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ABSTRACT

Using a sample of 21 developing and developed countries, we analyze whether a well-

diversified investor of traditional assets (stocks, bonds, real estate, and commodities) may

benefit from investing in cryptocurrencies. Country-specific analyses indicate that cryp-

tocurrencies usually fit in the tangent portfolio (maximum Sharpe ratio) but no – or very lit-

tle – in the minimum variance portfolio (MVP). Out-of-sample analysis indicates that even

global portfolios that already benefits from international diversification may enjoy invest-

ing marginally in cryptocurrencies: mean-variance optimal and naive with cryptocurren-

cies outperformed otherwise identical portfolios in terms of risk-adjusted returns. Besides,

exchange rate movements do not drive this better performance – it occurs for both local

(all returns denominated in the local currency) and global perspectives (all returns in U.S.

Dollars). We also find that cryptocurrencies’ diversification benefits occur both before and

after the COVID-19 pandemics, with the 1/N portfolio with cryptocurrencies presenting

the higher risk-adjusted returns. Our paper adds to the literature by analyzing the marginal

effects of adding cryptocurrencies on a sample of developing and developed economies

and considering up-to-date data following the COVID-19 crisis.
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Alternative investments; Diversification after COVID-19.

1. Introduction

Cryptocurrencies represent a recurring discussion topic among academics, investors, reg-

ulators, and the general public. This growing and proliferating market – a subset of the

so-called market of “digital assets” – offers appealing features, such as operating inde-

pendently of central banks (decentralization) and using encryption techniques to verify

transactions and regulate total supply. The numbers of the market are quite impressive: on

January 9th, 2021, the market capitalization of the whole cryptocurrency market reached

US$1 trillion for the first time (Forbes, 2021). In particular, recent regulatory improvements

in the crypto-space and increasing institutional demand for cryptocurrencies enabled a

new bull market in the fourth quarter of 2020 – the price of bitcoin (BTC) jumped from

US$10.8k in early October to more than US$40k in early January 2021. There are now at

least 8,304 cryptocurrencies around the world (CoinMarketCap, 2021).

Though appealing, cryptocurrencies face huge challenges to become popular to a larger

audience and mature as an asset class. There are several reasons for that. One is that even

industry experts find it difficult to evaluate the intrinsic value of these assets. For example,

a report from JP Morgan concludes that Bitcoin “has surged beyond its “intrinsic value” ”

(Bloomberg, 2019). While inherently difficult to estimate, the authors of the report came to

this conclusion by treating Bitcoin as a commodity and calculating its “cost of production”

using inputs such as estimated computational power, electricity expense, and hardware

energy efficiency. A second important reason that repels investors from investing in those

assets is fraudulent events registered in the cryptocurrencies’ ecosystem – pyramid scams

(Cointelegraph, 2019b), pump-and-dump schemes (Li et al., 2020), and cybercrimes, to

name a few. Finally, one could point out the ongoing challenge to regulate cryptocurrency

transactions, especially in emerging markets – in Brazil, for example, the President of the

Chamber of Deputies has only recently ordered to establish a commission to consider

cryptocurrency regulation in the country (Cointelegraph, 2019a).

From a finance perspective, cryptocurrencies have been the subject of several re-

cent academic studies, exploiting and connecting subjects such as price drivers and co-

movements with traditional assets (Corbet et al., 2019; Goodell and Goutte, 2020; Liu and

Tsyvinski, 2018), suspicious activity and price manipulation (Gandal et al., 2018; Li et al.,
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2020), price bubbles (Corbet et al., 2018), and mean/variance analysis in the context of

portfolio analysis (Gangwal, 2016; Kajtazi and Moro, 2019; Liu and Tsyvinski, 2018; Pla-

tanakis et al., 2018; Platanakis and Urquhart, 2020; Symitsi and Chalvatzis, 2019; Urquhart

and Zhang, 2019). Regarding the latter, the majority of the literature focuses on represen-

tative investors from developed economies such as U.S. and Europe, and little is known

on the potential benefits of cryptocurrencies for investors in emerging markets (see, e.g.,

Colombo et al., 2019). When available to developing economies, empirical evidence usu-

ally limits to China (see, e.g., Kajtazi and Moro, 2019). We try to fill this gap by shifting the

perspective of investments from core developed countries to a large pool of developed and

developing economies (21 countries in total1). By doing that, we test how heterogeneous

the marginal impact of adding cryptocurrencies to multi-asset portfolios is, considering

investments in local currency and in U.S. dollars.

In particular, we estimate optimal holdings using the mean-variance approach and

compare risk-adjusted returns for country-specific representative investors. Following

Bessler and Wolff (2015), we assume that these investors currently hold the local stock

market index (a proxy for diversified equity) plus other “traditional assets” – in particu-

lar, stocks, bonds, commodities, and real estate (i.e., a multi-asset portfolio). We measure

the potential benefit of adding cryptocurrencies by analyzing the incremental change in

risk-adjusted returns following the inclusion of i) BTC (scenario II); ii) BTC plus ETH, XRP,

and LTC (scenario III). These alternative scenarios allow us to distinguish the effects of di-

versifying with BTC only and adding a cryptocurrency basket. Furthermore, because the

total return from a local investor that invests in global assets comes part from the asset de-

nominated in the foreign currency and part from the (diversifiable) return on the exchange

rate, we follow Driessen and Laeven (2007) and run the analysis using USD returns and lo-

cal currency returns. Splitting the results for different currencies is particularly important

when considering emerging markets, which experience higher volatility in their currencies

than developed ones. More recently, emerging economies’ currencies were hit hard by the

2020 events. By December, the top five depreciated currencies against the US Dollar were

from Turkey, Brazil, Russia, South Africa, and Mexico (BNP Paribas Wealth Management,

2020). Our data set builds on several sources and is collected weekly, ranging from August

2015 to December 2020.

The results indicate that cryptocurrencies may enhance the performance of multi-asset

portfolios in several countries. Considering the average from the 21 countries over the full
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period (August 2015 to December 2020), we find that the Sharpe ratio of the optimal MV

portfolio with cryptocurrencies increased relative to an otherwise identical portfolio by

0.266 and 0.253 (returns in local currency and returns in USD, respectively). Neverthe-

less, allowing for investments in ETH, XRP, and LTC (in addition to BTC) improves risk-

adjusted returns even further: an additional 0̃.13 points in the Sharpe ratio, on average.

While not driven by exchange rate movements, these diversification benefits are more ex-

tensive for developing economies, particularly when returns are denominated in local cur-

rency (i.e., the perspective of a local investor perspective without hedging the exchange

rate risk). The out-of-sample analysis shows that even a global portfolio – which already

benefits from investing abroad – may enjoy investing marginally in cryptocurrencies: both

a mean-variance optimal and a naive portfolio with cryptocurrencies outperformed oth-

erwise identical portfolios in terms of Sharpe Ratio, Sortino Ratio, and Omega Ratio. How-

ever, because the portfolios with crypto exhibit higher fat tail risk, we find the expected

losses on the portfolio in the worst 1% of cases rises from 11.0% to 13.8% (adding BTC) and

18.2% (BTC + ETH + XRP + LTC), as measured by the CVaR(99%). Interestingly, the global

minimum variance portfolio (which allocates an average of 8% in cryptocurrencies) has

less tail risk than the optimal portfolio without cryptos. These results are robust to different

rebalancing strategies (weekly, monthly, semi-annually).

Following Bessler and Wolff (2015) and Platanakis and Urquhart (2020), we also con-

sider in the out-of-sample analysis heterogeneous individual risk-tolerances (λ=2, λ=5,

andλ=10 for the aggressive, moderate and conservative prospective investor, respectively).

In particular, we build on the separation property (see, e.g., Bodie et al., 2014) to distin-

guish the fraction of investments in the risky-tangent portfolio and in the riskless asset

(proxied by the U.S. Treasury 10y bond). We find the optimal fraction of cryptocurrencies

ranges from 5.1% (λ=10) to 25.6% (λ=2) irrespective of the rebalancing strategy. Perhaps

surprising, only 10% of these crypto allocations refer to BTC – the weights of ETH and

XRP dominate, while LTC exhibits nearly zero optimal weights. However, one should inter-

pret these results carefully since it relies on historical data. As the asset class matures – as

we have seen from some regulatory improvements and increasing institutional holding in

2020 –, the likelihood of repeating high average excess returns might be lower.

Finally, we break our sample period before and after the COVID-19 pandemics and an-

alyze the performance indicators in the out-of-sample context. While Sharpe, Sortino, and

Omega ratios increased for the optimal portfolio without cryptocurrencies (scenario I) rel-
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ative to the portfolios with crypto (Scenarios II, III, IV, and V), risk-adjusted returns are still

higher for all allocations with crypto. In particular, the 1/N portfolio allocation (which in-

cludes 3.3% in cryptocurrencies at each rebalancing date) outperformed most competing

asset allocations before and after the start of the COVID-19 pandemics. As a drawback, the

1/N portfolio exhibited higher tail risk in the COVID-19 sub-sample: CVaR(99%) = 20.9%

weekly. The minimum variance portfolio with cryptocurrencies is the one with the higher

omega (2.07) and lower expected shortfall at 99% (11.9%) among all allocation strategies

in the COVID period to December 2020.

Our research connects to a comprehensive set of recent studies in portfolio selection

with cryptocurrencies (Baur et al., 2018; Guesmi et al., 2019; Kajtazi and Moro, 2019;

Liu, 2019; Liu and Tsyvinski, 2018; Platanakis et al., 2018; Symitsi and Chalvatzis, 2019;

Urquhart and Zhang, 2019). We contribute to the literature by analyzing how heteroge-

neous are the marginal effects of adding cryptocurrencies on a large sample of both devel-

oping and developed economies. In particular, we extend precious research by analyzing a

representative sample of 21 countries – developed and developing – up to the end of 2020,

including the COVID-19 crisis period. Our evidence suggests that the diversification bene-

fits of cryptocurrencies are robust geographically and the change in Sharpe ratios is higher

for emerging economies, on average. To the best of our knowledge, this is the first attempt

to test widely – for both developed and developing markets – whether adding digital assets

to a portfolio of traditional assets may enhance the risk/reward relationship. Thus, we con-

tribute to one still incipient literature on the diversification benefits of cryptocurrencies in

emerging markets.

