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1. Introduction

It is well documented in the literature that inwest can benefit by getting exposure in
commodities as part of their long-term asset atlooaplan. Over the past decade impressive
gains have been witnessed in commodity prices, thith pattern accelerating in the last few
years. The aforementioned trend, along with emgligvidence supporting the idea that passive
strategies are better than active ones K@m®&0 and Hatagi, 2005; Frino and Gallagher, 2001,
Barber and Odean, 2000; Sorenson et al., 1998;i8alk995; Sharpe, 1994mong others),
especially in the longer term, made passive stiegeigcreasingly popular. One of the most
popular forms of passive trading strategies isxndacking(Beasley et al., 2003a method that
attempts to replicate/ reproduce the performancearofindex. This has attracted investors’
attention and led to an impressive growth of indexesting in the commodity markets. In
general there are three major ways of investirg@gmmaodity index; first, by choosing an index
and replicating it by following the related Rule @ second, by investing in a fund that
replicates the chosen index; finally, the most papapproach lately is by buying shares of an
Exchange Traded Fund (ETF) that its strategy feltow the respective commodity index. This
trend has been recognised by investors and prontipéed to set-up the first commodity ETF in
November 2004 As of January 2010 the market capitalizationhat first commodity ETF was
exceeding 39 billion US dollars, competing with rerous other commodity-related ETFs
established since then. Many other ETFs investingphysical commodities, futures, and

commodity-related equities, have followed sincenthe

Generally, commodities are seen as a hedge agaifistion (Bodie, 1983; Gorton and

Rouwenhorst, 2006)Though currently inflation is relatively low arsfable, mounting worries

about potential inflation pressures moving forwarah be enticing more investors to the
commodities market. In addition, since most enazggnmodities and especially crude oil are
qguoted in US dollars, any weakening of the USD rgjaan international basket of major
currencies and especially the euro, leads to areagpion of the energy commodities in dollar
terms. This happens on the one hand because demglabal, taking place in an international

market scene, reflecting global currency prices] an the other hand because these energy

! The first listed commodity ETF was the streetTRAS&old Shares ETF, with its sole assets being igallibn
and from time to time cash.



commodities are used by investors as a hedge adaiiser US dollar weakness and other
floating currencies. Moreover, the long lead tintesbring additional capacity to satisfy the

newly created excess demand for energy commoddresn by the billions of people entering

the global consumer economy, will attract even numavestors to the energy commodity markets
going forward.

There are many papers applying various momentumraarélet timing strategies to commodity
futures markets, with the findings in the literasuggesting that there is mixed evidence on
their performance (see for exampliffre and Rallis, 2007; Alizadeh et al., 2008; dhall et

al., 2008; Szakmary et al., 201 addition, there is a plethora of studies ®&ng on the effects

of oil price changes on the econontyailton, 2003, on whether oil price risk is priced in
stock marketsJones and Kaul, 1996and whether oil prices forecast future stockkeareturns
(Driesprong et al., 2008However, the question whether returns of egpdstfolios can be used
to replicate the performance of physical energgepnieturns, aggregated in a portfolio and

proxied by a spot index, has received almost temtbn in the existing literature.

The aim of this paper is to replicate the uniqueedrreturn behaviour of direct energy
commodity investment using equities. The proposggdra@ach is based on previous research
findings that in the case of equally weighted lamdy portfolios of commodity futures, with a
changing composition over the studied period, thgitistically significant returns are similar to
those of stock¢Bodie and Rosansky, 1980; Fama and French, 198itp&and Rouwenhorst,
2006) In addition, it is documented in the literatunattafter the 2000s, commodities have gone
through a financialization process, exposing thertiné wider financial shock3ang and Xiong,
2010) The goal is accomplished by applying two veryiceght in terms of tracking error
strategies, the Differential Evolution Algorithm Epand the Genetic Algorithm (GA), to solve
the index tracking problem in the energy marketsepsesented by the constructed Spot Energy
Index (hereafter named SEI). Low tracking erroratstgies provide several advantages to
investors; they result in better diversified politie, make the long-only constraint of a fund
manager less binding, and in general tend to peokiigher returns for various equity strategies.
As of 2005, more than 50% of the trading volumd\)SE was performed using some form of

program trading strategi¢samle and Martell, 2005)



