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Abstract
The recent growth in economic and financial markets has brought the focus on energy
derivatives as an alternative investment class for investors, financial analysts, and portfo-
lio managers. The financial modeling and risk management of portfolios using the energy
derivatives instrument is a requirement and challenge for researchers in the field. The energy
and other commodity futures force the expert investors to investigate the broader investment
spectrum and consequently diversify their portfolios using the futures instruments. Going
beyond the conventional portfolios and developing out-of-the-box strategies that complywith
the changing financial and economic advancements are the keys to long-term sustainability
in the financial world. This study investigates the impact of diversification with five energy
futures from January 2011 to July 2020 on three traditional commodity futures portfolios.
The results show that diversification increased the returns while simultaneously reducing the
portfolio volatility in all portfolios. The diversified portfolios provided higher returns than the
traditional portfolios for the same level of risk. This study also revealed that the results might
improve when a short position in the futures contracts is allowed. Moreover, we conclude
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that adding multiple energy futures in a portfolio provides enhanced diversification results,
whereas the WTI crude oil futures fail to diversify any portfolio considered in the study.

Keywords Energy futures · Portfolio diversification · Commodity futures · Risk
management · Mean–variance analysis · Efficient frontier

JEL Classification G11 · G1 · G13 · F65

1 Introduction

Energy commodities have always been essential to governments and other parties in the global
economic and financial worlds. These commodities are significant in countries’ economic or
otherwise development, and therefore countries have shown great concern about the volatile
and uncertain nature of energy prices over the past decade.Due to the fluctuations and tensions
around these commodity prices, especially crude oil prices, energy futures have played a
crucial role in hedging and speculative trading (Su et al., 2021; Umar et al., 2021a, 2021b,
2021c). Energy commodities and futures play an essential role in diversifying portfolios as
an asset class (or subclass of commodity and commodity futures) and have been known to
hugely interact with financial markets (Barsky & Kilian, 2004; Tao et al., 2020; Umar et al.,
2021a, 2021b, 2021c). However, the scope of the energy futures in optimally managing
and diversifying portfolios is still an under-investigated area of research. In this study, we
research the diversification of commodity futures portfolios by considering three classes of
commodities: agricultural, metal, and soft commodities using energy futures on WTI crude
oil, natural gas, coal, heating oil, and Dow Jones electricity index.

In recent years, investors have shown great interest in diversifying their existing portfolios
using commodity futures. The investors have considered commodity futures such as energy,
agricultural, andmetal futures as suitable alternative investments tomanage anddiversify their
portfolios’ risks. However, the research on the commodity futures and their diversification
properties for managing portfolio risk is limited (You & Daigler, 2013) even though buying
and selling in futures contracts are, in principle, similar to that of stocks (Johnson, 1960;
Levy, 1987). The commodity futures present opportunities for diversification of traditional
portfolios due to the low correlations with other assets, high liquidity, and low transactional
costs (You & Daigler, 2013), (Gorton & Geert Rouwenhorst, 2006) and (Chong & Miffre,
2010). Commodity futures represent a unique class for diversification of existing portfolios,
unlike physical commodities where due to high transactional, insurance, and storage costs,
a direct investment could be unrealistic for portfolio diversification (Jensen et al., 2000; Su
et al., 2020).

In addition to the costs, commodity futures also provide an inflation hedge that is con-
sidered advantageous in portfolio diversification using commodities. Inflation increases the
commodities’ prices when stocks and bonds see a downward trend (Bodie, 1983). While
optimizing portfolios using commodity derivatives, You and Daigler observed that individ-
ual futures contracts worked better for portfolio diversification than futures indices. They
further quoted that ex-ante portfolios dominate both naïve and traditional portfolios, and
ex-post portfolios performed better than naïve portfolios using Markowitz Mean–Variance
analysis and Sharpe ratio optimization techniques (You & Daigler, 2013).

Harry Markowitz provided the basics of what we now call Modern portfolio theory in his
seminal paper of 1952 (Markowitz, 1952). Markowitz considered the portfolio optimization
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problem to be based on two criteria, risk as measured by variance and return on the portfo-
lio. Many researchers have criticized the model and have proposed improvements over the
years. For instance, King extended the model for asymmetric risk measures (King, 1993),
Cesarone et al. investigated the Limited Asset Markowitz model by introducing cardinality
constraints (Cesarone et al., 2013) and Guerard et al. expanded the model to multi-objective
portfolio optimization problem (Guerard et al., 2018). In addition to that, some authors sug-
gested that portfolio selection is a multicriteria selection problem (Ogryczak, 2000) and
some incorporated environmental and social considerations into the optimization of portfo-
lios (Liagkouras et al., 2020). The model is still used widely in practice for active portfolio
management despite the development of more sophisticated models by academicians in the
years followed. Fabozzi et al. provided a survey of contributions in the theory of portfolio
selection from an operations research and finance perspective. In their paper, Fabozzi et al.
investigated the classical mean–variance problem, a mean-VaR model, and a mean-CVaR
model and reviewed optimal estimation methods along with the robust Bayesian approach.
They also recommended that more interactions between operations research and finance
literature need to be conducted (Fabozzi et al., 2010).

This paper suggests diversifying the existing portfolios of commodity futureswithmultiple
energy commodities futures. The portfolios are developed from the futures of agricultural
commodities, soft commodities, and metal commodities. The selection of the commodities
is based on their popularity and performance in the markets. We used the data from January
2011 to July 2020. During this period, WTI crude oil futures dropped down to a negative
value of −37.63 on April 20, 2020, and the coal futures price dropped from its highest at
130.25 on January 10, 2011, to its lowest at 38.6 on May 29, 2020. The commodity futures
market showed high volatility (between 21 to 132%) and low returns (between −52% to
9% per annum) during the period considered for the study. During this period, COVID 19
hit the world, and we explore the diversification properties of our portfolios using energy
commodities by dividing data to pre-crisis and covid 19 periods during our study.

This study contributes to the existingwork inmultiple ways. Firstly, the study explores and
analyzes the diversification of four commodity futures portfolios by adding multiple energy
futures in the existing portfolios on a recent dataset. In the previous studies that have been
conducted on the diversification either only used crude oil futures for the purpose (Geman &
Kharoubi, 2008; Kang et al., 2017; Sarwar et al., 2019a, b; Elsayed et al., 2020), or studied the
effects of crude oil and other energy futures on equities or equities index (Galvani & Plourde,
2010; Bessler &Wolff, 2015; Rehman et al., 2019). The few studies that have analyzed some
commodities with energy commodity futures have been conducted on either an older data
(You & Daigler, 2013; Kang et al., 2017) or the focus of the study was to study long and
short term asymmetries of energy and non-energy futures (Rehman et al., 2019). However,
the previous few years have been crucial for energy futures, especially for crude oil and coal
futures, requiring further exploration of the futures’ diversification properties. We, therefore,
think that in the current market dynamics, exploration of diversification of commodities’
futures using energy futures is required on a recent data set.

Secondly, the study provides risk-return profiles of existing portfolios with and without
the addition of energy futures and plots a comparison of the efficient frontier for Markowitz’s
mean–variance analysis. Interestingly, such an analysis has not been carried out in a study
on diversification through energy commodities futures portfolios. In addition to that, we
analyze portfolios by adding multiple energy futures to the existing commodity portfolios.
Therefore, this studymakes it the first of its kind in this regard. In addition to that,we have used
multiple metrics for the optimization of portfolios. The metrics included naïve portfolios, the
mean–variance optimization portfolios for various risk levels, and the optimized Sharpe ratio.
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The analysis revealed that the portfolio diversification using energy futures provided better
returns for the same level of risk than the commodities portfolios without energy futures.

Additionally, more impressive results were observed in terms of the risks of the diversified
portfolios. It was noted that the inclusion of energy futures significantly reduced the risk
of the portfolios while simultaneously increasing the returns expected from the diversified
portfolios. The overall effect was also captured in an increased optimized Sharpe ratio. We
also analyzed that when short positions in the futures are allowed, diversification can be
increased significantly.

Thirdly, we investigated the portfolios’ diversification using WTI crude oil futures only
and observed that the crude oil futures do not diversify the portfolios for the period chosen
for our study. Multiple studies have been conducted in the literature on diversification of
the equity portfolios using crude oil and its futures (Geman & Kharoubi, 2008; Galvani &
Plourde, 2010; Liu & Tu, 2012; Umar et al., 2021a, b, c; Sarwar et al., 2019a, b). Our study
encourages financial analysts and fund managers to explore energy futures other than crude
oil futures for their investment and diversification purposes.

Fourth, we break the data set into two periods around the covid 19 crisis: the pre-crisis
period from January 2011 to March 11, 2020, and the covid 19 periods from March 11,
2020. March 11, 2020, is chosen as the divider between the data because the World Health
Organization (WHO) declared covid 19 a pandemic on this date. We analyze the portfolio
properties for both periods using the metrics mentioned above: naïve portfolio, mean–vari-
ance optimization, and the optimized Sharpe ratio. Our results hold for both pre-crisis and
covid 19 periods, and the diversification through energy derivatives is significant.

Lastly, in addition to the above-mentionedmetrics for portfolio optimization, we check the
diversification properties of energy commodities derivatives by restricting theweights of each
asset in the portfolio to lie between 5 and 50% while maximizing the Sharpe ratio. We found
that our results hold for almost all the commodity classes discussed in the study. We further
check the robustness by using Young’s minimax strategy for portfolio diversification using
energy commodities futures. The results are pretty conclusive and encourage fund managers
and financial analysts to study energy futures for diversifying their existing commodities
portfolios.