The rest of the paper is structured as follows. In section 2, we present a brief discussion

of the related literature. Section 3 describes the data set, discusses the portfolio optimiza-

tion process, and analyzes the descriptive statistics and the risk and return consequences

of the COVID-19 to cryptocurrencies. In section 4, we present the results of the analyses,

both country-specific and global. Finally, section 5 concludes.

2. A short review of cryptocurrencies and portfolio selection

The 2007-2008 financial crisis uncovered the fragility of modern financial and monetary

systems where trust in governments, banks, and other financial institutions played a cen-

tral role in transactions in the system. In the aftermath of the crisis, a whitepaper written
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by Satoshi Nakamoto launched the basis for a “peer-to-peer electronic cash-system” called

Bitcoin (Nakamoto, 2008). This system is based on cryptographic proof instead of trust,

and thus transactions between any two individuals could dispense a third trusted party.

A public ledger, known as the blockchain, keeps a record of credits and debits for each

transaction and is publicly available as an open-source code, so that legitimacy of transac-

tions can be checked by the community. Only after verification, a transaction is recorded

on the blockchain. This process requires computers to solve complex mathematical puz-

zles so that verification can be done and another block added to the blockchain, during

a procedure called mining. For this service, miners receive a reward in the form of virtual

money, the bitcoin, that is added to the network’s circulation. Thus a potential new sys-

tem of payments with a genuine currency was raised, backed by data security science and,

more importantly, without centralized control from government authorities.

Since the birth of bitcoin, many other blockchains and their respective cryptocurrencies

– also called altcoins - emerged, based on forks of the original bitcoin’s blockchain source

code.2. As of 20th July 2019, the number of cryptocurrencies circulating was over 2500 and

continues to grow 3.

But are cryptocurrencies really currencies or do they play another role? Even though

Nakamoto’s definition of a “peer-to-peer electronic cash system” implies people deriving

utility from bitcoin as a currency, this is not a consensus in the literature. Economists usu-

ally state that a typical currency must satisfy three functions: medium of exchange, unit of

account, and store of value. Several authors have argued that, so far, bitcoin and its pairs

lack at least one of them.

For instance, Baur et al. (2018) analyze the Bitcoin public ledger for 2011-2013 and find

that most bitcoins are held by investors, while a minority find it’s used as currency. Besides,

they argue that were bitcoin mainly used to pay for goods and services, it would com-

pete with fiat currencies and influence their value. As such, Liu and Tsyvinski (2018) find

that major currencies, like Australian Dollar, Canadian Dollar, Euro, Singaporean Dollar,

and UK Pound co-move, but exposures of cryptocurrencies to these currencies are small

and not statistically significant. Also, despite some medium of exchange characteristics,

Dyhrberg (2016) classifies bitcoin as being “somewhere between a currency and a com-

modity”. At the same time, Yermack (2013) reminds us that retail good prices quoted in bit-

coin depart from integer numbers, often leading to fractions that require multiple decimal

places with leading zeros, such as 0.01694 BTC, 0.00529 BTC, etc, which is a non-standard
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practice that may confuse sellers and buyers. Together with high observed volatility, these

features pose a big barrier to using bitcoin — or other cryptos – as a unit of account. Fi-

nally, many examples of security breaches, such as hacker attacks and theft (BBC, 2019),

price manipulation (Gandal et al., 2018), or bubble behavior (Corbet et al., 2018) cast some

serious doubt on the store of value function of cryptocurrencies.

On the other hand, empirical findings suggest that cryptocurrencies may better suit as

an asset class (Baur et al., 2018). These assets present, in general, very particular character-

istics: high returns, high volatility, high kurtosis, presence of autocorrelation, time-varying

return predictability and low correlation with other asset’s returns (Bariviera et al., 2017;

Baur et al., 2018; Liu and Tsyvinski, 2018; Urquhart and Zhang, 2019). Skewness, however,

have been found to be positve (Liu and Tsyvinski, 2018) and negative (Baur et al., 2018).

More recently, an increasing body of the literature studies their role in portfolio diver-

sification. For instance, Platanakis and Urquhart (2020) examine the out-of-sample ben-

efits of including Bitcoin in a stock-bond portfolio. The empirical findings, using weekly

data from October 2011 to June 2018, indicate improvement in different measures of risk-

adjusted returns and are robust to a variety of asset allocation strategies, risk aversion lev-

els, rolling windows, the inclusion of transaction costs and different assets, allowance for

short selling and optimization techniques. Liu (2019) apply different portfolio selection

models, conducting a large set of robustness checks to analyze portfolio performance con-

sidering 10 cryptocurrencies. They point out that diversification among cryptocurrencies

can enhance performance under the Sharpe ratio and utility criteria. However, optimal

portfolios are often outperformed by the naïve equal weights portfolio and estimation er-

ror in parameters of returns distribution may offset gains of diversification. Kajtazi and

Moro (2019) use a mean-CVar approach to study bitcoin diversification role in different

markets — USA, China, and Europe -– finding converging results across markets for perfor-

mance improvement, more due to increase in returns rather than reduction of risk. These

conclusions hold mainly for long-only and naïve portfolios, in conformity to other findings

in the literature (see, e.g., DeMiguel et al., 2007; Platanakis et al., 2018). Under a different

approach, Guesmi et al. (2019) use a set of time series models to analyze joint dynamics of

bitcoin and different financial assets and conclude that investors may benefit from hedg-

ing and diversification gains adding bitcoin to their portfolios.

It is important to note that research in this field is expected to increase as cryptocur-

rencies present changing characteristics over time, as they move from infancy (Urquhart,
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2016) to maturity. Besides, worldwide authorities seek to solve cryptocurrencies’ lack of

regulation, which may reflect in new empirical features for these assets in the future. Thus,

even stylized facts presented in the literature may not be fully settled yet.

2.1. Cryptocurrencies and the COVID-19 pandemic

In 2020, new opportunities to investigate the features of cryptocurrencies under adverse

conditions were available. The outbreak of the new coronavirus disease (COVID-19) not

only has turned itself into a global health problem but also an economic and financial con-

cern to all countries. Just as the world output shrank unprecedentedly, trade and financial

flows were highly affected and asset prices became more volatile in a matter of few weeks.

After some initial success containing the spread of the virus, a second wave hit many coun-

tries in the last months of 2020, extending the pandemic and raising uncertainties on its

duration and its costs.

As the crisis unfolded, many authors investigated the behavior of cryptocurrencies in

this new, challenging environment. Yarovaya et al. (2020) reminds that although for tradi-

tional assets the Covid-19 crisis may be interpreted as a “No-Black Swan” event, like other

historical pandemic and infectious disease episodes have had already known impacts on

economies and assets, cryptocurrencies have never experienced such a systematic crisis

until now. They use several quantitative methods on hourly data to analyze herding in

the four most traded cryptocurrency markets from January 2019 up to March 2020 and

conclude that herding behavior is contingent on upward or downward market movement

days, depending on the market, and does not become stronger during the crisis.

Goodell and Goutte (2020) use wavelet methods to investigate the financial impact of

the pandemic using daily data from COVID-19 deaths around the world and Bitcoin prices,

spanning from December 31st, 2019 to April, 29th 2020. They find that the highest coher-

ence and co-movement period occurs after April 5th, with deaths leading bitcoin returns.

Focusing on the Chinese financial markets - both the Shanghai and Shenzhen Stock Ex-

changes -, Corbet et al. (2020) analyzes contagion effects between those local stock market

indexes and the Dow Jones index, gold, and oil during the COVID-19 pandemic. Estimat-

ing GARCH models, they identify changes in the volatility and the dynamic correlation

between assets. The prices of gold and bitcoin are found to have no statistically signifi-

cant relationship with Chinese stock markets in the overall period. However, at the onset

of the pandemic, there is a sharp elevation of dynamic correlations. As such, they conclude
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that cryptocurrencies, represented by bitcoin, are not good hedges neither safe havens for

times of serious crisis.

Complementary, Conlon and McGee (2020) study safe haven properties of Bitcoin dur-

ing the pandemic with daily data using Value at Risk (VaR) and Conditional Value at Risk

(CVaR) as downside risk measures, accounting for skewness and kurtosis. The study shows

that adding Bitcoin to a portfolio, compared to holding the S&P alone, increases down-

side risk, casting doubts on the ability of Bitcoin to consistently provide safe haven for the

S&P 500 during the crisis. Conlon et al. (2020) expanded this investigation to a broader set

of assets — including Bitcoin, Ether, and Tether – and financial markets. They choose in-

ternational equity indices that represent share prices in countries most impacted by the

pandemic crisis by February 2020: MSCI World, which represents large and mid-cap in 23

developed countries, S&P 500 for the U.S., FTSE 100 for the U.K., FTSE MIB for Italy, IBEX

for Spain and CSI 300 for China. Results indicate that bitcoin and Ether do not provide safe

havens for most of these indices, with the exception of CSI for which weak downside risk

benefits are found. The case of Tether is somewhat different because of its successful peg

to the U.S. dollar during the turbulent period. However, this was found not to be consistent

over time, once the peg to the dollar is unstable.

Needless to say, as the second wave of Covid 19 is still in course, further investigation

on the features of cryptocurrencies and the role they play in portfolio management under

stress periods such as these remains necessary.

3. Data, model, and descriptive analysis

3.1. The data set

Our data set comprehends several sources. We first download daily adjusted prices (in

USD) for the 15 most liquid cryptocurrencies from CoinMetrics. Next, we merge this

data set with 25 worldwide stock market indices – all measured in local currencies –

downloaded from Yahoo Finance. Further, we incorporate series representing other as-

sets classes: corporate bonds (iShares iBoxx $ High Yield Corporate Bond ETF - HYG and

iShares iBoxx $ Investment Grade Corporate Bond ETF - LQD), real estate (Vanguard Real

Estate Index Fund ETF Shares - VNQ), and commodities (NYMEX Crude Oil Futures - CL=F,

and Gold, COMEX Gold Futures - GC=F), also coming from Yahoo Finance.