More specifically, the performance of the SEI iprogluced by investing in a small basket of
stocks picked either from the stocks comprisingehwell known financial indexes, or from two
pools of energy-only related stocks. In particuldre cases of the US, UK and Brazilian
investors are considered under the assumptiortliegtwant to invest in the SEI and prefer to
access only their local stock markets due to casings and/or better knowledge of the
respective markets. They represent two developedoae developing stock market, with the
latter having its unique energy significance in tjiebal scene. The recent reforms and
regulations that took place in Brazil brought tygarency, sophistication and additional liquidity
to its financial markets. It is this reliability ithe Brazilian stock market data that led to the
selection of this market for testing and implemegtihe proposed investment strategy. The lack
of transparency and liquidity in other emergingcktonarkets, which have a large number of
commodity related firms listed, as for example usBia, can be questionable as it could lead to
obscure datasets. In addition, while recently n@daweloped countries have sputtered amid weak
economic growth, Brazil has continued to thrivevegi its rich reserve of natural resources and

growing middle class, becoming the fifth-largestreamy in the world.

In addition, it is well documented in the literaguhat energy prices affect national economies
and have a different impact on the various busisessors. AdHammoudeh et al. (2004pint

out in their study, the oil related industries aneongst the most affected sectors, with higher oil
prices having a positive impact on most compan@s. and in effect energy prices, affect
companies’ earnings and their bottom lines, thugngaan immediate effect on their stock
prices. Hence, based on intuition and previousarebefindings, the two pools of energy-only
related stocks used in the analysis should perf@m well in tracking the SEI. Moreover, the
three non-energy specific stock pools are used ratative performance measure, as there is a
possibility that the stocks of various companiesrapng in other, non-energy related industries
to be directly affected by the movements in engngges, thus making them a good selection for
constructing the portfolios that track the SEI. Thethodology implemented can track the SEI
or any other benchmark index by investing in a basi stocks that each of the evolutionary
algorithms will determine. Baskets of maximum 16, dnd 20 stocks are selected from the

following stock pools: Dow Jones Composite AverdgeSE 100, Bovespa Composite, and two



unique pools of energy-only related stocks fromtf®and the UK stock markets respectively.
The proposed methodology allows investors to beenmymfortable with their investment

selection since this is drawn out of a stock mattkat they are more familiar with.

Hence, the first contribution of this paper in therature is that the index tracking problem in
the energy commodities market is addressed and thettDE and GA are applied. Second,
investors are provided with the opportunity to istven the energy spot markets by choosing
stocks from a specific domestic equity market whaduld appeal more to their investing
criteria/ preferences. Third, by tracking the parfance of the energy sector with stocks selected
by two innovative evolutionary algorithms, a coeetive implementation and true investability
is promoted for the popular segment of energy stykestors.Barberis and Sheleifer (2003)
argue that style investing is attractive mostlyshese of the fact that institutional investors act a
fiduciaries and thus they must follow systematieswf portfolio allocation, and because of its
simplified performance evaluation process. Howetrere are many funds that cannot invest in
commodities directly as in the case of pension $umhere governments in their effort to protect
peoples’ savings strictly regulate the industryggcing stringent restrictions on the types of
assets held. Usually futures contracts and othavate products in alternative investments
such as commodities are excluded from their poogolNijman and Swinkels, 2003)
Nevertheless, by following the proposed investnstrdtegy and investing in stock portfolios
selected by the evolutionary algorithms used is gaper, these funds could now participate in

the energy markets by investing in an ETF that @ardck the performance of the SEI.