The rest of the study is organized in the following way. A detailed literature review is
provided in Sect. 2. Section 3 provides an overview of the data and methodologies used in
our study. Section 4 details the study results for the different portfolios and metrics used in
the study, their diversification through energy futures, and a comparison of the results. We
also divide the data into pre-crisis and covid 19 periods and study the portfolio diversification
characteristics for energy commodities futures in the section and additional constraints and
minimax strategy results. Discussion on the results in the light of previous studies and policy
implications is provided in Sect. 5. We conclude the paper by summarizing results and future
directions for research in Sect. 6.

2 Literature review

Globalization and economic developments in the countries have brought energy commodities
and derivatives to the front lines, especially in first-world economies. Not only that, the
energy commodities are essential for economic growth, but these also provide investment
and diversification opportunities for portfolios to the investors and portfolio managers. With
the developments in the futures markets and the derivatives being accepted as an alternative
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investment class, the low transactional, storage, and insurance costs, investors are compelled
to explore the diversification and development of portfolios using commodity and especially
energy futures. The change is rapid but natural in recent years, given the direction of the
growth in the world economies. Therefore, portfolio managers are destined to change their
trading strategies by exploring new avenues of diversification using energy futures.

The commodity futures returns have historically shown low correlations with the financial
assets and usually moved in opposite directions to traditional portfolios, especially during
macroeconomic shocks and therefore pushed the investors to devise optimized asset allo-
cation and portfolio strategies to hedge and diversify risk using commodity futures (Kang
et al., 2017). Kang et al. applied a multivariate DECO-GARCHmodel and spillover index to
examine the spillover effects among gold, silver, WTI crude oil, corn, wheat, and rice futures
market. They concluded that a positive equicorrelation between commodity futures market
returns exists that is increased sharply during the financial crisis of 2007 by using data from
January 2002 to July 2016. They further suggested that the benefits of diversification using
international portfolios are reduced during a financial and economic crisis. They also found
a strong spillover impact during the financial crisis by identifying bidirectional return and
volatility spillovers across commodity futures markets.

Liu and Tu investigated jump spillover effects on five petroleum futures for European
markets and concluded that the jump spillover exists in the market, and historical sample
correlations are not a good measure to find the jump spillovers (Liu & Tu, 2012). Using the
Bayesian MCMC approach, they estimated a jump-diffusion process for each of the futures
on a data set from November 2006 to October 2008. They also concluded that the benefits
from diversification in energy markets are reduced during the tranquil period due to the jump
spillover.

While studying the effects of volatility spillovers in oil and stock markets for different
economies, (Sarwar et al., 2020) observed bidirectional spillover in the Karachi stockmarket,
unidirectional spillover in the Shanghai stockmarket andmixed behavior in theBombay stock
market. In addition to that, the authors found that there was no significant difference between
the results before the 2008 financial crisis and the results after the financial crisis. (Sarwar
et al., 2019a, 2019b) also investigated volatility spillover and hedging in Asian oil-importing
countries. Their results showed that China has no evidence of volatility spillover, Nikkei stock
returns show a bidirectional volatility spillover, and Indian stock returns show unidirectional
volatility spillover between stock returns and oil returns. They further suggested that oil
assets were helpful in reducing the risk of a portfolio; however, the investors should choose
more stock than oil assets to form an optimal portfolio.

In a study on volatility spillover between the stock markets of oil exporting and importing
countries and the oil market and its implications on portfolio management (Khalfaoui et al.,
2019) found less evidence between the interdependence of stock markets for oil-importing
and exporting countries. They further reported that investors should hold more oil assets
in the portfolio to hedge their risk in oil-exporting countries. Another article by (Sarwar
et al., 2018) investigated the effects of energy variables such as oil, electricity prices, and
electricity consumption on the firms’ return of 397 Pakistani firms, industry return of 12
listed industries, KSE 100 index, and gross domestic product of Pakistan. They found that
oil has a significantly positive effect on industry return, index return, and economic growth,
whereas electricity prices have a significant negative impact on firms’ stock returns, industry
return, index return, and economic growth as measured by gross domestic product.

In a recent study by Elsayed et al., time-varying volatility spillover effects are being
studied between conventional and non-conventional energy markets and global financial
markets using indices as proxies of the markets on data from December 2000 to December
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2018. They observed high interdependence in the volatilities of oil and financial markets and
that the impact of energy markets becomes significant in the global financial market when
broken into pre, mid, and post-financial crisis. The optimal diversification strategies show
that the hedge ratios are volatile, and a higher weightage is given to stocks than to oil (Elsayed
et al., 2020).

Some studies showed that diversification through commodity futures might increase the
risk-adjusted return.Whileworking on data from1950 to 1976,Bodie andRosansky observed
that the risk of a diversified portfolio through commodity futureswith aweightage of 60–40 in
all stock and commodity portfolio, respectively, reduced one-third of the portfolio risk while
keeping the return unchanged (Bodie & Rosansky, 1980). Jensen et al. also observed that
Markowitz optimization, when conducted on a data set from 1973 to 1997, for a range of risk
levels gave high weightage to commodity futures and increased returns of resulted portfolios
(Jensen et al., 2000). While commenting on the dearth of literature on the diversification
benefits of commodity futures, Cheung et al. showed that the alleged benefits of diversification
using commodity futures exist though may not be as convincing as the previous studies show.
They argued that the long-term benefits are due to the infrequent upswings in the commodity
markets and may not be universal to every country’s market (Cheung et al., 2010).

Stock portfolios, when diversified using commodities, provide better diversification prop-
erties than a similar portfolio without commodities. Stocks and Commodity futures are
negatively correlated, and therefore adding commodities provide better risk and return trade-
offs and a better efficient frontier (Gorton & Geert Rouwenhorst, 2006). The regulatory
changes and financial developments, trading in commodity markets have made it easy for
investors and portfolio managers to participate in the commodity market. (Sadorsky, 2014)
studied volatility dynamics between emerging markets and commodities on a data set from
January 3, 2000, to June 29, 2012, of MSCI emerging market index, oil, wheat, and copper.
The author concluded that optimal weights and hedge ratios need frequent updating owing
to their variable nature and that diversification benefits reduced after the 2008 crisis due to
increased conditional correlations between emergingmarkets, oil, copper, andwheat. (Chang
et al., 2011) also investigated the performance of several multivariate volatility models for
WTI and Brent crude oil to calculate optimal weights and hedge ratios on data from Novem-
ber 1997 to November 2009. Their results show that optimal portfolio weights for Brent
crude oil give a higher proportion to crude oil futures in multivariate volatility models. The
results in WTI crude futures were found to be mixed depending on different measures.

While studying the additional value commodities add to the traditional multi-asset portfo-
lios, Bessler and Wolff concluded that aggregated commodity index, precious and industrial
metals, and energy commodities improve the performance of a stock and bond portfolio
(Bessler & Wolff, 2015). They used indices as proxies for an out-of-sample analysis on
monthly data from January 1986 to December 2013. They also remarked that previous in
sample portfolio gains tend to overstate actual gains from commodity investments. (Gatfaoui,
2016) studied the behavior of the US Stock market for possible interactions between the US
market and USNatural gas and crude oil markets. She highlighted that the three markets have
time-dependent structural changes while studying the data on returns for the three markets
from January 1997 to January 2013 and concludes that it is difficult to forecast future prices
and dependency due to the unstable dependency. She further extended the study (Gatfaoui,
2019) by implementing portfolio optimization for different variance regimes by minimiz-
ing risk metrics. She argued that such a regime dependency analysis was required for an
active portfolio management strategy given the dependence structure of the three markets
(US Stocks, Oil, and Gas).

123



Annals of Operations Research (2022) 313:401–439 407

Some researchers have worked on the diversification of equity portfolios using crude oil
futures. Geman and Kharoubi (Geman & Kharoubi, 2008) used copula functions to capture
the nonnormality of returns in both equity stocks and oil futures. They further concluded
that the futures contract’s longer maturity provides better diversification as the negative
correlation results aremore pronounced. (Galvani&Plourde, 2010) studied the diversification
of energy stocks using energy futures on daily data of five energy derivatives and 15 equities
from January 1990 to February 2008. They concluded that futures for natural gas, unleaded
gasoline, and crude oil diversify the stock portfolio of a passive investor by overall reducing
the level of risk. However, they also suggested that energy futures’ inclusion does not provide
any additional reward for risk-taking in maximizing compensation portfolio.

Rehman et al. investigate long- and short-term behavior of energy and non-energy futures
on a weekly dataset from January 2010 to December 2018. They observed that the crude oil
future has a negative effect on gold and silver prices in the long run and therefore provides
better diversification results when combined with these two metals (Rehman et al., 2019).
Whereas gas futures provide more diversification for copper, wheat, platinum, and palla-
dium, coal futures provide diversification opportunities when combined with gold, silver,
and wheat. In another attempt to study portfolio diversification and energy futures, Wen and
Nguyen studied the effects of commodity futures diversification on Chinese energy stocks.
They applied copula function along with multiple risk-based measures to show that the com-
modity futures do not improve risk-adjusted returns for energy stock portfolios on data from
November 2010 to January 2015 on Chinese energy stocks and four metal and agricultural
futures (Wen &Nguyen, 2017). However, the commodity futures reduce the diversified port-
folios’ volatilities, especially during the extensive market downturn periods.