To simulate investments from the perspective of local investors that might or not hedge
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exchange rate risk, we download country-specific exchange rates (local currency/USD)

and separate our analysis into two complementary perspectives. In the first one (local per-

spective), we use the daily exchange rates series to transform dollar-denominated returns

– cryptocurrencies, corporate bonds, real estate, and commodities – into country-specific,

local currency returns. Doing that, we assume that the representative local investor bears

exchange rate risks. In the second standpoint (global perspective), we use daily exchange

rates to transform local currency-denominated stock market returns into dollar-adjusted

stock market returns. In such a case, all returns are denominated in U.S. Dollars. Follow-

ing Liu and Tsyvinski (2018), data frequency is weekly4 and returns are calculated using

natural logarithms.

The initial series of returns starts ranges from July 2010 (beginning of BTC trading) to

December 2020. Because some of the most traded cryptocurrencies started transacting

only in late 2017 (like Binance Coin, Tether, Stellar, EOS, TRON, ChainLink, Bitcoin Cash,

and Cardano), we only keep cryptocurrencies with data available at least since 2015. After

this procedure, our list of 15 cryptos reduces to four: Bitcoin (BTC), Ripple (XRP), Ethereum

(ETH), and Litecoin (LTC). We do a similar procedure with stock market data: we drop

CASE30 (Egypt), TA125.TA (Israel) and JN0U_JO (South Africa) because the number of

missing observations was higher than 75% of the sample ranging from August 2015 (the

month where the last crypto started to trade, ETH) to December 2020. To avoid estimating

the parameters (variance/covariance matrix and expected return) using different periods

(e.g., while BTC started to trade on July 16th, 2010), we only keep observations (rows) with

no missing data. Thus, all data refer to the same time span. After these procedures, our

final data set sums up 246 weeks, as Table 1 shows.

[Insert Table 1 around here]

Furthermore, because the mean-variance framework assumes a risk-free asset, we

match our final data set with risk-free estimates from Fernandez et al. (2019), who surveys

the Risk-Free Rate (RF) and the Market Risk Premium (MRP) used in 2019 for 69 coun-

tries.5 Finally, we use the R packages “PortfolioAnalytics” and “PerformanceAnalytics” to,

respectively, estimate the optimal weights across assets and run calculations on portfolios’

returns (Peterson et al., 2018, 2015). Complementary, we use the Stata user-written pack-

age “mvport” to simulate different portfolio allocations between risky assets (Dorantes,

2016).
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3.2. The optimization procedure and allocation strategies

For scenarios I, II, and III, we consider the following linear optimization problem in the

country-specific and global, boundless portfolios with short-selling restrictions:

maximize
µp −µriskfree

σp
(1)

subject to wi 1 ≥ 0, wi 2 ≥ 0, ..., wi n ≥ 0, (2)

w j 1 ≥ 0, w j 2 ≥ 0, ..., w j m ≥ 0, (3)

wi 1 + ...+wi n +w j 1 + ...+w j m = 1. (4)

Where i = 1, ...,n (n = 26) indexes risky traditional assets (equity, corporate bonds, real

estate, and commodities) and j = 1, ...,m (m = 4) indexes cryptocurrencies (BTC, ETH,

LTC and XRP). Eq. 1 refers to the Sharpe Ratio, and Eqs. 2 and 3 and Eq. 4 refers to the

no short selling constraint and the no leveraging constraint, respectively. Specifically, our

three scenarios work as follows: one optimal portfolio without crytocurrencies (Scenario

I), one optimal portfolio with BTC (Scenario II), and one optimal portfolio with all cryptos

(Scenario III).

We also use alternative weights to measure the in-sample and out-of-sample benefits of

adding cryptocurrencies to otherwise identical portfolios. In Scenario IV, we build a 1/N

allocation strategy (naive portfolio) composed of all risky assets (including four cryptos –

BTC, ETH, XRP, and LTC). Finally, Scenario V is the global minim variance portfolio with

cryptocurrencies – we minimize the portfolio variance subject to the no-short selling con-

dition.

We estimate µ (expected return on each asset) and the covariance matrix using weekly

returns in different time spans. In particular, in the out-of-sample analysis, we estimate

the optimal parameters using a 52-week rolling-window and employ these weights to esti-

mate the return of the portfolio at t +1 (as in Bessler and Wolff (2015) and Platanakis and

Urquhart (2020)).

3.3. Performance measures

We use standard investment performance measures to evaluate the effect of adding cryp-

tocurrencies to otherwise identical portfolios. Though very popular, the Sharpe Ratio may
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not be a good risk-reward measure if portfolio returns are not normally distributed (Pla-

tanakis and Urquhart, 2020). Thus, we also estimate alternative performance measures

such as the Sortino Ratio, the Omega ratio (also known as “gain/loss ratio”), and the CVaR

(a measure of expected return under extreme returns – at or above a certain threshold). In

particular, to have a broad, complementary range of risk and return measures, we compare

the portfolios using the following metrics:

• Sharpe ratio:
µp−µriskfree

σp

• Sortino Ratio =
µp−µriskfree

DownsideSDp

• Omega Ratio =
1/T∗∑T

t=1 max(0,+Rpt)

1/T∗∑T
t=1 max(0,−Rpt)

• CV aRα(R) = E[Rp|Rp ≥ VaRα(Rp)], α= 1%.

Where µp −µr i sk f r ee is the excess return of the portfolio, si g map is the standard de-

viation of the returns, and Downsi deSDp is the standard-deviation considering returns

lower than a given target return. In this paper, we an annual rate of 2% as the minimum

required return to calculate the downside risk. The Sortino ratio is similar in spirit to the

Sharpe Ratio but risk is estimated only with those returns falling below a required return

(i.e., the downside risk). The Omega Ratio has the advantage of not relying on any assump-

tion regarding the distribution of returns Kajtazi and Moro (2019). Finally, CVaR is a mea-

sure of tail risk – the expected return of the portfolio in the worst (1−α%) of the cases (we

set α to 1%).

3.4. Overview of the descriptive statistics

The descriptive statistics are shown in Table 2. Consistent with most of the literature, we

find that cryptocurrencies present much higher returns and volatility than stock market

indices. Also, most indices show negative skewness coefficients, while three of the four an-

alyzed cryptocurrencies have positive skewness, with the exception of bitcoin. In terms

of mean-variance analysis, while the maximum non-crypto asset return in the sample is

0.2% a week, crypto’s returns are at least five times as large. At the same time, while the

standard deviation of stock returns ranges from 1.4% to 7.4%, the less volatile crypto as-
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set (BTC) shows an 11% standard deviation. Among cryptocurrencies, these descriptive

statistics also vary. For instance, we notice that ripple (XRP) is the only asset with the nega-

tive median return, while its mean return is high and positive. Also, this asset presents the

highest standard deviation in the sample, being almost twice as much riskier than bitcoin.

Finally, all digital assets in our sample present a weak correlation with other risky assets,

suggesting they may be useful for portfolio diversification (see Figure 2).

[Insert Figure 2 around here]

3.5. Distribution of returns and co-movements before and after the COVID-19

pandemics

Another interesting exercise is to split returns before and after the year 2020 – when the

effects of the Corona Crisis hit financial markets all over the world – and inspect poten-

tial changes in the distribution of assets returns. Figure 3 shows the estimated densities

for each asset from August 10th, 2015 to December 31st, 2019 in brown. We consider this

the pre-corona crisis period. 6 After that, coronavirus cases spread rapidly throughout the

world and unprecedented health and economic crisis befell most countries, with hetero-

geneous timings. As of December 2020, confirmed cases are experiencing second waves

in many continents, such as the Americas, Europe, Africa, and Western Pacific, while on

South-East Asia and Eastern Mediterranean confirmed cases are diminishing. 7. Thus, we

consider the corona crisis period from the first week of January, 2020 to the last week of

December, 2020.

We notice that while the corona crisis seems to have somewhat shifted the distribution

of cryptocurrencies to the right (see Figure 3), meaning a higher probability of larger re-

turns, the same cannot be observed in other risky asset classes in general.

[Insert Figure 3 around here]

It is also worth mentioning that the correlation of digital assets with traditional ones

peaked during the early months of the corona crisis – see Figure 4 for a 10-week rolling

correlation between each cryptocurrency and the S&P 500. However, after the acute phase

of the 1st wave has passed away, correlations became lower again, even negative in August

and September, spiking later and falling again at the end of the sample.

[Insert Figure 4 around here]
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4. Results

We show here the hypothetical results of a representative investor that holds a multi-asset

portfolio composed of traditional assets – a mix between the country’s stock market index

(a proxy for diversified local equity8), corporate bonds (high yield and investment grade),

real estate, and commodities (gold and oil). The optimal mean-variance weights on these

assets represent our baseline scenario (scenario I, no crypto asset). We then expand the set

of feasible risky assets by allowing investment in BTC only (scenario 2) and in all cryptos of

our sample (BTC + ETH + LTC + XRP, scenario III). To disentangle the effects of cryptocur-

rencies per se from exchange rate fluctuations, we perform our simulations I, II, and III in

both local currency returns (i.e., a local perspective) and U.S. dollar returns (i.e., a global

perspective).

4.1. Feasible random portfolios composed of traditional and non-traditional assets

We begin our results by showing the feasible set of asset allocation after simulating 10,000

random portfolios with the three schemes: scenario I (set of risky traditional assets – no

cryptocurrencies), scenario II (adds BTC), and scenario III (all cryptos). Figure 1 plots

the return (y-axis) and standard deviation (x-axis) of these simulations for three emerging

economies: Brazil, Russia, and India. Subfigure 2a allows investment in traditional assets

only (equity, bonds, real estate, and commodities). We can infer that by allowing invest-

ments in BTC (Subfigure 2b) we can expand allocations to the northwest direction (higher

risk-adjusted returns). Allowing investment in a basket of cryptocurrencies (BTC plus ETH,

XRP, and LTC, Subfigure 2c) generates allocations very similar to scenario II, where only

BTC is allowed. Thus, in this sample of emerging economies, we observe that adding frac-

tions of the wealth in BTC generates better investment allocation relative to traditional

assets only (i.e., risk-adjusted returns increases). However, we do not find evidence that

diversifying across cryptos (once you have BTC in the wallet) increases expected returns

for a given level of risk.

[Insert Figure 1 around here]

As shown in Figure 2, the pairwise correlation across cryptos ranges from 0.4 (ETH and

XRP and BTC and XRP) to 0.7 (XRP and LTC), which is not as high as the average corre-

lation among some stock market indices but is still considerable. On the other hand, the
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correlation between stock market indices and cryptocurrencies is very low, on average, and

is robust across markets. Such a low average sensitivity of returns to returns of equity and

other asset classes is an important feature driving the diversification benefits of cryptocur-

rencies in multi-asset portfolios.