Fourth, given the importance of equities in a mafiset class portfolio, by choosing those stocks
that can track the SEI, the selected equity poodcdre indirectly insulated from inflation; a key
consideration among investors and fund managemnimncertain economic environment. In
their investigation over the period 1972-2000yman and Swinkels (2003)nd that investors
with liabilities indexed to the interest rate andlation, such as insurance companies and
pension funds, can significantly increase theirk-return trade-off through commodity
investment because of the positive relation of cowtities with inflation. Fifth, it is the first
time that a broad energy index incorporates incédkulation electricity market prices, thus

reflecting the full spectrum of energy commoditeesl their by-products besides the commonly



used crude oil and its refined fuels. Finally, thaper contributes to the existing literature by
investigating three different investment strategiesing the three year out-of-sample period,
buy-and-hold, quarterly, and monthly rebalancingcoainting for transaction costs where

necessary.

The findings of this paper have several positivplications for investors. Although the SEI
represents the economic importance of the enei@ypgof commodities to the global economy it
primarily serves as a performance benchmark, gikierlimited ability for a direct investment.
However, the proposed approach provides investdisam option to track the performance of
this Spot Energy Index using a basket of equitias are liquid and fully investable. This allows
investors to get closer to the underlying commodigrket price trends, something they cannot
achieve using a futures price index. Historicaflytures index returns have lagged price index
returns, with this decoupling of performance beangpnstant frustration for index investors. For
comparison reasons the performance of two wellbésteed energy excess return indexes is
reported, namely the Dow Jones—-UBS Energy Sub-lrstekthe Roger's Energy Commodity

Index, against the performance of the construcieda8d the selected portfolios.

Adding to the aforementioned, the proposed investreategy provides a low cost — compared
to actively managed funds — means of accessingniegy spot markets. In particular, sector
rotation investment managers can benefit from iheirigs of this paper. By tactically shifting
assets, they can over- or under-weigh specificosgetccording to their due diligence, economic
outlook or market objective. Diversification is dher important implication. Instead of taking
concentrated risks by purchasing individual stotks,investors can own our proposed baskets
and at the same time avoid the diligent attentiwat individual stocks require. Furthermore,
investors who on the one hand want to participatine performance of the volatile spot energy
sector, but on the other hand do not want the hgkexposure of holding the individual energy
commodity, can invest in the selected stock bashets exhibit substantially lower volatility.
Finally, investors that cannot physically hold theergy commodities can benefit from the
selected equity baskets that allow for both lond simort position to be taken. Most commodity
trading advisors and commodity pool operators ogestment strategies that can be long-only or

systematic long/short, using leverage to take bwetgositions. The latter strategy assumes that



investors take opposite positions than those tékenommercial hedgergaeger et al., 2002)
So an effective index tracking strategy, as the mmoposed in this paper, should allow for both
the replication of the performance of the benchmadex, and the implementation of this
long/short strategy that can significantly improthee risk/ return profile of traditional asset
portfolios.

The structure of this paper is as follows. Sectibmpresents a literature review on energy
commodity investing; the various energy indexes ekistence and the relation between
commodities and equities. Section 3 gives an egpiam of the constructed spot energy index
and the data used in the analysis. In section &, and GA evolutionary algorithms are
explained, with the problem formulation also benhgscribed. Section 5 offers the empirical
results of the study and, finally, section 6 codelsithe paper.