Hernandez investigated the Australian market for the riskiness behavior of oil, gas, coal,
and uranium on a data set from January 2005 to July 2012 (Arreola Hernandez, 2014). He
concluded that oil stocks have higher dependence risks compared to other stocks and that the
fund managers should avoid investing in oil in their portfolios and should hold gas, coal, and
uranium, especially during the financial crisis. (Sarwar et al., 2019a, b) studied the portfolio
optimization and importance of oil assets from a Pakistani market investor perspective. They
used the BEKK-GARCHmodel on daily data of 107 Pakistani firms andWTI crude oil from
January 6, 2000, to August 18, 2017. They found strong evidence of volatility spillover in
the Pakistani firms’ stocks and WTI crude oil and showed interdependence between them.
They also concluded that manufacturing firms could diversify their risk by optimally giving
more than 50% weight to oil assets than the firms’ stocks. They further showed that a more
significant portion of investment should be in the firms’ stocks to form an optimal portfolio
in case of oil and gas firms rather than in the oil assets. A summary of the previous literature
on diversification using energy futures is provided in Table 1.

In a recent study on the risk management of energy instruments using cryptocurrencies,
Huynh et al. studied the role of cryptocurrencies in the financial modeling and risk manage-
ment of energy instruments especially crude oil by using data from April 2013 to April 2019
using entropy transfer analysis to examine information spillover. They concluded that the
US crude oil market is a receiver of information flows from cryptocurrencies whereas the
European crude oil market is a sender. They also found that over half of the cryptocurrencies,
considered in their study, were interconnected with the crude oil market and therefore their
results have important implications for the investors and policy makers (Huynh et al., 2020).

It is been observed that the literature on the diversification of multiple commodity futures
portfolios using multiple energy futures is scarce. Previous studies have either worked on
diversification using crude oil futures only (Geman & Kharoubi, 2008; Kang et al., 2017;
Sarwar et al., 2019a, b; Elsayed et al., 2020), or studied the effects of crude oil and other
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Table 1 Summary of the literature review on diversification of portfolios with energy futures comprising of
authors, variables of the studies, data and results

References Variables Data Results

Geman and
Kharoubi
(2008)

S&P 500, WTI Crude oil
futures

May 2,
1990—September 1,
2006

The maturity effect of WTI crude
oil futures has been studied on
the S&P 500 as a proxy of
stocks. It has been concluded
that the distant maturity futures
lead to an excellent
diversification for both an
upward and downward trending
equity market

Galvani and
Plourde
(2010)

Futures on light sweet
crude oil WTI, unleaded
gasoline, natural gas,
Brent crude oil, and 15
equities (US oil and
gas-related companies)

January 1990 –
February 2008

Futures on energy commodities
fail to enhance the return or risk
for investors who hold similar
stocks in buy and hold
strategies. However, the energy
futures allow passive investors
to reduce the risk in their
positions on energy stocks

Liu and Tu
(2012)

Brent crude oil futures,
natural gas futures,
heating oil futures,
gasoline futures, and
fuel oil future
(European market)

September 29,
2006–October 29,
2008

The authors found strong
evidence for the existence of
jump spillover in the crude oil
and natural gas futures. They
further examine whether the
jump spillover affects portfolio
diversification in energy
commodities and found that the
diversification benefits can be
reduced for the tranquil period
when jump spillover is present
but may not affect the crisis
period

You and
Daigler
(2013)

Weekly data on two
commodity index, 5
stock index, 6 interest
rates contracts, 7
currencies, 21
commodity futures

1994–2010 The mean–variance optimization
techniques provide better results
than using indexes that are
naively weightage for portfolio
managers. Ex-post portfolios
provide better results than
naively weighted portfolios and
suggest further exploration

Bessler and
Wolff
(2015)

S&P 500, Barclays US
aggregate govt bond
index, S&P GSCI index,
S&P GSCI light energy
index,
self-constructed-equally
weighted commodity
index excluding
agriculture and livestock

January
1986–December
2013

Out of sample benefits of
commodities are much lower
than previously stated. Most
asset allocation strategies
preferred aggregate commodity
index and industrial metals for
performance enhancement
followed by energy
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Table 1 (continued)

References Variables Data Results

Kang et al.
(2017)

Gold, Silver, WTI Crude
oil, corn, wheat, and rice

January 4, 2002, to
July 28, 2016

Positive equicorrelation level
jumps during financial and
economic turmoil, return and
volatility spillover indexes have
a bidirectional behavior across
commodity markets, and gold
and silver are net information
transmitter to the other four
commodity futures

Gatfaoui
(2019)

US Natural gas, crude oil,
S&P 500, S&P1500,
S&P Midcap 400, S&P
SmallCap 600

January 8,
1997–October 30,
2017

Regime specific dependence
structure for portfolio
optimization is being studied.
The authors concluded that
diversification through power
commodities is a function of risk
measures used and dependence
structure between the three (gas,
oil, and S&P indices)

Rehman
et al.
(2019)

Crude oil, gas, coal, gold,
silver, copper, platinum,
palladium, and wheat
(weekly)

January
2010−December
2018

Short- and long-term asymmetric
relationship between energy and
non-energy futures is
investigated. Crude oil offers
more diversification benefits
when combined with gold or
silver. Gas futures provide more
diversification benefits when
combined with copper, wheat,
platinum, and palladium. Coal
provides better diversification
with gold, silver, or wheat

Sarwar et al.
(2019a, b)

107 Pakistani listed firms,
WTI Crude oil

January 6,
2000−August 18,
2017

The authors suggested a strong
dependence between WTI crude
oil and Pakistani firms and
suggests that it was hard to deny
volatility spillover in the
markets. The manufacturing
sector is adversely affected by
oil market volatility. It is also
empirically shown that for an
optimal portfolio in
manufacturing firms, more than
half of the investments are
required in oil assets. However,
in oil and gas firms, a significant
portion of the optimal portfolio
is given to the firms’ stocks

Elsayed et al.
(2020)

CEPI, MSCI WEPI,
WIPI, WSPI, WCPI,
VIX, USEPU, US
Treasury bond 10 years
DS, USBOND, WTI
Crude oil

December 28,
2000−December 31,
2018

The study concludes that the
contribution of oil market
volatility to global financial
markets is insignificant, and oil
shocks are exogenous. Hedge
ratios are volatile, with the
highest volatility being observed
during the financial crisis. The
optimal portfolio is heavily
weighted towards stocks
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energy futures on equities or equities index (Galvani & Plourde, 2010; Bessler & Wolff,
2015; Rehman et al., 2019). Couple of studies have analyzed some commodities with energy
commodity futures. The studies were either conducted on an older data set (You & Daigler,
2013;Kang et al., 2017) or the focus of the studywas to study long and short term asymmetries
of energy and non-energy futures (Rehman et al., 2019). The last few years have been crucial
for energy futures, especially for crude oil and coal futures, requiring further exploration
of the futures’ diversification properties. We, therefore, target the limitation in literature
by exploring and analyzing the diversification of multiple commodity futures portfolios
by adding multiple energy futures (Crude oil, Heating oil, Coal, Natural gas, Dow Jones
Electricity index) in the existing portfolios on a recent dataset. Therefore, we work on a
recent data set and explore the market dynamics for diversification of commodities’ futures
using energy commodity futures.

Additionally, while analyzing portfolios’ diversification using WTI crude oil futures, we
observed that for the period chosen for our study, the crude oil futures do not provide any
diversification to the chosen portfolios. Multiple studies have been conducted in the literature
on diversification of the equity portfolios using crude oil and its futures (Geman &Kharoubi,
2008; Galvani & Plourde, 2010; Liu & Tu, 2012; Sarwar et al., 2019a, b). For the chosen time
period, however, we find that crude oil futures do not provide diversificationwhereasmultiple
energy futures provide significant diversification in terms of reduced risk and increased return
on the portfolios. Therefore, our study encourages financial analysts, fund managers and
investors to explore energy futures other than the famous crude oil futures for the investment
and diversification purposes.

The study also improves on the existing literature by investigating the risk-return profiles of
existing portfolios with and without the addition of energy futures and plotting a comparison
of the efficient frontier for Markowitz’s mean–variance analysis. Interestingly, the current
literature does not provide any such analysis on diversification through energy futures for
commodity portfolios. Therefore, this study makes it the first of its kind in this regard. In
addition to that, we have used multiple metrics for the optimization of portfolios. The metrics
included naïve portfolios, the mean–variance optimization portfolios for various risk levels,
and the optimized Sharpe ratio. Further to that, we break the data into pre-covid 19 and
covid 19 to explore the diversification properties of energy commodities futures on existing
commodities portfolios under the on-going situation. Additionally, we check our results of
restricted constraint and minimax strategy of Young for robustness.We also analyze the short
positions in the underlying futures contracts and the impact on diversification.

3 Data andmethodology

This section details the data and methodology for the analysis conducted in the study.
The study is conducted to investigate the characteristics of energy commodity futures on
optimizing and diversifying different financial commodities portfolios. The study analyzes
three portfolios of financial commodities on different optimization metrics with and without
diversification using energy commodities futures derivatives. The study investigates naïve
portfolios with and without energy commodity futures derivatives for agricultural com-
modities’ futures portfolios, soft commodities futures portfolios, and metals commodities’
portfolios. The study also investigates the portfolio diversification using optimized Sharpe
ratios for all the portfolios with and without energy futures. In addition to that, the study
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provides the Markowitz Mean–Variance portfolio analysis that maximizes the expected port-
folio return for a given risk as measured by standard deviation and plots the efficient frontier
for all the commodity portfolios with and without energy futures.

3.1 Data

The study explores the effects the energy futures have on the diversification of other commodi-
ties’ portfolios. The study uses four different types of commodities:Agricultural commodities
including Rice, Canola, Wheat, Soyabean and Corn; Soft commodities including Sugar, Cot-
ton, Cocoa, and Orange juice; Metals including Copper, Uranium, Iron, Gold, and Silver;
and Energy commodities including Dow Jones Conventional Electricity index, Heating Oil,
Coal, Natural Gas, and Crude oil. The list of commodities is provided in Table 2. The data
on the futures prices of commodities is downloaded from investing.com. The data used in
the study is from January 4, 2011, to July 31, 2020 and is collected on daily basis. The data
accounts for 2332 entries for each commodity future, totals 11,660 entries for the energy
futures, and 44,308 in total for all commodities. The data is comprehensive for the study and
spans almost a decade. In addition to the data on commodities’ futures, the risk-free rates
used in the study are the 1-year US Treasury note rates, recorded on July 31, 2020.