4.2. Optimization: finding country-specific tangent and global minimum variance

portfolios

A crucial step of our analysis is to estimate the tangent and the minimum variance port-

folio considering prospective investors that hold a well-diversified portfolio of traditional

assets. We firstly focus on the case of stocks in a given country. Assuming a representative

investor in each country of the sample (22 countries), we depart from a multi-asset port-

folio of equities, bonds, real estate, and commodities (scenario I) and expand the set of

feasible assets to incorporate BTC (scenario II) and all cryptocurrencies (BTC, XRP, ETH,

and LTC, scenario III). For each country, we find the weights that optimize the objective

function (Eq. 1), given the set of aforementioned linear constraints.

Table 3 shows the results of this analysis. Panel A – “Tangent Portfolio” shows the esti-

mated weights for the tangent portfolio. First, we can observe that, although riskier, cryp-

tocurrencies boosted risk-adjusted returns in all countries, both because of the higher

average return and the very low correlation with stock market indices. Digging deeper

into the results, we can infer that BTC dominates the competing cryptocurrencies re-

garding its share on the portfolio that maximizes the Sharpe Ratio – it averages (median)

63.3% (69.3%) of the optimal portfolio across countries. ETH also appears to benefit the

risk-adjusted returns, even in the presence of BTC — it seems that in a larger sample of

countries combining cryptocurrencies is a good idea instead of picking just one to invest.

The weights of XRP and LTC on the optimal portfolios are consistently zero. Stock mar-

ket indices were given zero weight in the majority of countries, with the USA, Japan, New

Zealand, and Taiwan being exceptions. As a summary, (the average (median) share of the

stock market index on the tangent portfolio is 8.8% (0.0%).

[Insert Table 3 around here]

Regarding the global minimum variance portfolio (Panel B), we get a very different pic-

ture. For the USA, the GMVP is 100% the local stock market index. Except for Argentina

(71.7%) and Brazil (85.3%), the share of the local stock market in the GMVP is higher than
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90%. Nevertheless, small, marginal contributions to reduce risk are found in some cryp-

tocurrencies – again, BTC leads (5.5%, on average), followed by LTC (0.3%). Both XRP and

ETH receive 0% weights in all cases. These results suggest that cryptocurrencies have a

limited effect on reducing the standard deviation of a well-diversified portfolio of stocks,

but can improve risk-adjusted returns significantly.9 Kajtazi and Moro (2019) found similar

results, noting that the addition of bitcoin to diversified portfolios enhances performance

more due to increasing returns than diminishing volatility.

Table 4 shows the Sharpe Ratios for optimal portfolios considering different assets, in

both local currency and US Dollars. It also displays the differences of Sharpe Ratios from

one strategy to another. Notably, portfolios that consider the cryptocurrencies show higher

risk return measures in all countries, a result consistent for different currencies. How-

ever, the advantages of including cryptos to one’s portfolio in local currency are incredibly

higher in Argentina, for which increments in Sharpe Ratio are 0.455 when including BTC

only and 0.711 when XRP, LTC, ETH and BTC are present. However, these differences van-

ish when we look at risk-returns measures in US Dollars. For most countries, Sharpe-Ratios

are similar, with higher measures in New Zealand.

[Insert Table 4 around here]

4.3. A global portfolio of traditional risky assets and cryptocurrencies

Instead of estimating country-specific efficient portfolios, we now put everything together

and estimate the marginal effects of cryptocurrencies on a well-diversified portfolio of

global assets. Because of the global perspective, all assets – even worldwide stock market

returns – are denominated in US Dollars. We assume a global annualized risk-free rate of

2%, which is approximately the average of the 10-Year US Treasury Constant Maturity Rate

from September 2015 to December 2020. We focus on two different portfolios: the tan-

gent portfolio (the one with the highest Sharpe Ratio) and the global minimum variance

portfolio (the one with minimum risk among risky allocations). The results of this exercise

using all assets in our sample – stock market indices, corporate bond indices, real estate,

commodities, and cryptocurrencies – are shown in Table 5.

[Insert Table 5 around here]

Recall that the efficient portfolio is the one that gives, among all other combinations

between the two risky assets, the maximum Sharpe Ratio (i.e., maximum units of return
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per unit of risk). According to Table 5, the optimal portfolio without cryptocurrencies is

composed of two stock market indices – from USA (GSPC) and New Zeland (NZ50) – one

Corporate Bond ETF index (HYG) and the COMEX Gold Futures (GC=F). Gold accounts

for about half of this portfolio (51.2%), followed by HYG (24.2%), S&P 500 (14.7%), and

NZ50 (9.9%). Adding digital assets and re-running the optimization slightly changes the

composition of the portfolio. Gold still prevails, with almost the same weight as before

(52.4%), but now HYG and GSPC vanish, NZ50 weight increases(28.6%), and BTC and ETH

are included, with 13.5% and 5.5%, respectively.

On the other hand, the minimum variance portfolio is exactly the same with or without

cryptocurrencies. There are only two assets to be included here: Gold (CHRIS/CMEGC1),

which accounts for 27.9% of and portfolio, and Corporate Bonds (HYG), with the remaining

72.1%. Unlike the tangent portfolio, none of our crypto assets seem to be a good fit if the

objective is to minimize the overall risk of the portfolio.

4.4. Out-of-sample analysis with different rebalancing frequencies and performance

metrics

It is important to note that the weights obtained in the last section were estimated us-

ing full sample data. However, real-world portfolio management decisions must be made

based on subsets of data, as future returns are unknown. As discussed in section 2 cryp-

tocurrencies are still evolving as an asset class, so it is expected that their returns present

time-varying mean, variance, and covariance, changing their risk-return relation depend-

ing on the subset of the sample we are looking at. Thus, we analyze the out-of-sample

performance of different allocation strategies and infer whether the estimated optimal

weights are stable over time.

In particular, we follow Bessler and Wolff (2015) and Platanakis and Urquhart (2020) and

use 52-week rolling windows to estimate optimal weights. These initial weights are used to

calculate the portfolio return in t+1. Since prices vary differently, the fraction of each asset

on the overall investment deviates from initial values. To return to the original allocation,

the rebalancing frequency is arbitrary, and there is no convergence in the literature con-

cerning the most appropriate choice (for example, Platanakis and Urquhart (2020) choose

weekly adjustments; Kajtazi and Moro (2019) use semi-annual). Thus, we follow Bessler

and Wolff (2015) and test several possibilities: weekly, monthly, and semi-annual rebal-

ancing windows. For portfolio strategies that rely on optimization procedures (Scenarios
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I, II, III, and V), we re-estimate the vector of optimal weights every six months.

The summed weights of cryptocurrencies on each investment strategy are shown in 6.

As expected, the minimum variance portfolio (composed of all assets) exhibits a nearly

zero allocation in cryptocurrencies (ranges from 0% to 2% over the eight rolling windows).

If one’s objective is to minimize risk in a basket of risky assets, it is probably not a good idea

to invest in cryptocurrencies. Meanwhile, the tangent portfolios with BTC (Scenario II) and

all cryptos (Scenario III) exhibit also volatile weights, but they are far larger, on average.

Except for Dec./19 and Jun./2019, the optimal portfolio with all assets carries some fraction

of cryptocurrencies in all other periods. The naive portfolio allocates 1/N (1/30 = 3.33%)

in each asset, and thus have (3.33% * 4 cryptocurrencies =) 13.33% in crypto. For detailed

information on each asset class’s weight in the portfolios, see the Appendix – Figure A1.

[Insert Table 6 around here]

Table 7 shows the out-of-sample risk and return metrics for each investment strategy.

Overall, the rebalancing frequency (weekly, monthly, semi-annual) yields similar results

regarding investment strategies’ rank. Both the Sharpe and Sortino ratios indicate the

1/N naive portfolio with cryptocurrencies yields the highest average risk-adjusted returns

overall investment strategies (consistent with results from Brauneis and Mestel (2019)).

Most important for our research question, not only the naive but all strategies that al-

low investment in cryptocurrencies presented higher risk-adjusted returns than the op-

timal portfolio without cryptos. This evidence holds for the Sharpe, Sortino, and Omega

ratios. Still, even if one’s objective is to reduce overall (SD), downside (Downside SD), or

tail risk (CVaR[99]), the minimum variance portfolio with cryptocurrencies performs best.

As a caveat, as we have discussed earlier, the weights of cryptocurrencies on the mini-

mum variance portfolio vary from 0% to 2%. Thus, in practice, such a portfolio is almost a

cryptocurrency-free strategy.

[Insert Table 7 around here]

Another way to analyze investments is by visualizing the buy-and-hold performance

for each investment strategy. Figure 5 plots the cumulative changes of a symbolic US$ 1

invested right after the first rolling window estimation – i.e., on August 2016. As we can

infer from the Figure, the portfolios with crypto generated a higher cumulative return re-

gardless of the rebalancing frequency. In particular, the leading strategies are the optimal

portfolio with cryptocurrencies (Scenario III), the 1/N allocation with crypto, and the op-
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timal portfolio with traditional assets plus BTC (Scenario II). Besides less risky, the optimal

minimum variance portfolio with cryptocurrencies exhibited higher returns than the op-

timal portfolio with traditional assets only (no cryptos, Scenario I). Thus, we conclude that

adding cryptocurrencies boosted the returns of different allocation strategies relative to

portfolios without cryptos.

[Insert Figure 5 around here]

Finally, we take a closer look at the role of rebalancing strategies on buy-and-hold re-

turns. Figure 5 (in Appendix 5) shows the cumulative returns of each strategy on each re-

balancing frequency. The optimal portfolio without crypto (Scenario I) exhibit three tra-

jectories that almost overlap, indicating that rebalancing frequency does not matter at all.