2. Energy commodity investing

2.1. Energy indexes

There are two ways of investing in energy commesditiThe first is the direct physical
investment that includes all relevant costs forntaning and managing the inventory. The
second is the indirect investment via equity ortaetnership of energy companies and utilities,
engaged in oil exploration, production, refininganketing etc. However, in recent years there
has been an increasing number of direct energy amityabased products available to investors
such as the respective energy futures contractsebaire constant active management, and the
energy commodity indexes. There is a large numbenutual funds, hedge funds, Exchange
Traded Funds (ETFs), Exchange Traded Notes (ETN$)GIC return swaps that follow the
energy sector through index investing. In factthie US alone, assets allocated to commodity
index strategies via futures contracts has risemf$13 billion in 2003 to $260 billion as of
March 2008, with an estimated 70 percent of thasedd invested in the energy sector
(Hamilton, 2009b) From the total of commodity index investing iretklS exchanges, about
42% is conducted by institutional investors (pensand endowment funds), 25% by retail

investors (ETFs, ETNs and similar exchange-tradediycts), 24% by index funds (a client/



counterparty with a fiduciary obligation to match toack the performance of a commodity
index), and 9% by Sovereign wealth furfd$-TC, 2008)

Commodity indexes attempt to replicate the retuzgsivalent to holding long positions in
various commodities markets without having to afiv manage the positions. Being
uncorrelated with the returns of traditional assetsh as stocks and bonds, commodity index
investments’ returns provide a significant oppoitiuto reduce the risk of traditional investment
portfolios; thus explaining the economic rationfaeincluding a commodity index investment in
institutional portfolios such as those of pensionds and university endowments. Currently
there are more than ten publicly available futunedexes, with different risk and return profiles,
offering exposure to commodity markets; each of¢hmdexes also offers specific exposure to
certain commodity sectors via their traded sub-tede The variations in commodity index
performance across indexes and during differenketaronditions lie with the differences in the
construction methodology of each index. The maffedintiations relate to the index sectors’
composition, constituent commodities selectionjmgland rebalancing strategy, which are both
crucial and apply only for futures indexes, and thethodology used for calculating the
constituents’ respective weights. The later hasbme important determinant of the indexes’
performance, especially with the recently large ghtiallocations towards the energy sector
across all indexe8AIA, 2008). This remark strengthens the approach of this e focuses
only on the energy sector which has recently drivermost activity in index investing. Another
issue that complicates the historical analysisashmodity futures index returns is the lack of a
universal way to define their composition, becawssnmodities cannot have a market
capitalization-based portfolio weighting scheme;éawese at any time, the value of all open long
futures contracts is offset by the value of therogleort futures contrac{8lack, 1976)

There are several risks and disadvantages assbevdte futures’ based commodity indexes. In
the case of a futures index, unlike a passive yquotrtfolio which entitles the holder to a
continuing stake in a company, commodity futurest@axts specify a certain date for the
delivery of the physical commodity. In order to al/the delivery process and maintain a long
futures position, a passive futures portfolio regsiregular transactions; nearby contracts must

be sold and contracts with later deliveries mustpbechased. This process is referred to as



“rolling”. The difference between the prices of ti contracts, the nearby and the more distant
delivery one, is called the “roll yield”. Even thglu the term structure of commodity prices has
historically been an important driver of realisemimenodity futures’ excess returns, there is no
guarantee that the term structure will remain t®es in the future. Also, there is a possibility
that the futures term structure of an individuaincoodity be, on average, in backwardation, yet
the particular contract that an index mechanicadiifs into might be in contango. When
commodity markets are in contango this could resuttegative roll yields that would adversely
affect the value of the futures index. These nggatoll yields can significantly decrease the
value of the futures index over time when the ngadmntracts or spot prices of the underlying
commodities are stable or increasing. Also, indpposite scenario of decreasing spot prices, the
value of the futures index can significantly deseavhen some or all of the constituent
commodities are in backwardation.

Furthermore, although most of the energy commaitiave liquid futures contracts with
expiration every month, there are some that expse frequently, thus rolling forward can be
more costly and vulnerable to longer duration andlker liquidity. Moreover,Gorton and
Rouwenhorst (2006jnd that commaodity futures contracts becometiigyin the delivery month
as most traders avoid delivery of the physical catities. In addition, the explicit rolling
procedure that needs to be used when tracking anodity futures index is another major
disadvantage. Any transparent commodity futuresexngbublishes the specific rules of
rebalancing making them available to all marketip@ants. This means that other traders and
speculators can take advantage of these knownefutansactions mandated by those rules.
Under the prevailing trend of these index fundsdostantly grow in size, they will only become

more vulnerable to such trading exploitation.

