupiec backtest results.

BTC/USD ZAR/USD

Losses Gains Losses Gains

90% 0.76 0.76 0.66 0.94
95% 0.63 0.58 0.63 0.31
99% 0.81 0.81 0.81 0.81

Based on the Table 4 above, GEVD fits fairly well to both BTC/USD and ZAR/USD
currency series’ gains and losses, hence model adequacy is accepted in all cases as the
p-values are greater than the 5% significance level.

5. Discussion and Conclusions

In this study, the GEVD model is employed to estimate return levels and VaR and
are used to compare the riskiness of the BitCoin and South African rand, both indices
measured against the US Dollar. Both exchange rates exhibited heavy-tail behaviour in
gains and losses, providing a good fit to the tails of the distributions. The shape parameter
for instance, which is a useful tool for checking how heavy the tails are, gave values
greater than zero, signifying the GEVD is the heavy tail type Fréchet class distribution
(Penalva et al. 2016). This demonstrates the existence of heavy-tailedness or the presence
of extremes (outliers). The EVT model provided a good fit to the tails of the distribution
of the returns. The diagnostic plots showed that the probability and quantile plots do not
deviate significantly from a straight line, signifying a good fit.

In Table 2, the higher expected tail-related losses than the expected tail-related gains
in BitCoin implies that a short position (selling a BitCoin today and buying it back at a later
date) is recommended for traders rather than a long position (holding a BitCoin hoping
to sell it on a later date at a higher price). However, for the rand, the opposite is true;
the higher expected tail-related gains than the expected tail-related losses implies that a
long position (holding a unit rand hoping to sell it on a later date at a higher price) is
recommended for traders rather than a short position (selling a unit rand today and buying
it back in a later date). Both the return level values and VaR estimates lead one to conclude
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that BitCoin can have higher returns but is also riskier than rand. The conclusion drawn
from this study is that the BTC/USD exchange rate is riskier than the ZAR/USD exchange
rate despite the rand being a developing country’s currency, and hence perceived as being
risky. The rand as hard cash is not convertible against major world currencies, but BitCoin
is convertible. The perception is that the rand is riskier than BitCoin.

This information is useful to local foreign currency traders and investors who need
to fully appreciate the tail-related return levels and risk exposure when they convert
their savings or investments to BitCoin instead of the South African currency, the rand.
Particularly when the market enters a turbulent time, BitCoin is riskier than the South
African rand, a developing country’s currency.

5.1. Limitations

There are some disadvantages or certain limitations in using the GEVD. The imple-
mentation of the method works with block maxima in selecting the extremes (outliers). The
approach usually results in smaller datasets since only one maximum value is used per
time interval (the time block). The rest of the data is discarded if it is not a maximum in that
particular block. This can be deemed as wasteful. The disadvantage is more pronounced
when using the MLE to estimate GEVD parameters if the sample size becomes too small.
The parameter estimate will be biased, which will result in inaccurate results.

The conclusion drawn from this study is that the BTC/USD exchange rate is riskier
than the ZAR/USD exchange rate, despite the rand being a developing country’s currency,
and hence perceived as being risky. However, it must be noted that this conclusion
transcends time but not assets. There is a need for risk managers to model each asset
(including currencies of developing economies) and ascertain their riskiness against the
cryptocurrency of their choice. Similarities, and hence conclusions, to other developing
countries can be inferred, but each developing country’s currency warrants a separate
study and hence a separate conclusion.

5.2. Future Research

Future research will look into machine learning models that adapt faster to new
information. The models can be used to capture the risk behaviour of the two assets post
the COVID-19 pandemic. This study used data up to 2021, when the effects of the pandemic
were still lingering. A generalised pareto distribution (GPD) approach to comparing the
two assets’ risks will be investigated in future research. The GPD uses a different approach
in selecting extremes (outliers) for the analysis.
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