However, the weekly rebalancing produces lower cumulative returns overtime for all port-

folios with cryptocurrencies (Scenarios II, III, IV, and V). Such behavior occurs because,

during booms in the cryptocurrency market (e.g., the spike in prices of 2017), the weights

that would naturally increase in the portfolio are set back to their original values every-

week. Conversely, monthly and semi-annual adjusts leave the weights of cryptos to fluc-

tuate – they increase during booms and diminishes during busts. Since cryptocurrency re-

turns present momentum (Chu et al., 2020; Petukhina et al., 2020; Tzouvanas et al., 2020),

it is expected that the higher the frequency of rebalancing, the lower will be the cumulative

returns of the portfolio. Furthermore, such a difference is a lower bound estimate. Weekly

rebalancing would generate extra transaction costs, and thus, in practice, the monthly and

semi-annual rebalancing strategies would have outperformed the weekly one by an even

more considerable margin.

4.5. Individual risk tolerances and Optimal weights of cryptocurrencies

One important property of efficient investments is that one can combine investments in

the optimal risky portfolio (the tangent portfolio) and the risk-free rate to increase util-

ity. The separation property states that the choice of portfolio allocation can be divided

into two independent tasks: one is the determination of the tangent portfolio (what we

have done so far), and the second is the capital allocation (see Bodie et al. (2014), ch. 7

for details). The former is independent of one’s degree of risk aversion – different individ-

ual preferences will reflect in the capital allocation task, i.e., in determining the fraction

of wealth invested in the tangent portfolio and the fraction allocated in the riskless asset
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(typically proxied by the yield of a U.S. Treasury Bond).

To test whether different risk aversion parameters would reflect in different optimal

holding os cryptocurrencies in the presence of risky and a riskless asset, we estimate the

optimal position for risk-averse agents in the risky asset (y∗):

y∗ = E(rp )− r f

λσ2
P

(5)

Following Bessler and Wolff (2015) and Platanakis and Urquhart (2020), we setλ = 10,λ =

5, and λ = 2 for the conservative, moderate, and aggressive investor type.10 With a riskless

asset available, the investor could not only combine investments across risky assets but

also mix the tangent portfolio of risky assets with the riskless investment, according to her

risk aversion.

To test that, we rely on the out-of-sample analysis of last section and identify y∗ for each

individual risk profile, considering the monthly rebalancing frequency. Table 8 shows the

result. As one can see, for a conservative investor (λ = 10), y∗ ranges from 4.18% (Scenario

I, no crypto) to 25.28% (Scenario II, adds BTC). Among this optimal holding of risky assets,

we use the out-of-sample optimal weights from Table 7 to identify how much would be

invested in cryptocurrencies. Doing so, we find that nearly 5.1% of the wealth would be

invested in cryptocurrencies – 0.5% in BTC and 4.6% in altcoins (ETH + XRP + LTC). For

moderate risk profiles (λ = 5), such a fraction would increase to 10.3%, reaching 25.6% for

the average aggressive investor (λ = 2). Interestingly, only 10% of the optimal weight of

cryptocurrencies refers to BTC. The majority of the fraction ( 90%) would be a mixture of

ETH and XRP, while LTC accounts for almost 0% of crypto investments.

[Insert Table 8 around here]

In summary, Table 8 shows that there is room for marginal investments in cryptocur-

rency, even for a conservative investor. By doing so, the out-of-sample Sharpe ratio in-

creases significantly – from 0.06 (no crypto) to 0.57 (add BTC) and 0.83 (all assets) from

August 2016 to December 2020.
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4.6. COVID-19 and its effects on the out-of-sample performance of multi-asset

portfolios with and without cryptocurrencies

As a final exercise, we backtest the five investment strategies from subsection 4.4 before

and after the start of the Corona Crisis. As Yarovaya et al. (2020) recalls, this is the first

global stress period cryptocurrencies faced since they first started circulating. We follow

Corbet et al. (2020) and use the 31 December 2019 as the cutoff to identify the pre and post

COVID-19 periods. While the recent empirical literature (see, e.g., Conlon and McGee,

2020; Corbet et al., 2020) investigates the early and most turbulent days of the pandemic,

our sample extends to the last months of 2020, when markets faced contrasting news

shocks on the pandemic. On the one hand, the first vaccines were applied by December; on

the other hand, the second wave of COVID-19 hit most countries. Moreover, a seemingly

more contagious strain of the virus was detected, raising uncertainty on the economic re-

covery speed and costs. Thus, this section seeks to contribute to the debate regarding the

role of cryptocurrencies in investment performance since the COVID-19 pandemic.

Results reveal some interesting results (see Table 9). Average returns have decreased,

except for the minimum variance and the optimal portfolio without crypto (Scenario I).

All investment strategies became riskier in terms of the overall (SD), the downside (Down-

side risk), and tail (CVaR[99]) risks – the only exception is the optimal portfolio with all

assets (Scenario I), that reduced tail risk, SD and downside SD. On risk-adjusted returns,

the naive (1/N) strategy with all assets shows again higher Sharpe and Sortino ratios be-

fore and after the start of the COVID-19 period. However, the minimum variance opti-

mal portfolio not only shows a similar risk-adjusted profile during COVID-19, but it comes

with an advantage: tail risk (CVaR[99]) during COVID-19 is 11.9%, far better than the other

strategies (13.8% for scenarios I, II, and III, and 20.9% for the 1/N portfolio). Thus, while

average risk-adjusted returns diminished during the COVID-19, some more conservative

performed better.

[Insert Table 9 around here]

A crucial caveat should be added to the out-of-sample estimations in the COVID-19 pe-

riod. Following a bear market for cryptocurrencies in 2018 (e.g., BTC traded at $14,156.40

per coin on midnight UTC, 1 January 2018, and ended the year trading at $ 3,742.70 per

coin), the mean-variance optimal weights for cryptocurrencies where only 3% (Scenarios

II and III) and 2% (minimum variance portfolio) on the end of December 2019. Further-
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more, new optimized weights on June 2020 reduced these already low weights to zero for

scenarios II, III, and V ((see Table 6 for details). Thus, unsurprisingly, Table 9 indicates

that strategies I (optimal without crypto), II (optimal adding BTC), and III (optimal with

all cryptos) present nearly indistinguishable risk/return profiles on the COVID-19 period.

Thus, the only strategy that held some fraction of the wealth on cryptocurrencies during

the second semester of 2020 (where a bull market in the crypto space started in October

2020) was the 1/N portfolio. Because of that, the 1/N portfolio exhibited almost three times

the average return of the optimal tangent portfolios (Scenarios I, II, and III), and thus dom-

inated the out-of-sample performance on the Sharpe and Sortino ratios.

5. Concluding Remarks

Using a data set of worldwide stock market indices, corporate bond ETFs, real estate, and

commodities, we analyze whether adding BTC or a basket of four liquid cryptocurren-

cies (BTC, ETH, XRP, LTC) to a well-diversified portfolio of traditional assets increase risk-

adjusted returns. We find that cryptocurrencies’ potential diversification benefits are ro-

bust to a sample of 21 countries from different regions and socioeconomic development

(developing and developed). Besides, such benefits occur for both local – all returns de-

nominated in the local currency – and global perspectives – all returns in U.S. Dollars (i.e.,

it is not driven by exchange rate movements). We find that even a global portfolio – which

already enjoys diversifying internationally through different traditional asset classes – may

benefit from investing marginally in cryptocurrencies: the optimal portfolio with cryp-

tocurrencies outperformed a naive, an optimal portfolio without crypto, and a minimum

variance portfolio in terms of risk-adjusted returns. Such a result is robust to different re-

balancing frequencies. Our paper adds to the literature by analyzing how heterogeneous

are the marginal effects of adding cryptocurrencies on a sample of both developing and

developed economies.

We also discuss and analyze the impacts of the COVID-19 pandemic in the riskiness of

cryptocurrencies in absolute terms (distribution of returns) and comovements with tradi-

tional assets (time-varying correlation of the four cryptos with the S&P 500). While corre-

lations spiked in March/2020 (global panic following the COVID-19 lockdowns and world-

wide spread of the disease), the correlation between cryptos and the stock market went

back to historical averages as soon as the global financial markets calmed down.
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Overall, while cryptocurrencies fit relatively well in tangent portfolios, their marginal

impacts on global minimum variance portfolios are close to zero. Thus, different objective

functions lead to very different holdings of cryptocurrencies. Besides, we find that the op-

timal weights are very sensitive to the period being analyzed. Thus, real-world decisions

regarding holding (or not) cryptocurrencies into a diversified portfolio of traditional assets

should consider different scenarios for these crypto-assets’ future performance. As the as-

set class matures – as we have seen from some regulatory improvements and increasing

institutional holding in 2020 –, the likelihood of repeating astonishing returns in the future

might be lower.

Finally, we should note that the mean-variance optimization process we use is just

one possibility in studying how traditional and non-traditional assets relate to each other.

Further developments include considering other moments of the distribution of returns

(namely, skewness and kurtosis) in the optimization process. There is also room to con-

sider different scenarios based on expected returns and risks for each security. For exam-

ple, what if the massive adoption of cryptocurrency fails to materialize? What if these assets

turn out to be less volatile as adoption increases? Should one invest passively in crypto as-

sets or try to find the “winners” or time the market? These are questions that remain unan-

swered, with a particular gap in the literature for a prospective emerging market investor.
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Table 1. Description of the assets and assets classes used in the analysis

Ticker Index Country FX

Panel A: Stock market indices

GSPC S&P500 US USD=X
GSPTSE S&P/TSX Composite Index Canada CAD=X
FTSE FTSE 100 UK GBP=X
GDAXI DAX Performance Index Germany EUR=X
FCHI CAC 40 France EUR=X
BFX BEL 20 Belgium EUR=X
IMOEX.ME MCX Russia RUB=X
BVSP Ibovespa Brazil BRL=X
MXX IPC MEXICO Mexico MXN=X
MERV Merval Argentina ARS=X
N225 Nikkei 225 Japan JPY=X
HSCE Hang Seng China Enterprises China CNY=X
HSI Hang Seng Index Hong Kong HKD=X
KS11 KOSPI Index South Korea KRW=X
TWII TSEC Weighted Index Taiwan TWD=X
KLSE FTSE Bursa Malaysia KLCI Malaysia MYR=X
JKSE Jakarta Composite Index Indonesia IDR=X
STI Straits Times Index Singapore SGD=X
BSESN BSE SENSEX India INR=X
AXJO S&P/ASX 200 Index Australia AUD=X
NZ50 S&P/NZX 50 New Zealand NZD=X

Panel B: Corporate bonds

HYG iShares iBoxx $ High Yield Corporate Bond ETF (HYG) U.S. -
LQD iShares iBoxx $ Investment Grade Corporate Bond ETF (LQD) U.S. -