Table 3 provides descriptive statistics of the commodities’ futures used in the study. It
is worth noting that over the previous decade, all the commodities futures provided neg-
ative returns except Gold and Dow Jones Conventional Electricity Index, which provided
annualized positive returns.

The descriptive statistics for Crude oil are quite exciting and noteworthy. Crude oil futures
showed the highest volatility of 132%, with a maximum daily return of 31.96% and a mini-
mum daily return of−305.97% during the decade the study is being conducted. In addition to
that, crude oil has shown a very high value, 1638, of kurtosis and skewness of −37.03, mak-
ing it the most volatile commodity futures amongst all in the study. During the decade, gold
had the lowest volatility of 19.93% due to its stable nature. It is observed that Cocoa futures
have the lowest kurtosis of 1.13 during the decade. Rice, Corn, Uranium, and coal also show
a high kurtosis in the range of 35–50. A mixed behavior is observed for commodity future
skewness crude oil futures showing the highest negative skewness (−37.03), Orange juice
and coal showing small positive correlation, and gold and cocoa showing smaller negative
skewness.

Table 2 Commodity futures used in the study

Agricultural commodities Soft commodities Metals Energy

Rice Sugar Copper Dow Jones Electricity index

Canola Cotton Uranium Heating Oil

Wheat Cocoa Iron Coal

Soybean Orange Juice Gold Natural Gas

Corn Silver Crude Oil
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3.2 Optimization techniques

The following section and subsections provide optimization techniques used in the study. The
data on commodities futures is being collected daily. We, therefore, calculate the log-returns
on the data daily using the formula,

Rt,i � log

[
Ft,i
Ft−1,i

]
, (1)

where Ft,i is the futures price ofith commodity on day t. Fi,t−1 is the futures price of the
same commodity on the previous day. Rt,i is the return on commodity I on day t. We further
calculate.

the expected return and standard deviation for each commodity futures using the following
formulae:

μi � E(Ri ) �
∑n

t�1 Rt,i

n
, (2)

σi �
√∑n

t�1

(
Rt,i − μi

)2
n − 1

, (3)

where n is the number of observations for i th commodity. In our study, i is 1,…,19, and n is
2332 for each commodity. The above formulae provide daily returns and standard deviations
for each commodity. We then annualize the values for both return and standard deviation for
each commodity futures. Portfolios’ returns and variances are calculated for the analysis using
the returns and variances of the individual commodities’ futures. The portfolios’ return and
variance are used in calculating returns and variance of naïve portfolios, optimized portfolios
using Markowitz Mean–Variance analysis, and optimized Sharpe ratios.

3.3 Markowitz Mean–Variance optimization (Markowitz, 1952)

The modern portfolio theory was established by Harry Markowitz in 1952 that won him
a Nobel prize later on. Markowitz developed the theoretical contributions of Markowitz
Mean–Variance analysis that played a crucial role in corporate andglobal financial economics.
The conceptual framework provided the optimal weights of assets in an investment portfolio
bymaximizing return for a given level of risk in theportfolio. In addition to that, the framework
worked perfectly well for a dual problemwhere optimal weights can be found by minimizing
the level of risk for a given expected portfolio return.

The portfolio returns can by calculated using returns on individual commodities that
formulate the portfolio according to the following formula. For a portfolio ofm commodities,
the return on a portfolio, E(R), is defined as

E(R) � wTμ, (4)

where μ � (μ1, μ2, ..., μm) is the vector of returns on the commodity futures that formulate
the portfolio and w � (w1, w2, ..., wm) is the vector of weights of the commodities futures
in the portfolio. The variance of the portfolio is calculated as,

Variance � wT�w, (5)

where � denotes the variance–covariance matrix of the commodities in the portfolio. There-
fore, the following problem is solved in the study to optimize the expected portfolio return
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for a given level of risk as calculated by portfolio variance:

Max E(R)

subject to wT �w � c,
m∑
i�1

wi � 1,

wi ≥ 0, f or all i (6)

where c is the given level of risk, as measured by the variance.
The problem is solved by constraining the weights in the portfolio. The third condition

suggests that the weight of all the commodity futures is non-zero. By putting this condition
in the problem formulation, it is forced that only long sales are allowed. The second condi-
tion suggests that all the investments must be made in the commodities that formulate the
portfolios. That is, the sum of all the weights should be 1. The expected portfolio return is
maximized by giving different levels of risk in the portfolio. The results are then used to plot
an efficient portfolio of the commodities portfolios with and without energy futures.

We also optimize the Sharpe ratio to observe the effects of diversification on the com-
modities’ futures portfolios by including the energy futures in the portfolios.

3.4 Sharpe ratio

In addition to the naïve andMarkowitzMean–Variance optimization, we optimize the Sharpe
ratio to find optimal weights of commodities’ futures in the portfolios. The Sharpe ratio
measures excessive return from the portfolio over the risk-free return rate per unit of risk
taken. The formula for finding the Sharpe ratio is

Sharpe ratio � E(R) − r f
Standard deviation

, (7)

where r f is the annualized risk-free rate of return, E(R) is the expected annual return from
the portfolio and the standard deviation is the square root of the annualized variance.

The ratio was developed by William Sharpe in 1966 as a measure of risk-adjusted return
(Sharpe, 1966). The formula can be used to compute Sharpe ratios for individual investments
and to compare different investments. A higher Sharpe ratio indicates that the portfolio
provides more excessive return on risk-free rate per unit of risk taken and hence takes into
account the risk factor in the investment portfolio.

We also solve the optimization problem by using the Sharpe ratio. The problem becomes

Maximize
wTμ − r f√

wT�w
,

Subject to
m∑
i�1

wi � 1, (8)

where w � (w1, w2, ..., wm) are the weights of the commodities in the portfolio. The condi-
tion,

∑m
i�1 wi � 1, force the sum of weights of commodities in the portfolio to be equal to

1. We solve the maximization problem by first allowing for long positions in the commodi-
ties’ futures by enforcing another condition wi ≥ 0∀i that is the weight in each commodity

123



416 Annals of Operations Research (2022) 313:401–439

future is non-negative. We further solve the optimization problem by allowing short sales
in the commodities to study the diversification in the portfolios using energy futures. Such
optimization is achieved by removing the condition of non-negativity on the weights, that
is, we allow wi to take on any value on the real line. The problem is solved using the solver
routine in Excel for each portfolio in the study.

The research study explores the diversification results of energy futures on portfolios of
financial commodity futures. The research considers four portfolios: Agricultural commodi-
ties futures, Soft commodities futures, Metal futures, and all of the previously mentioned
commodities futures. The following section provides results on the diversification of the
naïve portfolio, efficient frontiers of the portfolios, and optimized Sharpe ratio results for
portfolios with and without diversification through energy commodities futures.

4 Results

The section presents the results for different commodity portfolios along with the diversifi-
cation of the portfolios using energy futures contracts. Energy futures and derivatives have
gained tremendous interest from investors and researchers in the past decade. From the port-
folio managers’ perspective, investing in commodity futures as an alternative investment is to
improve and diversify a portfolio. The diversification properties of energy futures in financial
commodity futures are unexplored, and we provide the results of this new question in this
section. In addition to that, we break the data into the pre-covid and covid 19 periods for
in-depth analysis of results.We also check results against additional constraints on the weight
of the assets in the optimized portfolio.

4.1 Results for commodity futures with long positions in assets

The energy futures portfolio consists of crude oil, heating oil, coal, natural gas, andDow Jones
electricity index futures. We have seen in Table 3 that the market of energy futures has been
volatile, with crude oil being the most volatile futures of the chosen set. Figure 1 provides
the risk and returns profile of the energy futures portfolio. The problem of maximizing return
subject to a given riskmeasured by standard deviation is solved asMarkowitzMean–Variance
analysis is conducted for different risk levels. The return of the portfolio reasonably good
for the risk level around 20% per annum. Table 4 provides naïve and optimized Sharpe
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Fig. 1 Efficient portfolio for an energy commodities’ futures portfolio
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Table 4 Descriptive statistics for
energy commodity futures’
portfolios providing mean,
standard deviation and Sharpe
ratios for Naïve and optimized
Sharpe ratio of portfolios

Energy commodity
futures

Naïve portfolio
(1/5)

Optimized Sharpe
ratio

Mean −16.72% 9.60%

Standard deviation 35.61% 22.02%

Sharpe ratio −0.485 0.411

ratio results for the energy portfolio. The naïve portfolio is an equally weighted portfolio,
with 20% of the weights given to each commodity futures in the energy portfolio. A high
standard deviation and a negative return are observed due to the market dynamics for energy
commodities in the past decade. The optimized Sharpe ratio shows that a 9.60% return is
achieved for a standard deviation of 22% for the energy futures portfolio. The Sharpe ratio
is calculated using a risk-free rate of return of 0.55% as the US Treasury note rate on July
31, 2020.

We next study the results of different commodity portfolios with and without diversifica-
tion using energy futures. For each of the commodities’ class, we find efficient frontier by
conducting Markowitz Mean–Variance analysis, Optimize Sharpe ratio, and naïve portfolio
analysis with and without diversification using energy futures.