In addition, external market and macroeconomicof@tan have a major impact on a futures
index. The market prices of the index’s componengs rapidly fluctuate due to changes in
supply and demand relationships, and due to othererous factors such as weather, major
political and economic events, technological depelents, fiscal and monetary programs.
Recently, even the performance of the equities atarkas become a significant factor affecting

the performance of commodity indexes, especiallyenwithe index holds large positions of



illiquid contracts or maturities. It has been obserthat during periods of steep equity market
movements there is a tendency of aggressive bwyisglling of commodity indexgd ang and
Xiong, 2010) Investors tend to rebalance the mix of their folids between equities and
commodities, either for hedging or speculating psgs, or because of their view of the market
being short- or long-terniKyle and Xiong (2001)argue that investors with a short term strategy
trade more aggressively against noise trading thase with a long term strategy. All these
factors can affect the spot prices of the physcahmodities, the underlying of the futures
contracts, causing the prices and the volatilii€she components of the index to fluctuate in
inconsistent directions and at inconsistent raféss could quickly lead specific trades against
the investor, resulting in a loss of the initialpdsit required before being able to close the

position.

Moreover, suspension or disruptions of market trgdin the commodities futures markets could
adversely affect the value of a futures index. Sereénts that disrupt the functionality of the
futures markets, like lack of liquidity, replacenhem delisting of a futures contract, changes in
the quality specifications of the underlying phgsicommaodities, increased participation of
speculators, governmental regulation and intereentadversely affect a futures commodity
index. In fact, the recent increase in volume anliby side of the futures contracts, in its major
part to support index investing, is argued that aasapparent effect on commodity prices
drifting them away from their fundamental value acréating a speculative price bubble; a
conclusion that can lead to increased governmegulagon on futures marketglamilton
(2009a)suggests that speculative investing in oil futwestracts contributed to the oil shock of
2007-08. The steep decline in short-term interatgsrin 2008 resulted in negative real interest
rates that in turn attracted a great deal of imaest in physical commodities, and thus fuelled

commodity speculation, especially for crude oil atioer energy productsrankel, 2008)

One can argue that this financialization of comriesliintroduced a speculative bubble in the
price of physical energy commodities, especiallyder oil, which subsequently burst. Moreover,
in the case of pension funds where governmentsein ¢ffort to protect people’s savings strictly
regulate the industry, there are stringent resnst on the types of assets held by a fund.

Usually, futures contracts and other derivativedpiets in alternative investments such as

10



commodities are excluded from their portfolid§jman and Swinkels, 2003gpeculation in the

commodities markets has been in the centre of tethedebate in the past few years amongst
industry and policy circles, on whether it is théver of excessive increases and the resulted
excessive price volatility in the energy and foodrkets. Following these debates, there have
been increasing calls for a more stringent supiervisf the energy markets, and in particular for

their paper markets, from both the industry’s bedis well as international governments.

The abovementioned risks and disruptions can bededowhen following the investment
strategy proposed, by using as a performance bear&hior the energy markets the SEI which
allows investors to get closer to the underlyinghomodity price trends, and by investing in the
selected equity portfolios. Using the evolutionalgorithms and the methodology suggested in
this paper, stock investors can optimally seleeirtiportfolios for tracking the SEI without
spending time, effort, and money, trying to idgntifhich stocks can simultaneously act as a

profitable investment and a good commaodity play.