Panel C: Real estate

VNQ Vanguard Real Estate Index Fund ETF Shares (VNQ) U.S. -

Panel D: Commodities

CL=F NYMEX Crude Oil Futures - -
GC=F Gold, COMEX Gold Futures - -

Panel E: Cryptocurrencies

BTC-USD Bitcoin - -
ETH-USD Ether - -
XRP-USD Ripple - -
LTC-USD Litecoin - -
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Table 2. Summary statistics of all variables

Ticker Mean p50 SD Min Max Skewness Kurtosis Sharpe N

Panel A - Stock market indices

GSPC 0.260 0.451 2.391 -13.378 10.717 -1.571 12.328 0.109 264
GSPTSE 0.111 0.230 2.387 -19.675 11.418 -2.853 29.643 0.046 264
FTSE 0.056 0.234 2.436 -14.825 11.296 -1.204 14.040 0.023 264
GDAXI 0.146 0.341 3.072 -21.233 15.675 -1.326 15.570 0.047 264
FCHI 0.119 0.243 3.063 -20.524 16.587 -1.182 16.494 0.039 264
BFX 0.082 0.176 2.866 -20.058 12.514 -1.295 14.683 0.028 264
IMOEX.ME 0.267 0.351 2.784 -16.550 14.925 -0.652 11.550 0.096 264
BVSP 0.394 0.562 3.860 -24.154 16.562 -1.588 14.534 0.102 264
MXX 0.017 0.044 2.378 -11.528 8.643 -0.410 6.330 0.007 264
MERV 0.562 0.837 6.212 -35.244 20.858 -1.186 9.286 0.090 264
N225 0.171 0.347 3.028 -14.910 15.581 -0.479 8.255 0.056 264
HSCE 0.105 0.186 3.022 -13.479 7.957 -0.536 5.067 0.035 264
HSI 0.139 0.274 2.544 -12.388 5.557 -0.694 5.122 0.054 264
KS11 0.173 0.395 2.374 -18.171 6.971 -1.977 16.625 0.073 264
TWII 0.236 0.411 2.137 -16.696 4.787 -2.140 17.172 0.110 264
KLSE 0.033 0.038 1.769 -15.299 6.954 -1.952 24.904 0.018 264
JKSE 0.126 0.188 2.163 -17.407 7.622 -2.066 19.977 0.058 264
STI 0.021 0.188 2.096 -12.161 7.550 -0.776 9.305 0.010 264
BSESN 0.225 0.499 2.496 -21.229 7.625 -2.293 23.064 0.090 264
AXJO 0.117 0.306 2.298 -18.705 6.680 -2.501 20.946 0.051 264
NZ50 0.323 0.419 1.862 -12.550 5.527 -2.308 17.577 0.173 264

Panel B: Corporate bonds

HYG 0.124 0.206 1.235 -10.215 4.379 -2.849 26.33 0.100 264
LQD 0.124 0.174 1.309 -11.397 10.366 -1.361 42.174 0.094 264

Panel C: Real estate

VNQ 0.126 0.235 3.067 -26.203 13.537 -2.562 25.197 0.041 264

Panel D: Commodities

CL=F 0.169 0.612 7.456 -48.184 46.559 -0.821 18.651 0.023 264
GC=F 0.149 0.23 2.028 -10.533 9.977 -0.281 7.478 0.073 264

Panel E - Cryptocurrencies

BTC 1.726 1.261 11.276 -48.569 36.528 -0.451 5.467 0.153 264
XRP 1.374 -0.997 22.304 -73.882 186.939 3.012 24.421 0.062 264
ETH 2.173 1.057 17.3 -51.722 76.981 0.445 5.461 0.126 264
LTC 1.421 0.194 14.507 -40.123 76.411 0.973 7.802 0.098 264

Note: Note: log-returns are calculated weekly and multiplied by 100 – Rt = 100∗Ln(Pt /Pt−1). Sharpe ratio is esti-
mated using the equivalent weekly return from a 2% annual risk-free rate. We apply a casewise deletion to guarantee
that summary statistics for all assets are calculated in the exact same period (264 weeks, from 2015w33 to 2020w52).
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Table 3. Country-specific optimizations: traditional asset classes plus cryptocurrencies

Panel A - Tangent Portfolio

Country Rf (year) w∗
SM I w∗

BT C w∗
X RP w∗

ET H w∗
LTC w∗

Gol d w∗
Oi l w∗

RealE st . w∗
HY Cor p.Bond s w∗

IGCor p.Bond s Sharpe

U.S. 0.028 0 0.371 0 0.559 0 0 0 0 0 0.070 0.504
Canada 0.025 0 0.269 0 0.422 0 0 0 0 0.305 0.005 0.501
U.K. 0.020 0 0.232 0 0.357 0 0.026 0 0 0.385 0 0.542
Germany 0.010 0 0.355 0 0.538 0 0.071 0 0 0 0.035 0.489
France 0.010 0 0.355 0 0.538 0 0.071 0 0 0 0.035 0.489
Belgium 0.010 0 0.355 0 0.538 0 0.071 0 0 0 0.035 0.489
Russia 0.083 0.192 0.296 0 0.465 0 0 0 0 0.046 0 0.514
Brazil 0.074 0.104 0.162 0 0.276 0 0.056 0 0 0.402 0 0.609
Mexico 0.074 0 0.250 0 0.379 0 0 0 0 0.371 0 0.537
Argentina 0.097 0 0.261 0 0.392 0 0 0 0 0.032 0.315 1.127
Japan 0.010 0 0.397 0 0.603 0 0 0 0 0 0 0.478
China 0.038 0 0.381 0 0.574 0 0 0 0 0 0.045 0.513
Hong Kong 0.021 0 0.378 0 0.569 0 0 0 0 0 0.053 0.504
South Korea 0.025 0 0.357 0 0.529 0 0 0 0 0 0.114 0.483
Taiwan 0.018 0.294 0.281 0 0.425 0 0 0 0 0 0 0.475
Malaysia 0.043 0 0.194 0 0.310 0 0.016 0 0 0.480 0 0.515
Indonesia 0.070 0 0.397 0 0.602 0 0 0 0 0.001 0 0.513
Singapore 0.026 0 0.214 0 0.318 0 0.077 0 0 0.295 0.096 0.501
India 0.066 0.019 0.204 0 0.323 0 0 0 0 0.330 0.124 0.534
Australia 0.028 0 0.209 0 0.337 0 0.044 0 0 0.390 0.020 0.488
New Zealand 0.030 0.656 0.126 0 0.218 0 0 0 0 0 0 0.499

Mean 0.038 0.060 0.288 0 0.442 0 0.021 0 0 0.145 0.045 0.538
MeanDeveloped 0.020 0.073 0.300 0 0.458 0 0.028 0 0 0.106 0.036 0.496
MeanDevelopi ng 0.068 0.039 0.268 0 0.415 0 0.009 0 0 0.208 0.061 0.608
p50 0.028 0.000 0.281 0 0.425 0 0 0 0 0.001 0.020 0.504

Panel B - Global Minimum Variance Portfolio

Country Rf (year) w∗
SM I w∗

BT C w∗
X RP w∗

ET H w∗
LTC w∗

Gol d w∗
Oi l w∗

RealE st . w∗
HY Cor p.Bond s w∗

IGCor p.Bond s Sharpe

U.S. 0.028 0 0 0 0 0 0.088 0 0 0.584 0.328 0.116
Canada 0.025 0 0 0.001 0 0 0.135 0 0 0.812 0.052 0.114
U.K. 0.020 0.118 0 0 0 0 0.183 0 0 0.699 0.000 0.124
Germany 0.010 0 0 0.001 0 0 0.272 0 0 0.621 0.107 0.080
France 0.010 0 0 0.001 0 0 0.272 0 0 0.621 0.107 0.080
Belgium 0.010 0 0 0.001 0 0 0.272 0 0 0.621 0.107 0.080
Russia 0.083 0.290 0 0.002 0 0 0.092 0 0 0.617 0.000 0.130
Brazil 0.074 0.245 0 0 0 0 0.183 0 0 0.573 0.000 0.200
Mexico 0.074 0.361 0 0 0 0 0.041 0 0 0.561 0.037 0.090
Argentina 0.097 0.210 0 0 0 0 0.011 0 0 0.184 0.595 0.401
Japan 0.010 0 0 0 0 0 0.380 0 0 0.447 0.173 0.064
China 0.038 0.057 0 0 0 0 0.151 0 0 0.590 0.202 0.126
Hong Kong 0.021 0.010 0 0 0 0 0.089 0 0 0.580 0.321 0.116
South Korea 0.025 0.204 0 0.001 0 0 0.185 0 0 0.475 0.136 0.092
Taiwan 0.018 0.231 0 0 0 0 0.157 0 0 0.440 0.171 0.089
Malaysia 0.043 0.289 0 0 0 0 0.114 0 0 0.597 0.000 0.091
Indonesia 0.070 0.277 0 0 0 0 0.116 0 0 0.606 0.000 0.114
Singapore 0.026 0.080 0 0 0 0 0.196 0 0 0.591 0.133 0.110
India 0.066 0.151 0 0 0 0 0.109 0 0 0.585 0.154 0.145
Australia 0.028 0.150 0 0.002 0 0 0.209 0 0 0.619 0.021 0.089
New Zealand 0.030 0.294 0 0 0 0 0.249 0 0 0.457 0.000 0.142

Mean 0.038 0.141 0 0.000 0 0 0.167 0 0 0.566 0.126 0.123
MeanDeveloped 0.020 0.084 0 0.000 0 0 0.207 0 0 0.582 0.127 0.100
MeanDevelopi ng 0.068 0.235 0 0.000 0 0 0.102 0 0 0.539 0.124 0.162
p50 0.028 0.150 0 0 0 0 0.157 0 0 0.590 0.107 0.114

Note: This Table summarizes the results of the country-specific optimizations. From a well-diversified portfo-
lio of traditional assets (local stock market index, corporate bonds, real estate, and commodities), we add the
possibility to invest in four cryptocurrencies: BTC, ETH, XRP and LTC. We report the optimal weights of each
asset for the tangent portfolio (Panel A) and the Global Minimum Variance Portfolio (Panel B). The last col-
umn reports the Sharpe Ratios. Developed (US, CA, UK, DE, FR, BE, JP, HK, KR, TW, SG, AU, NZ) and Devel-
oping (RU, BR, MX, AR, CN, MY, ID, IN) countries classification follows International Monetary Fund (2020).
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Table 4. Sharpe ratios of country-specific optimizations with different sets of assets