Figure 2 plots the risk and return profiles of an agricultural commodity portfolio of rice,
canola, wheat, soybean, and corn futures. The expected return of the agricultural portfolio
is negative for all the risk levels. With the addition of energy futures in the portfolio, an
improved return for the same risk is observed for each level of the risk considered to plot
an efficient portfolio. The analysis shows that the energy future improves diversification by
increasing the return in an agricultural commodity portfolio. An increase of about 500% is
observed where the returns have been improved from—2% to more than 8% with energy
futures diversification.
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Fig. 2 Efficient frontier of a portfolio of agricultural commodity futures along with an energy commodity
futures’ diversified portfolio
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Table 5 Descriptive statistics for Agricultural commodity futures with and without energy commodity futures
for portfolio diversification providing mean, standard deviation, and Sharpe ratios for Naïve and optimized
Sharpe ratio of portfolios

Agricultural
commodities
futures

Agricultural
futures only

Agri + energy futures Agri futures only Agri + energy
futures

Naïve portfolio
(1/5)

Naïve portfolio (1/10) Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −5.63% −11.18% −6.18% 9.60%

Standard deviation 34.17% 27.54% 110.63% 22.02%

Sharpe ratio −0.18 −0.43 −0.061 0.411

Table 5 provides analysis results for naïve portfolios and optimized Sharpe ratios for
agricultural and agricultural and energy futures portfolios. It is observed that even though
the naïve portfolio for agricultural futures provides negative returns, it performed better than
the diversified equally weighted agricultural and energy futures portfolio. However, it can
be seen that the agricultural and energy futures naïve portfolio had a lower risk compared
to the agricultural futures portfolio. The Sharpe ratio results are not great in both cases,
with an agricultural futures portfolio still having a better Sharpe ratio than the diversified
naïve portfolio. The optimized Sharpe ratio results for the diversified portfolio are pretty
good in comparison. The portfolio returns are increased from −6% to 9.60%, which is a
more than 200% increase. The risk is reduced from 110 to 22% for the diversified energy
futures portfolio, which is an 80% decrease in the risk due to the diversification. The results
show that energy futures have a solid ability to diversify the risk and provide higher returns
simultaneously for optimized Sharpe ratio and Markowitz Mean–Variance optimization.

Figure 3 and Table 6 provide a similar analysis for the portfolio of soft commodities and
energy futures diversification of the soft commodities’ portfolio. The risk and return profile
with diversification show better returns for the same level of risk for up to the level of 30%
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Fig. 3 Efficient frontier of a portfolio of Soft commodity futures along with an energy commodity futures’
diversified portfolio
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Table 6 Descriptive statistics for Soft commodity futures with and without energy commodity futures for
portfolio diversification providingmean, standard deviation, and Sharpe ratios for Naïve and optimized Sharpe
ratio of portfolios

Soft commodities
futures

Soft commodity
futures only

Soft + energy
commodity
futures

Soft commodity
futures only

Soft + energy
commodity
futures

Naïve portfolio
(1/4)

Naïve portfolio
(1/9)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −9.05% −13.31% −3.13% 9.60%

Standard deviation 19.22% 22.88% 32.95% 22.02%

Sharpe ratio −0.499 −0.606 −0.112 0.411

in terms of standard deviation. The Markowitz mean–variance analysis shows that for up to
30% standard deviation levels, the diversification of soft commodity futures portfolio with
energy futures provides better returns when compared with the portfolio of soft commodity
futures. However, diversification does not provide acceptable returns when the level of risk
is beyond 30%. In Table 6, we can see that the naïve diversification using energy futures
also does not provide better results for soft commodity portfolio. The diversification results
using energy futures in the portfolio of soft commodities are better when the Sharpe ratio is
optimized for the portfolios. The return in the diversified portfolio using energy commodities
is 400% more than the portfolio without energy commodities’ futures when optimizing is
done using the Sharpe ratio. In addition to a significant increase in return, the risk in the
diversified portfolio using energy derivatives has also decreased from the original risk of
around 33% to 22%. The decrease in the risk level is a reduction of about one third of the risk
level. Therefore, we conclude that energy futures diversify the soft commodity futures when
the Sharpe ratio is optimized and for most risk levels of Markowitz mean–variance analysis.

Next, we analyze the diversification results of the energy futures on themetal commodities
portfolio that considers gold, silver, copper, uranium, and iron. We can see that the returns
from the diversified portfolio for Markowitz mean–variance analysis are higher than those
of the metal commodity portfolio for the same risk levels. That is, the diversified portfolios
provide better returns for the same risk level, as can be seen in Fig. 4. The diversification
using naïve portfolios does not favor the energy futures, and the results for return, standard
deviation, and Sharpe ratio are worse than the non-diversified portfolio. In addition to that,
Table 7 also describes the results for the optimized Sharpe ratio for both diversified and
non-diversified portfolios. The diversified metal commodity portfolio with energy futures
not only provides better returns but also reduces the risk and hence a better Sharpe ratio.

We also analyze a portfolio of all three commodity classes that we have used in the above
analysis. We consider a commodity portfolio of agricultural, metal, and soft commodities
and study the diversification results using energy futures. The Markowitz mean–variance
analysis is obtained by solving a problem of maximizing return subject to a given risk level
measure in terms of the standard deviation of the portfolio. The results are plotted in Fig. 5.
It is observed that the diversified portfolio using energy futures provide overall better returns
for the same level of risks than the all commodity portfolio. The Sharpe ratio optimization
results are also shown to be improved because of an increase in the return and reduction
in the risk of a diversified portfolio. Therefore, we observe that in all the cases, the energy
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Fig. 4 Efficient frontier of a portfolio of Metal commodity futures along with an energy commodity futures’
diversified portfolio

Table 7 Descriptive statistics for Metal commodity futures with and without energy commodity futures for
portfolio diversification providingmean, standard deviation, and Sharpe ratios for Naïve and optimized Sharpe
ratio of portfolios

Metal
commodities
futures

Metal commodity
futures only

Metal + energy
futures

Metal commodity
futures only

Metal +
energy
futures

Naïve portfolio (1/5) Naïve portfolio
(1/10)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −4.36% −10.54% 5.71% 8.11%

Standard
deviation

14.71% 20.41% 19.93% 16.21%

Sharpe ratio −0.334 −0.544 0.259 0.466

futures provide better optimized Sharpe ratios and improved return for the same level of risk
for Markowitz mean–variance analysis (Table 8).

In the following two sections, we break our data into pre-covid 19 periods from Jan 2011
to March 11, 2020, and covid 19 periods from March 11, 2020, to July 2020. The covid 19
periods is selected as one after March 11, 2020, when World Health Organization (WHO)
declared covid 19 a pandemic. Finally, we study the portfolio optimization results for the two
time periodsmentioned above to validate our results or further explore portfolio optimization.

4.2 Commodity futures diversification for Pre-Covid 19 period

The section provides results for the portfolio optimization of the chosen commodity futures
classes: agricultural commodities, soft commodities, metal commodities, and a portfolio of
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Fig. 5 Efficient frontier of a portfolio of all commodity futures along with an energy commodity futures’
diversified portfolio

Table 8 Descriptive statistics for All commodity futures with and without energy commodity futures for port-
folio diversification providing mean, standard deviation, and Sharpe ratios for Naïve and optimized Sharpe
ratio of portfolios

All
commodities
futures

All
commodity
futures only

All + energy
commodity futures

All
commodity
futures only

All + energy
commodity
futures

Naïve portfolio
(1/14)

Naïve portfolio
(1/19)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −6.15% −8.94% 5.71% 8.11%

Standard deviation 16.61% 17.46% 19.93% 16.21%

Sharpe ratio −0.404 −0.543 0.259 0.466

all commodities futures with and without energy futures derivatives. Risk and return profiles
of energy commodity futures during the pre-covid 19 periods are shown in Fig. 6. We solve
for the maximized expected return of the portfolio for a given level of risk as defined by the
standard deviation of the portfolio. The wealth is fully invested in the portfolio; that is, the
sum of the weights in a portfolio’s assets is 1. It is observed that the return of the portfolio
for energy-only commodities futures starts decreasing when the risk goes beyond a certain
level. Overall, the returns are also low from the portfolio showing that these instruments’
investment is tricky before the covid period. A high standard deviation and a negative return
are observed due to the market dynamics for energy commodities in the past decade. The
results for naïve and optimized Sharpe ratio portfolios are provided in Table 9. The results
show that the naïve portfolio, where the weights are equally distributed between the assets,
provides a negative return of 9.44% for a risk measure of 21.24%. However, the results
improve for the optimized Sharpe ratio portfolio where a return of 10.78% is observed for

123



422 Annals of Operations Research (2022) 313:401–439

-8.00%

-6.00%

-4.00%

-2.00%

0.00%

2.00%

4.00%

6.00%

8.00%

10.00%

12.00%

15% 17% 21% 25% 28%

Ex
pe

ct
ed

 p
or

tf
ol

io
 re

tu
rn

SD

Efficient Frontier

ER (Energy only)

Fig. 6 Efficient frontier of a portfolio of energy commodity futures Pre covid 19 Jan 2011–March 11, 2020

Table 9 Descriptive statistics for
energy commodity futures’
portfolios providing mean,
standard deviation, and Sharpe
ratios for Naïve and optimized
Sharpe ratio of portfolios
diversification before Covid 19
(Jan 2011 to March 2020)

Energy commodity
futures

Naïve portfolio
(1/5)

Optimized Sharpe
ratio

Mean −9.44% 10.78%

Standard deviation 21.24% 17.55%

Sharpe ratio −0.47 0.58

a risk measure of 17.55%, providing the optimized Sharpe ratio of 0.58. The Sharpe ratio is
calculated using a risk-free rate of return of 0.55% as the US Treasury note rate on July 31,
2020.