Panel A - Returns in Local Currency Panel B - Returns in USD

Sharpe ∆Sharpe Sharpe ∆Sharpe

Country No
Crypto
(1)

BTC
only
(2)

All
Cryptos
(3)

(2) - (1) (3) - (1) (3) - (2) No
Crypto
(1)

BTC
only
(2)

All
Cryptos
(3)

(2) - (1) (3) - (1) (3) - (2)

U.S. 0.142 0.377 0.504 0.236 0.363 0.127 0.142 0.377 0.504 0.236 0.363 0.127
Canada 0.117 0.370 0.501 0.254 0.385 0.131 0.120 0.377 0.504 0.257 0.384 0.128
U.K. 0.138 0.406 0.542 0.268 0.405 0.137 0.120 0.377 0.504 0.257 0.384 0.128
Germany 0.084 0.362 0.489 0.278 0.405 0.127 0.120 0.377 0.504 0.257 0.384 0.128
France 0.084 0.362 0.489 0.278 0.405 0.127 0.120 0.377 0.504 0.257 0.384 0.128
Belgium 0.084 0.362 0.489 0.278 0.405 0.127 0.120 0.377 0.504 0.257 0.384 0.128
Russia 0.142 0.381 0.514 0.240 0.372 0.133 0.121 0.377 0.504 0.256 0.383 0.128
Brazil 0.206 0.454 0.609 0.249 0.403 0.154 0.120 0.377 0.504 0.257 0.384 0.128
Mexico 0.109 0.398 0.537 0.289 0.428 0.138 0.120 0.377 0.504 0.257 0.384 0.128
Argentina 0.416 0.871 1.127 0.455 0.711 0.256 0.120 0.377 0.504 0.257 0.384 0.128
Japan 0.076 0.354 0.478 0.278 0.401 0.123 0.124 0.377 0.504 0.253 0.381 0.128
China 0.132 0.385 0.513 0.253 0.381 0.128 0.120 0.377 0.504 0.257 0.384 0.128
Hong Kong 0.120 0.377 0.504 0.256 0.384 0.127 0.120 0.377 0.504 0.257 0.384 0.128
South Korea 0.101 0.360 0.483 0.259 0.382 0.123 0.120 0.377 0.504 0.257 0.384 0.128
Taiwan 0.122 0.357 0.475 0.235 0.353 0.118 0.137 0.380 0.505 0.242 0.368 0.126
Malaysia 0.115 0.380 0.515 0.265 0.400 0.135 0.120 0.377 0.504 0.257 0.384 0.128
Indonesia 0.118 0.382 0.513 0.263 0.395 0.132 0.120 0.377 0.504 0.257 0.384 0.128
Singapore 0.121 0.377 0.501 0.256 0.380 0.124 0.120 0.377 0.504 0.257 0.384 0.128
India 0.151 0.399 0.534 0.248 0.383 0.134 0.121 0.377 0.504 0.256 0.384 0.128
Australia 0.091 0.357 0.488 0.266 0.397 0.131 0.120 0.377 0.504 0.257 0.384 0.128
New Zealand 0.204 0.380 0.499 0.177 0.295 0.119 0.175 0.388 0.511 0.213 0.336 0.123

Mean 0.137 0.402 0.538 0.266 0.402 0.136 0.125 0.377 0.505 0.253 0.380 0.127
MeanDeveloped 0.114 0.369 0.496 0.255 0.382 0.126 0.128 0.378 0.505 0.250 0.377 0.127
MeanDevelopi ng 0.173 0.456 0.608 0.283 0.434 0.151 0.120 0.377 0.504 0.256 0.384 0.128
p50 0.120 0.377 0.504 0.259 0.395 0.128 0.120 0.377 0.504 0.257 0.384 0.128

Note: This Table summarizes the risk-adjusted returns following the country-level optimizations. We depart
from a well diversified portfolio of traditional assets (the local stock market index, corporate bonds, real es-
tate and commodities – “No crypto”, [1]) and add BTC (“BTC only”, [2]) and ETH, XRP and LTC (“All Cryp-
tos”, [3]). To disentangle the marginal effects of the cryptocurrencies from exchange rate movements, we re-
port the Sharpe ratios using returns in local currency (Panel A, local perspective) and returns in USD (Panel
B, global perspective). Developed (US, CA, UK, DE, FR, BE, JP, HK, KR, TW, SG, AU, NZ) and Develop-
ing (RU, BR, MX, AR, CN, MY, ID, IN) countries classification follows International Monetary Fund (2020).
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Table 5. Optimal weights of the global diversified portfolios in different scenarios – tangent and global minimum variance

Panel A: Tangent Portfolio Panel B: GMV Portfolio

Ticker No Crypto Add BTC All Assets No Crypto Add BTC All Assets

GSPC 0.074 0 0 0 0 0
GSPTSE 0 0 0 0 0 0
FTSE 0 0 0 0 0 0
GDAXI 0 0 0 0 0 0
FCHI 0 0 0 0 0 0
BFX 0 0 0 0 0 0
IMOEX.ME 0 0 0 0 0 0
BVSP 0 0 0 0 0 0
MXX 0 0 0 0 0 0
MERV 0 0 0 0 0 0
N225 0 0 0 0 0 0
HSCE 0 0 0 0 0 0
HSI 0 0 0 0.001 0.001 0.001
KS11 0 0 0 0 0 0
TWII 0.100 0.024 0 0 0 0
KLSE 0 0 0 0 0 0
JKSE 0 0 0 0 0 0
STI 0 0 0 0 0 0
BSESN 0 0 0 0 0 0
AXJO 0 0 0 0 0 0
NZ50 0.612 0.487 0.486 0 0 0
HYG 0 0 0 0.583 0.583 0.583
LQD 0 0 0 0.328 0.328 0.328
VNQ 0 0 0 0 0 0
CL=F 0 0 0 0 0 0
GC=F 0.214 0.107 0 0.088 0.088 0.088
BTC - 0.382 0.198 - 0 0
XRP - - 0 - - 0
ETH - - 0.316 - - 0
LTC - - 0 - - 0

Summ 1.000 1.000 1.000 1.000 1.000 1.000
E(R) 0.347 1.837 3.707 0.132 0.132 0.132
SD 1.962 4.737 7.253 1.135 1.135 1.135
Sharpe Ratio 0.177 0.388 0.511 0.116 0.116 0.116

Note: This Table presents the optimal weights for a global portfolio optimization. We depart from
a well diversified portfolio of traditional assets (the local stock market index, corporate bonds,
real estate and commodities – “No crypto”, [1]) and add BTC (“Add BTC”, [2]) and ETH, XRP
and LTC (“All Assets”, [3]). Returns of all assets are in USD. We also show the sum of weights
(Summ), mean return (E(R)), standard deviation (SD), and the Sharpe ratio for all portfolios.
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Table 6. Optimal weights of cryptocurrencies in each investment strategy, out-of-sample analysis

Porfolio Scen. I: Opt.
No crypto

Scen. II: Opt.
Adds BTC

Scen. III: Opt.
All assets

1/N
(All assets)

Min. Variance
(All assets)

Dec./16 - 0.19 0.42 0.13 0.00
Jun./17 - 0.21 0.56 0.13 0.00
Dec./17 - 0.14 0.18 0.13 0.00
Jun./18 - 0.18 0.53 0.13 0.00
Dec./18 - 0.00 1.00 0.13 0.00
Jun./19 - 0.00 0.00 0.13 0.00
Dec./19 - 0.03 0.03 0.13 0.02
Jun./20 - 0.00 0.00 0.13 0.00

Note: This Table presents the sum of weights of BTC, ETH, XRP, and LTC on each semi-annual rebalancing
and investment strategy. We 52-week rolling windows to estimate optimal weights every semester. Scenarios
II, III and Optimal Minimum Variance build on such procedure. The Naive (1/N allocation) portfolio assumes
a fixed portion of 1/30 investment in each asset (1/30 * 4 cryptocurrencies = 13.33% in cryptocurrencies).
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Table 7. Out-of-sample performance of different portfolios and rebalancing frequencies

Rebalancing frequency Mean SD Downs. SD Sharpe Sortino Omega CVaR(99)

Weekly
Scen. I: No crypto 2.8% 14.7% 14.4% 0.06 0.06 1.28 -11.5%
Scen. II: Adds BTC 14.4% 19.7% 18.1% 0.63 0.69 1.52 -12.0%
Scen. III: All assets 23.7% 50.1% 38.2% 0.43 0.57 1.33 -21.1%
1/N (All assets) 18.5% 23.2% 21.9% 0.71 0.75 1.30 -16.8%
Min. Variance (All assets) 6.2% 10.3% 11.3% 0.41 0.37 1.43 -9.3%

Monthly
Scen. I: No crypto 2.9% 14.3% 13.9% 0.06 0.06 1.28 -11.0%
Scen. II: Adds BTC 15.0% 22.6% 20.9% 0.57 0.62 1.46 -13.8%
Scen. III: All assets 42.6% 49.0% 32.2% 0.83 1.26 1.28 -18.2%
1/N (All assets) 26.3% 24.8% 20.5% 0.98 1.18 1.35 -15.5%
Min. Variance (All assets) 6.2% 10.3% 11.3% 0.41 0.37 1.49 -9.1%

Semi-Annually
Scen. I: No crypto 3.0% 14.3% 13.9% 0.07 0.07 1.28 -11.0%
Scen. II: Adds BTC 16.9% 22.8% 20.6% 0.65 0.72 1.46 -13.8%
Scen. III: All assets 44.5% 50.3% 32.3% 0.84 1.32 1.25 -18.2%
1/N (All assets) 28.6% 25.7% 20.4% 1.04 1.30 1.38 -15.5%
Min. Variance (All assets) 6.2% 10.3% 11.3% 0.41 0.37 1.49 -9.1%