Next, we study the agricultural commodity futures portfoliowith andwithout the inclusion
of energy derivatives futures. Figure 7 plots the efficient frontier for both portfolios. The
returns from agricultural commodities for the pre-covid period, even though increasing,
is negative for all the risk levels. The inclusion of energy commodities futures improves
the result for low-risk levels, and returns decrease over increased risk measures. Table 10
further clears the results for both with and without the inclusion of energy derivatives futures.
The results for naïve portfolios show that even though the return in a diversified portfolio
worsens, the portfolio risk decreases when the energy commodity futures are included in the
portfolio of agricultural commodity futures. Such a result is understandable because naïve
portfolios equally distribute weights in all the assets without considering the risk and return
of individual assets. The optimized Sharpe ratio portfolio clearly shows better results for
the energy commodities futures’ diversified portfolio. The return improved from −1.27% to
10.78% that is approximately a 948% increase. The risk as measured by standard deviation
also decreases from 28.39% to 17.55%, which is a 38% decrease. The overall optimized
Sharpe ratio is also improved from −0.064 to 0.583.

Figure 8 provides a graphical representation of risk and return profiles, efficient frontier, of
soft commodity futures portfolio and soft commodity futures portfolio with the inclusion of
energy commodity futures. Energy commodities futures’ inclusive portfolio provides a better
return for a given standard deviation than a non, energy commodities diversified portfolio
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Fig. 7 Efficient frontier of a portfolio of agricultural commodity futures along with an energy commodity
futures’ diversified portfolio Pre covid 19 Jan 2011–March 11, 2020

Table 10 Descriptive statistics for Agricultural commodity futures with and without energy commodity futures
for portfolio diversification before Covid 19 (Jan 2011–March 2020) providing mean, standard deviation, and
Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

Agricultural
commodities
futures

Agricultural
futures only

Agri + energy futures Agri futures only Agri + energy
futures

Naïve portfolio
(1/5)

Naïve portfolio (1/10) Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −5.29% −7.36% −1.27% 10.78%

Standard deviation 17.66% 14.84% 28.39% 17.55%

Sharpe ratio −0.33 −0.53 −0.064 0.583
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Fig. 8 Efficient frontier of a portfolio of soft commodity futures along with an energy commodity futures’
diversified portfolio Pre covid 19 Jan 2011–March 11, 2020
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for up to a risk level of around 28%. The maximum return for any level of risk is around −
2% for soft commodity futures for the data set from Jan 2011 to March 11, 2020 (pre-covid
19 timelines). When energy commodities were added to the existing portfolio, the maximum
return from the diversified portfolio was increased to around 3% from −9.78%. Table 11
shows that the naïve portfolio, inclusive of energy commodity derivatives, decreases the
portfolio’s riskwhile lowering the portfolio’s return comparedwith a non-diversified portfolio
of soft commodity futures. The diversification results in the optimized Sharpe ratio show
a significant improvement in the diversified portfolio from a non-diversified portfolio. The
Sharpe ratio improves from−0.055 to 0.583, increasing around 1160%while simultaneously
increasing return and decreasing the standard deviation of the portfolio.

Further, we study the metal commodities futures portfolio between Jan 2011 to March 11,
2020 (pre-crisis period). The efficient portfolio shows that the return of an energy derivatives
diversified portfolio is lower than those without energy derivatives diversification for a return
above 19% (Fig. 9). Even with a poor risk-return profile of diversified energy and metal
commodities futures’ portfolios, the Sharpe ratio optimization provides much better results,

Table 11 Descriptive statistics for Soft commodity futures with and without energy commodity futures for
portfolio diversification before Covid 19 (Jan 2011 to March 2020) providing mean, standard deviation, and
Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

Soft
commodities
futures

Soft commodity
futures only

Soft + energy
commodity
futures

Soft commodity
futures only

Soft + energy
commodity
futures

Naïve portfolio
(1/4)

Naïve portfolio
(1/9)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −10.02% −9.70% −1.24% 10.78%

Standard
deviation

18.99% 15.79% 32.50% 17.55%

Sharpe ratio −0.556 −0.649 −0.055 0.583
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Fig. 9 Efficient frontier of a portfolio of metal commodity futures along with an energy commodity futures’
diversified portfolio Pre covid 19 Jan 2011–March 11, 2020
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Table 12 Descriptive statistics for Metal commodity futures with and without energy commodity futures for
portfolio diversification before Covid 19 (Jan 2011 to March 2020) providing mean, standard deviation, and
Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

Metal
commodities
futures

Metal
commodity
futures only

Metal + energy
futures

Metal
commodity
futures only

Metal + energy
futures

Naïve portfolio
(1/5)

Naïve portfolio
(1/10)

Optimized Sharpe
ratio

Optimized Sharpe
ratio

Mean −8.15% −8.80% 3.12% 9.71%

Standard
deviation

14.24% 13.69% 19.40% 15.47%

Sharpe ratio −0.611 −0.683 0.133 0.592

as shown in Table 12. The return on the portfolio is increased by 211%, while simultaneously
decreasing the risk by 20%. The optimized Sharpe ratio is also increased from 0.133 to 0.592.

Lastly, we discuss the portfolio of all commodities addressed in the analysis of portfolio
diversification using energy commodities. Figure 10 provides a graphical representation of
the risk and return profiles for all commodity futures portfolios, and an energy commodities
futures diversified portfolio. The return is higher on the diversified portfolio for below 19%
risk. The difference between the return on both portfolios decreases with an increase in the
standard deviation. In Table 13, we provide the results for naïve and optimized portfolios. It is
observed that both risk and return are slightly worsenedwhen the energy commodities futures
have been added to an all commodities futures portfolio in a naïve portfolio. However, the
results for optimized Sharpe ratio for all commodities, including energy commodities futures,
have improved significantly. The return on the diversified portfolio is 9.71% compared to
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Fig. 10 Efficient frontier of a portfolio of all commodity futures along with an energy commodity futures’
diversified portfolio Pre covid 19 Jan 2011–March 11, 2020
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Table 13 Descriptive statistics for All commodity futures with and without energy commodity futures for
portfolio diversification before Covid 19 (Jan 2011 to March 2020) providing mean, standard deviation, and
Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

All
commodities
futures

All
commodity
futures only

All + energy
commodity futures

All
commodity
futures only

All + energy
commodity
futures

Naïve portfolio
(1/14)

Naïve portfolio
(1/19)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −7.66% −8.13% 3.12% 9.71%

Standard deviation 10.91% 10.93% 19.40% 15.47%

Sharpe ratio −0.752 −0.794 0.133 0.592

a non-diversified portfolio with a return of 3.12%. A decrease of 20% is observed in the
risk of the portfolio also. The observation shows that the results are improved when energy
commodities are added to a diversified commodities futures portfolio before the crisis.

4.3 Commodity futures diversification for Covid 19 (March 11, 2020–July 2020)

This section analyzes portfolio optimization results for our chosen four classes of commodi-
ties’ futures by including energy commodity futures after breaking the data into the pandemic
period from March 11, 2020, to July 2020. We are using March 11, 2020, to break the data
into the pre-crisis period because on this date, WHO announced Covid 19 as a pandemic.
The analysis in the section is from March 11, 2020, till the end of the dataset we are investi-
gating. In Fig. 11, risk and return profiles of energy commodity futures are provided for the
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Fig. 11 Efficient frontier of a portfolio of energy commodity futures portfolio March 11, 2020, to July 2020
(Covid 19)
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Table 14 Descriptive statistics for
energy commodity futures’
portfolios providing mean,
standard deviation, and Sharpe
ratios for Naïve and optimized
Sharpe ratio of portfolios
diversification during Covid 19
(March 11, 2020, to July 2020)

Energy commodity
futures

Naïve portfolio
(1/5)

Optimized Sharpe
ratio

Mean −65.35% 27.09%

Standard deviation 78.98% 48.78%

Sharpe ratio −0.834 0.544

covid 19 data. It can be seen that the expected return increases as we increase the risk tol-
erance as measured by the standard deviation of the portfolios. Table 14 further investigates
naïve and optimized Sharpe the ratio for energy only commodity futures portfolio. It can be
seen that for a naïve portfolio, the Sharpe ratio is −0.834, where the risk is extremely high
at 78.89%. However, the Sharpe ratio optimization provides reasonably good results. The
expected returns are at 27.09% for an optimized Sharpe ratio of 0.544 with a risk of nearly
49%.

The first commodities’ futures’ portfolio that we consider consists of five agricultural
commodities futures for the dataset after covid 19 was declared a pandemic. Figure 12 shows
a decrease in the expected portfolio returns as we increase the standard deviation. But when
we add the energy commodities futures in the existing agricultural commodities futures’
portfolio, the return rises significantly for the same level of risk. The return is increased by a
good 1177% for 35% risk tolerance in the portfolio from a mere 0.22% in the non-diversified
portfolio to 26.11% in the case of a diversified portfolio. Table 15 provides both naïve and
optimized Sharpe ratio results for diversified and non-diversified portfolios for data on covid
19. The effects for agricultural and energy commodity portfolios worsen in the case of naïve
portfolios. This is because equal weights have been assigned to all assets, which may not
provide the best results. On the other hand, the portfolio optimization in the optimized Sharpe
ratio slightly improves when energy derivatives have been added to the existing portfolio.