Note: performance indicators are annualized. Risk-free rate assumed to be 2% per year. The target re-
turn for Sortino and Omega ratios is assumed to be the risk-free rate. Scenario I implies a set of tra-
ditional risky assets (local stock market index, corporate bonds, real estate, and commodities) but no
cryptocurrencies. Scenario II adds BTC. Scenario III adds ETH, XRP, and LTC. 1/N (naive) and the
global minimum variance portfolios are estimated using all assets (traditional plus cryptocurrencies).
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Table 8. Out-of-sample average weights for different individual risk tolerances

Asset allocation strategy wRi sk y asset s wE q. wBond s wRealE st . wGol d wOi l wBT C wAl tcoi ns wTot alCr y pto Return SD Sharpe

Panel A: Conservative Investor (A = 10)

Scenario I (No Crypto) 4.18% 1.9% 1.7% 0.0% 0.4% 0.2% - - - 2.9% 14.3% 0.06
Scenario II (Adds BTC) 25.28% 11.7% 8.0% 0.0% 2.7% 0.3% 2.6% - 2.6% 15.0% 22.6% 0.57
Scenario III (All assets) 16.92% 4.7% 4.6% 0.0% 1.8% 0.7% 0.5% 4.6% 5.1% 42.6% 49.0% 0.83

Panel B: Moderate Investor (A = 5)

Scenario I (No Crypto) 8.35% 3.7% 3.4% 0.0% 0.9% 0.3% - - - 2.9% 14.3% 0.06
Scenario II (Adds BTC) 50.56% 23.5% 16.0% 0.0% 5.3% 0.6% 5.1% - 5.1% 15.0% 22.6% 0.57
Scenario III (All assets) 33.84% 9.5% 9.2% 0.0% 3.5% 1.4% 1.0% 9.3% 10.3% 42.6% 49.0% 0.83

Panel C: Aggressive Investor (A = 2)

Scenario I (No Crypto) 20.88% 9.3% 8.4% 0.0% 2.2% 0.8% - - - 2.9% 14.3% 0.06
Scenario II (Adds BTC) 126.39% 58.7% 40.0% 0.0% 13.4% 1.5% 12.8% - 12.8% 15.0% 22.6% 0.57
Scenario III (All assets) 84.61% 23.6% 23.0% 0.0% 8.9% 3.5% 2.5% 23.1% 25.6% 42.6% 49.0% 0.83

Note: This Table presents the optimal out-of-sample weights for a global portfolio optimization using differ-
ent strategies. We depart from a well-diversified portfolio of traditional assets (the local stock market index, cor-
porate bonds, real estate, and commodities – “No crypto”, [1]) and add BTC (“Add BTC”, [2]) and ETH, XRP,
and LTC (“All Assets”, [3]). Optimal weights are estimated using a 52-week rolling window to estimate the opti-
mal weights. wRi sk y Asset s is the fraction of the wealth allocated in risky assets that maximize individual util-
ity for different risk aversion parameters. The other fraction of the wealth is invested in the wRi sk− f r ee (1-
wRi sk y Asset s ). “Altcoins” refers to the sum of ETH, XRP and LTC. We use risk-tolerance parameters λ = 10 (con-
servative profile), λ = 5 (moderate profile), and λ = 2 (aggressive profile) as in Platanakis and Urquhart (2020).
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Table 9. Out-of-sample performance of five different investment strategies before and after the COVID-19 period

Asset allocation strategy Mean SD Downside SD Sharpe Sortino Omega CVaR(99)

Measure Panel A: Before the COVID-19 pandemic (2016w33 to 2019w52)

Scen. I: Opt. No crypto 2.1% 9.3% 7.2% 0.01 0.01 1.16 -2.9%
Scen. II: Opt. Adds BTC 17.9% 22.1% 19.3% 0.72 0.82 1.38 -10.9%
Scen. III: Opt. All assets 53.9% 54.2% 33.5% 0.96 1.55 1.16 -14.5%
1/N (All assets) 29.9% 21.6% 12.2% 1.29 2.29 1.25 -7.0%
Min. Variance (All assets) 5.3% 4.7% 3.9% 0.72 0.85 1.38 -1.8%

Panel B: Since the COVID-19 pandemic (2020w1 to 2020w52)

Scen. I: Opt. No crypto 5.4% 24.6% 26.2% 0.14 0.13 -0.62 -13.8%
Scen. II: Opt. Adds BTC 5.4% 24.5% 26.2% 0.14 0.13 -0.62 -13.8%
Scen. III: Opt. All assets 5.4% 24.6% 26.2% 0.14 0.13 -0.62 -13.8%
1/N (All assets) 14.4% 33.3% 37.5% 0.37 0.33 -0.68 -20.9%
Min. Variance (All assets) 9.1% 19.6% 22.7% 0.36 0.31 -0.65 -11.9%

Panel C: Diff. After - Before the COVID-19 pandemic

Scen. I: Opt. No crypto 3.3 p.p. 15.2p.p. 19.1 p.p. 0.13 0.12 -1.78 -10.9 p.p.
Scen. II: Opt. Adds BTC -12.4 p.p. 2.5 p.p. 6.9 p.p. -0.58 -0.69 -2.00 -2.8 p.p.
Scen. III: Opt. All assets -48.5 p.p. -29.7 p.p. -7.3 p.p. -0.82 -1.42 -1.78 0.8 p.p.
1/N (All assets) -15.4 p.p. 11.8 p.p. 25.4 p.p. -0.92 -1.95 -1.93 -13.9 p.p.
Min. Variance (All assets) 3.7 p.p. 14.9 p.p. 18.8 p.p. -0.36 -0.54 -2.03 -10.0 p.p.

Note: This Table presents out-of-sample performance metrics for five different strategies before and after the
COVID-19 period. Performance indicators are annualized. Risk-free rate assumed to be 2% per year. The tar-
get return for Sortino and Omega ratios is assumed to be the risk-free rate. Scenario II applies a set of tradi-
tional risky assets (local stock market index, corporate bonds, real estate, and commodities) but no cryptocur-
rencies. Scenario II adds BTC. Scenario III adds ETH, XRP, and LTC. 1/N (naive) and the global minimum vari-
ance portfolios are estimated using all assets (traditional plus cryptocurrencies). Optimal weights are estimated
using a 52-week rolling window (and used to calculate the portfolio’s return up to t +h). Rebalancing is monthly.
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Figure 1. Feasible random portfolios with multi-asset portfolios with and without cryptocurrencies in a sample of three
emerging economies (10,000 simulations)

A. Brazil

Scenario I: No Crypto Scenario II: Add BTC Scenario III: Add all Cryptos

B. Russia

Scenario I: No Crypto Scenario II: Add BTC Scenario III: Add all Cryptos

C. India

Scenario I: No Crypto Scenario II: Add BTC Scenario III: Add all Cryptos

Note: Each simulation draws 10,000 random allocations across assets. Continuously coumpound returns are calcu-
lated from weekly prices (2015w34 to 2020w52). Returns are denominated in local currencies (Brazil = BRL; Russia
= RUB; India = INR). Scenario I implies a set of traditional risky assets (local stock market index, corporate bonds,
real estate and commodities) but no cryptocurrencies. Scenario II adds BTC. Scenario III adds ETH, XRP and LTC.
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Figure 2. Correlation Matrix
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Figure 3. Density functions
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Figure 4. Rolling Correlation for the main Cryptocurrencies and SP 500
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Note: We consider a ten-week rolling window to calculate the Pearson’s correlation.
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Figure 5. Out-of-sample performance of different portfolios strategies, by rebalancing frequency (buy-and-hold)
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Appendix A. Additional Figures

Figure A1. Backtesting: Optimal weights with semi-annual rebalancing - All asset classes
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Figure A2. Out-of-sample performance sensitivity to different rebalancing strategies (buy-and-hold)
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(a) Scenario I: No Crypto
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(b) Scenario II: Add BTC
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(c) Scenario III: Add all Cryptos
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(d) Scenario IV: 1/N naive allocation (all assets)
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(e) Scenario V: Minimum variance portfolio (all assets)

Note: Source: Author’s elaboration.
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Notes

1S&P 500 (U.S.), Canada S&P/TSX 60 (Canada), Dax (Germany), FTSE100 (U.K.), CAC 40 (France), BEL 20 (Belgium), Aus-

tralia ASX (Australia), Nikkei 225 (Japan), Shanghai SE Composite Index (China), Taiwan TSEC 50 Index (Taiwan), Hang Seng

Index (Hong Kong), Mumbai Sensex (India), Jakarta Composite Index (Indonesia), FTSE Bursa Malaysia KLCI (Malaysia),

KOSPI Index (South Korea), NZX 50 (New Zeland), Straits Times Index (Singapore), MOEX (Russia), Ibovespa (Brazil), IPC

(Mexico), and Merval (Argentina).
2We stress that Ripple was created in 2004, but its contemporary version re-

lies on some of bitcoin’s principles. See < https://www.americanbanker.com/news/

disruptor-chris-larsen-returns-with-a-bitcoin-like-payment-system >
3See < https://www.coinlore.com/all_coins >
4In the unavoidable trade-off between sample size and noisy of data, we argue that weekly is an appropriate choice rather

than daily (too noisy) or monthly (too few observations).
5The measure we use in the analysis is the median response of the risk-free rate for each country.
6The World Wealth Organization was notified of the first string of pneumonia-like cases in Wuhan by Chinese author-

ities on December 31st, 2019. https://www.who.int/docs/default-source/coronaviruse/situation-reports/

20200121-sitrep-1-2019-ncov.pdf?sfvrsn=20a99c10_4
7https://covid19.who.int/?gclid=CjwKCAjwtNf6BRAwEiwAkt6UQmtg3bPmDv2meN8r0yuovf9XUpxMgiEDEljIcd5KP4RRodKkubssEhoCK2oQAvD_

BwE, accessed on January 20 2021.
8Even though stock market indices act just as references and are non-negotiable, one could mimic its performance by,

e.g., buying and holding an ETF (BOVA11, in the Brazilian case).
9Off course, one have to consider that we are using past returns to project expected returns. Since this is a disruptive,

quickly changing technological market and the intrinsic value of cryptocurrencies is very hard to measure (if it is measurable

at all), assumptions about the future based on past returns are subject to large errors.
10Note that there is an inverse relationship between the risk-aversion parameter λ and the optimal fraction of the wealth

invested in risky assets y∗. Thus, the higher the λ, the more conservative is the investor, and the lower will be the optimal

fraction of investments in risky assets, ceteris paribus.
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