Next, we study the portfolio optimization results for soft commodities in the data for the
covid 19 periods. The efficient frontier for soft commodities portfolio and soft commodities
plus energy commodities futures portfolio are presented in Fig. 13. The results are slightly

0.00%

5.00%

10.00%

15.00%

20.00%

25.00%

30.00%

13.76% 20% 30% 35%

Ex
pe

ct
ed

 p
or

tf
ol

io
 re

tu
rn

Standard Deviation

Efficient Frontier

ER (Agri) ER(agri+energy)

Fig. 12 Efficient frontier of a portfolio of agricultural commodity futures along with an energy commodity
futures’ diversified portfolio March 11, 2020, to July 2020 (Covid 19)
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Table 15 Descriptive statistics for Agricultural commodity futures with and without energy commodity futures
for portfolio diversification duringCovid 19 (March11, 2020, to July 2020) providingmean, standard deviation,
and Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

Agricultural
commodities
futures

Agricultural
futures only

Agri + energy futures Agri futures only Agri + energy
futures

Naïve portfolio
(1/5)

Naïve portfolio (1/10) Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean −13.47% −43.79% 23.70% 23.98%

Standard deviation 22% 46.54% 13.76% 13.26%

Sharpe ratio −0.637 −0.953 1.68 1.77
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Fig. 13 Efficient frontier of a portfolio of soft commodity futures along with an energy commodity futures’
diversified portfolio March 11, 2020, to July 2020 (Covid 19)

better for the soft commodities plus energy commodities futures portfolios for risk level
below 45% and are almost the same afterward. Tables 16 and 17 compares both portfolios
against two measures of optimization: Naïve portfolios and Optimized Sharpe ratios. The
naïve portfolio results worsen when soft commodities are added to the portfolio. When the
Sharpe ratio is used as an optimizationmeasure, the expected return for a diversified portfolio
decreases while reducing the standard deviation. The reduction in the risk provided a better
Sharpe ratio for the diversified portfolio. A slight increase of 3.2% is seen in the Sharpe ratio
for soft and energy commodities futures portfolios.

The results for metal commodity futures portfolios and all commodity futures portfolios
are provided in Figs. 14 and 15 and Tables 18 and 19. The efficient frontiers for both the
portfolios show that adding energy commodities derivatives to metal and all commodities
portfolios do not change the results. The Tables also show that there is no to minimal change
is observed in the two cases. We discuss all the cases in our next section on the discussion.
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Table 16 Descriptive statistics for Soft commodity futures with and without energy commodity futures for
portfolio diversification during Covid 19 (March 11, 2020, to July 2020) providing mean, standard deviation,
and Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

Soft
commodities
futures

Soft commodity
futures only

Soft + energy
commodity
futures

Soft commodity
futures only

Soft + energy
commodity
futures

Naïve portfolio
(1/4)

Naïve portfolio
(1/9)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean 13.13% −30.47% 81.42% 75.30%

Standard
deviation

23.97% 46.87% 42.73% 38.34%

Sharpe ratio 0.525 −0.662 1.89 1.95

Table 17 Descriptive statistics for Metal commodity futures with and without energy commodity futures for
portfolio diversification during Covid 19 (March 11, 2020, to July 2020) providing mean, standard deviation,
and Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

Metal
commodities
futures

Metal commodity
futures only

Metal + energy
futures

Metal commodity
futures only

Metal +
energy
futures

Naïve portfolio (1/5) Naïve portfolio
(1/10)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean 82.03% 8.34% 86.61% 86.61%

Standard deviation 22.60% 42.88% 16.85% 16.85%

Sharpe ratio 3.606 0.182 5.11 5.11
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Fig. 14 Efficient frontier of a portfolio of metal commodity futures along with an energy commodity futures’
diversified portfolio March 11, 2020, to July 2020 (Covid 19)
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Fig. 15 Efficient frontier of a portfolio of all commodity futures along with an energy commodity futures’
diversified portfolio March 11, 2020, to July 2020 (Covid 19)

Table 18 Descriptive statistics for All commodity futures with and without energy commodity futures for
portfolio diversification during Covid 19 from March 11, 2020, to July 2020, providing mean, standard
deviation, and Sharpe ratios for Naïve and optimized Sharpe ratio of portfolios

All commodities
futures

All commodity
futures only

All + energy
commodity
futures

All commodity
futures only

All + energy
commodity
futures

Naïve portfolio
(1/14)

Naïve portfolio
(1/19)

Optimized Sharpe
ratio

Optimized
Sharpe ratio

Mean 28.24% 3.61% 67.22% 67.14%

Standard deviation 16.15% 25.92% 11.85% 11.84%

Sharpe ratio 1.715 0.118 5.624 5.624

4.4 Commodity futures diversification for constraints on weights

In addition to checking for diversification of commodity futures using long positions, we
also analyze for diversification results by applying additional constraints on the weights
of the assets in portfolios. The previous results had long positions in the assets, where we
also observed that allowing for short positions in the commodities’ futures improves our
results. Table 10 provides results on portfolio diversification for all commodity classes thatwe
discussed in the study, with and without energy commodities, when the weights of individual
assets in a portfolio cannot be less than 5% and cannot be greater than 50%. That is, we solve
the following for optimized Sharpe ratio:

Maximize
wTμ − r f√

wT�w
,

Subject to
m∑
i�1

wi � 1,
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5% ≤ wi ≤ 50% f or all i � 1, . . . , m (9)

It is observed that, in the case of agricultural commodities, the addition of the energy
commodity futures improves results for both the standard deviation or risk and portfolio
return. The portfolio return is improved by 68%, whereas the volatility is decreased by 28.5%
when the energy commodity futures have been added to the existing portfolio. Similar results
have been observed for soft commodities’ portfolios. The addition of energy commodity
futures has increased the returns by 62.5%andhas decreased the risk by 33.3%.The optimized
Sharpe ratio is improved though still negative due to negative returns. In the case of a portfolio
for metal commodities, it’s been seen that the return for an energy commodities’ diversified
portfolio has decreased and a decrease in the risk. However, the reduction in risk is not enough
for the Sharpe ratio to improve due to negative returns. Similar results have been seen in the
case of an all commodities futures portfolio. The addition of energy commodity futures has
decreased the risk by 54.5%, but the return has also reduced by a good 43%. Therefore,
depending on the class of commodities used in the portfolio, diversification results may
differ. It is observed that the risk is reduced significantly in all the diversified portfolios.

4.5 Minimax strategy for portfolio optimization

MartinYoung introduced a new principal, minimax, of portfolio optimization based on histor-
ical data in 1998 (Young, 1998). The work became the basis for linear programming methods
where optimization is a simple linear program solution. The optimal portfolio is the one that
would minimize the maximum losses over past historical data. The solution is constrained
on the minimum acceptable level of an average return across all observed periods. We adopt
Young’s model to check for robustness in our model.

There are 19 commodities futures in our analysis that span over 10 years from January
2011 to July 2020.We let Rt,i be the annual return on the security i.As before in Eq. 2,μi,t i�
1…19 over time t � 1…10, be the average annual return on the security i from January 2011
to July 2020. Let Rt � ∑19

i�1 wi Ri,t be the portfolio return for year t and R � ∑19
i�1 wiμi,t

be the average portfolio return. We use the equivalent formulation for minimax portfolio
optimization (Young, 1998) and maximize expected portfolio return subject to a restriction
that the portfolio return is greater than or equal to some threshold level X in each period.
That is, we solve the following system:

Max
19∑
i�1

wiμi,t

Subject to
19∑
i�1

wi Ri,t ≥ X , f or t � 1, . . . , 10

∑
wi � 1, wi ≥ 0 f or each i (10)

We solve the system in Eq. 10 with X � −0.25 for each period. The results for each
portfolio with and without the inclusion of energy commodities futures are provided in Table
20. The system is solved in Excel using the solver package to find the optimal weights. The
weights are then used to calculate the portfolio mean, standard deviation, and Sharpe ratio.
We provide results for the four classes discussed in the study.

Table 20 shows that the energy derivatives have significantly improved the Sharpe ratio of
the resulting diversifiedportfolios in all the cases. The increase is around135%for agricultural
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commodities futures portfolio, 333% for soft commodities futures portfolio, 200% for metal
commodities futures portfolio, and 97% for all commodities futures. The results are consistent
with optimized Sharpe ratio results in that the energy commodities futures improve the
existing commodities futures portfolios in all classes. The returns of the diversified portfolios
have significantly increased while the standard deviations have reduced in almost all cases.

5 Discussion

The current study provides an empirical analysis of the characteristics of energy futures in
diversifying the existing commodities futures’ portfolios. The study considers four different
portfolios for the analysis using multiple metrics for portfolio diversification. The portfo-
lios analyzed consist of agricultural commodities, soft commodities, and metal commodities
futures. We also examine the results for diversification for a portfolio of all the (non-energy)
commodities used in the study. Naïve portfolios, Markowitz mean–variance portfolios, opti-
mized Sharpe ratios, and minimax strategy are used as metrics to study the diversification
results using energy futures on the commodity portfolios. As analyzed in the previous section,
our results are quite conclusive. In all the cases above, it was observed that the portfolios
with energy futures provide better returns and reduced standard deviation when compared
to the respective non-diversified portfolios of commodities. The energy future diversified
portfolios outperformed all the other portfolios in Markowitz mean–variance analysis and
optimized Sharpe ratios analysis. However, the diversified naïve portfolios did not perform
well in any case, even though in the agriculture and energy portfolio, the naïve portfolio did
show a reduction in the risk level. The results are improved due to a reduction in the risk and
an increase in the return on the portfolios.

We also checked our results for an added set of constraints in subsection 4.4 by restricting
the weights of each asset to be between 5 and 50%. The results show that in all the com-
modities’ futures classes, the inclusion of the energy commodities futures has lowered the
portfolio’s risk. However, the Sharpe ratio improves for agricultural and soft commodities
portfolios by increasing the return on the portfolio and the inclusion of energy commodities
futures in the diversified portfolios. The other two cases show a decrease in the Sharpe ratio
due to a worsened expected return. Further to that, we also applied the minimax strategy of
Young’s to check for the robustness in our model in Sect. 4.5. The results show that the diver-
sified portfolios with the inclusion of energy commodities futures provide better results in
all the four commodities’ portfolios in our analysis. The improved Sharpe ratios are obtained
by an increase in the expected return on the diversified portfolios and a decrease in the risk
as measured by standard deviation.

The results for pre-crisis and covid 19 are also worth noting. Subsection 4.2 on the pre-
crisis period of the study shows that the inclusion of the energy derivatives futures increases
the Sharpe ratio when optimizing Sharpe ratio is used as a metric for portfolio optimization
in all the cases. The results show that the diversified portfolio with energy commodities
futures increases the portfolio returns and decreases the risk of the portfolio. The results for
naïve portfolios show that in almost all cases, the inclusion of energy derivatives reduces the
portfolio risk though decreases the Sharpe ratio. The results for the covid 19 periods in the
study, March 11, 2020, to July 2020, show that the energy commodities futures significantly
improve the results for the Sharpe ratio in the agricultural and soft commodities futures
portfolios by increasing the Sharpe ratio. However, for the metal and all commodities futures,
the results are the same with and without the inclusion of energy commodities futures. The
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results on the naïve portfolios show a decreased Sharpe ratio for the energy commodities
futures diversified portfolios. This is because the energy commodities futures have been
volatile during the covid 19 periods. However, given that the study dataset only comprises a
few months of covid, anything conclusive requires further exploration.

There has not been enough research on the diversification properties of energy futures on
the other financial commodities. Ours is the first study that analyzes the effects of energy
futures on commodity futures. There has been some work where crude oil, natural gas, or
coal futures have been studied for diversification amongst other individual commodities or
bonds and stocks portfolios. For instance, we could only find one paper by Rehman et al. that
observed the diversification of crude oil, natural gas, and coal on some other commodities.
They concluded that crude oil provides better diversification results for gold and silver; gas
futures give better results when combined with copper, wheat, platinum, palladium, and coal,
providing better diversification results for gold, silver, and wheat (Rehman et al., 2019). They
conducted the study on the weekly data from January 2010 to December 2018.

Our study investigates the diversification of four existing commodity futures portfolios
for agricultural, soft commodities, metal, and all commodities (considered in the survey)
futures with a portfolio of energy futures and not by individual energy futures on a daily
dataset from January 2011 to July 2020. Furthermore, we apply the modern portfolio theory
concepts and optimize both mean by giving an acceptable risk level and optimizing the
Sharpe ratio. The current study covers a more extended period and more commodities from
different segments of themarket. The study finds that the energy futures significantly improve
the returns, reduce risk, and improve Sharpe ratios in agricultural commodities, metals, soft
commodities portfolios, and a portfolio containing all the commodities.

Most studies have discussed portfolio diversification using crude oil or crude oil derivatives
on stock and bond portfolios or indices in the literature. For instance, Geman and Kharoubi
studied the maturity effect in the diversification of the S&P 500 index using WTI crude oil
futures and concluded in favor of diversification using crude oil futures (Geman &Kharoubi,
2008). (Galvani & Plourde, 2010) figured that energy futures fail to increase the return in
the diversified portfolio equities but tend to reduce the risk while conducting a study on
the data from 1990–2008. We also analyze the diversification of commodity futures using
only crude oil futures on the same dataset from January 2011 to July 2020. The analysis is
done by optimizing the Sharpe ratio for the portfolios with and without crude oil futures to
study the effects of diversification on the portfolios. Our results in Table 21 show that crude
oil futures fail to diversify the existing commodity futures portfolios for all the portfolios
considered in our analysis. These results could be because of the crude oil futures’ overall
poor performance during the chosen period. The high volatility of around 132%and a negative
return of approximately 52%per annummake crude oil the least favorite future of the selected
setting for diversification purposes.

We add to the literature by studying diversification using energy futures on the portfolios
mean–variance and Sharpe ratio optimized portfolios of commodities instead of commodity
indices or stock and bond indices with energy futures.We observe that the level of diversifica-
tion varies amongst the commodity classes’ choices and at the level of risk when optimizing
mean for a given level of risk under Markowitz mean–variance analysis. We found that the
diversified portfolio has increased the return by 500% at a risk level of around 20% for agri-
cultural commodities. We also observed that efficient frontier results are worsened after a
certain level of risk in the Markowitz mean–variance analysis when diversified using energy
futures for soft commodities portfolio. Therefore, we think that portfolio managers need to
look at an individual class of commodities to cater to the needs of their portfolio while trying
to diversify their portfolios using energy futures instead of indices.
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Table 21 Portfolio diversification
with optimized Sharpe ratio using
crude oil futures only

Portfolios Without energy futures With crude oil
futures

Agricultural
commodities

Mean: −6.18% Mean: −6.18%

SD: 110.63% SD: 110.63%

SR: −0.061 SR: −0.061

Soft commodities Mean: −3.13% Mean: −3.13%

SD: 32.95% SD: 32.95%

SR: −0.112 SR: −0.112

Metal commodities Mean: 5.71% Mean: 5.71%

SD: 19.93% SD: 19.93%

SR: 0.259 SR: 0.259

All commodities except
energy

Mean: 5.71% Mean: 5.71%

SD: 19.93% SD: 19.93%

SR: 0.259 SR: 0.259

Our contributions to the existing literature are pretty significant. We have performed an
empirical analysis on a current set of data that spans from January 2011 to July 2020 by
comparing mean–variance efficient frontiers of different commodity futures portfolios with
the addition of energy futures. Our results show that the diversification properties of energy
futures are both in terms of reducing risk and increasing the return of the portfolios. In addition
to that, we compare the naïve portfolios and conclude that the naïve portfolios decrease the
overall return of the diversified portfolios and increase the risk in the portfolios. The results
are pretty conclusive for the three periods explored in the study: the entire duration of the
study, pre-crisis, and covid 19 periods. We also provide the diversification results using an
optimized Sharpe ratio and observe that the Sharpe ratio increases in all the portfolios when
energy futures are added to commodity futures portfolios. The result may not be true for
metal and all commodities futures in the covid 19 period due to a small set of data. We
further observed that if we allow short sales in the futures contracts, the results improve
for the metal futures portfolio and all commodity portfolios by taking the optimized Sharpe
ratio to 1.23, increasing more than 175%. Lastly, we studied the results by restricting our
constraints further and applying the minimax strategy of Young in our work and the other
metrics. The results are robust under the two methodologies. Therefore, we conclude that
the energy commodities futures improve the Sharpe ratios and return while decreasing the
risk of the portfolios in all the studied cases and hence be explored by investors for possible
portfolio diversification.

6 Conclusion

Globalization and recent economic developments have brought the energy futures to the
front lines as an investment and diversification opportunity for investors, fund, and portfolio
managers. The low transactional, storage and insurance costs compelled the fund managers
to explore new avenues for portfolio diversification especially using energy derivatives. In the
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current study, we provide empirical evidence that energy futures increase the potential gain as
well as reduce the risk of the portfolios when added to existing commodity portfolios. Using
Markowitz’s mean–variance framework, we showed that a higher level of expected returns
is achieved for the energy futures diversified portfolio for the same level of risk in almost
all studied portfolios. We further found that naïve portfolios fail to diversify the existing
portfolios and therefore do not recommend naïve portfolio strategies for diversification.

The optimized Sharpe ratio analysis shows that energy futures have an excellent potential
for diversification of commodity futures portfolios in all the analyzed cases in the study.
More than a 400% increase in the portfolio return has been observed in soft commodity
portfolios when energy futures have been added to diversify. Furthermore, the diversified
portfolio reduced the risk of the agriculture commodity portfolio by around 80% when the
Sharpe ratio is used as an optimization measure for the portfolio. In addition to that, we find
that the inclusion ofmultiple energy futures in the existing portfolios provides better portfolio
diversification with an increase in the Sharpe ratios and increased returns for the same level
of risk. Therefore, we conclude that energy futures offer excellent opportunities to diversify
commodity portfolios, and investors should explore diversification using energy futures. We
validated these results under different optimization techniques (minimax, added constraints),
periods (pre-crisis, covid 19, and overall), and metrics (naïve, mean–variance, Sharpe ratio)
and established that the energy commodities futures have beneficial portfolio diversification
characteristics. Furthermore, our results show that crude oil futures fail to optimize the
commodity futures portfolios for the chosen period. Additionally, we also found that the
results have the potential to be improved when the short positions in the futures comprising
the portfolio are allowed in some cases.

From a policy point of view, the study also reveals that several energy futures have a
comparative advantage in diversifying with just one energy futures. It is also observed that
crude oil is not the best suitable diversification futures contract in the energy futures. There-
fore, we recommend that the investors, fund, and portfolio managers explore multiple energy
futures while diversifying their existing portfolios, look for sophisticated diversification met-
rics strategies, and go beyond diversification and hedging using just oil futures. For the future,
an exciting dimension of work could be on energy commodities futures and their hedging
strategies using minimum cVaR (Chai & Zhou, 2018). The effects of maturity of futures con-
tracts, optimal rebalancing, and international diversification in commodity futures are some
areas of interest that future researchers may like to explore. Therefore, we recommend that
energy futures be explored during such situations, not only as diversification of portfolios
but also as a derivatives class.

Funding Social Science Planning Programs of Shandong Province (21DJJJ16: Research on the spatial and
temporal network structure and influence mechanism of foreign trade in Shandong Province under the back-
ground of international trade friction. General Projects of Key R & D Programs in Shandong Province (Soft
Science Projects) (2020RKB01267): Influence of Technological Innovation on Green Growth of Manufactur-
ing Industry in Shandong Province under the Constraint of Environmental Regulation.
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