2.2. Commodities and their relation to equities

Kilian (2009)finds that all major real oil price increases sitice mid-1970s can be attributed to
increases in global aggregate and/or oil-speciéimand, and much less to disruptions of crude
oil production. Even when political events affeloe toil prices, like the Persian Gulf War, it is
mostly the increased sudden demand for oil, triggidyy fears for the future oil supply, which
drives oil prices and not the actual disruptionsilrsupply. In the same lineslamilton (2009a)
finds that the run-up in oil prices of 2007-08 sldoloe attributed to the strong demand for crude
oil in combination with a stagnating world prodweeti From an asset-only perspective, previous
research suggests that depending on investorgalstance, commodities as proxied by cash-
collateralized commaodity futures, should be aboujuarter of investors’ portfolios in their

strategic, long-term, asset allocati@mson, 1999; Jensen et al., 2000)

In addition,Hong et al. (2007argue that the returns of a number of industrgksimortfolios,
including that of petroleum, which are informatiebout macroeconomic fundamentals, can
forecast the returns of the aggregate stock mavikta lead of up to two months. They also find

that high returns for some industries, includingttbf petroleum, mean bad news for future
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economic activity and the aggregate stock markeaddition,Driesprong et al. (2008)nd that

a rise in oil prices significantly lowers futureosk market returns, especially for the markets of
those countries classified as net energy imporéerd,the world market index. They also suggest
that investors tend to underestimate the direch@ecuc effect of oil price changes on the
economy and thus act with a delay. Their conclusgostrengthened by the fact that this under-
reaction is less pronounced in the oil-related tygsectors, where market players are more

informed and aware of the economic consequencet pfice changes.

Findings byErb and Harvey (20063uggest that portfolios of commodity futures caavéh
equity-like returns if a high enough diversificatioeturn can be achieved, or if the portfolio
exposures are skewed toward contracts that are likehgto have positive roll or spot returns in
the futuré. Gorton and Rouwenhorst (20069nstruct a fully-collateralized commodity futures
index and conclude that historically, between 1858 2004, their index has a similar risk/
return performance to equities, using the S&P50@ gsoxy. They also find that correlation
between the returns of stocks and bonds and thbskeeocommodity futures is negative; a
conclusion that can be attributed to the diffedegthaviour that the various asset classes exhibit
over the business cycle. In contraSthneeweis and Spurgin (199¢9nclude that over the
period January 1987 to February 1995, commodityraadaged futures indexes have sources of
risk and return that are distinct from indexes rafditional assets such as stocks and bonds.
Nonetheless, they also find that the unique cooBtmu methodology of each index results in
differential return correlation with alternative sats, making each index very useful as a

performance benchmark for unique portfolios.

Research evidence suggests that before the 2000%adity indexes had negative correlation
with equities, e.g.Greer (2000), Gorton and Rouwenhorst (20@sdErb and Harvey (2006)
However, after the 2000s, commodities were heagiritynoted as a new asset class, with various
instruments based on commodity indexes attractiligrs of dollars from wealthy individuals
and institutions, resulting in a financializationopess that exposed commodities to the wider

shocks of financial markets, as showrang and Xiong (2010)The latter authors also find that

2 The diversification return is defined as the syistic benefit of combining two or more assetseduce variance,
enhanced when the portfolio is rebalanced. Ralirret can originate from an upward- or downward-isigperm
structure of the individual futures prices.
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this exposure gradually increased, especially 2084, with the spill-over effects of the recent
financial crisis contributing to the subsequengéaincrease of commodity price volatility.
Equities and other financial assets mainly derhvartvalue from future cash flows, whereas
commodities, being real assets, derive their vailom physical supply and demand conditions.
Despite this fundamental difference between equiied commodities, the need of commodity
producers and consumers to share price risk wighbtimader investment community was the
main driver of the resulted integration of commieditand financial markets.

Why, especially in recent years, are commoditiggeeted to behave more like financial assets?
This question can be answered with the followirguarents: First, taking into consideration that
commodity index investors have a big impact intoowodities prices it can be assumed that the
remaining participants, such as commercial hedgers speculators, cannot fully absorb the
price impact(Tang and Xiong, 20105econd, it is known that any shocks affectingrtteeket-
wide risk premium, subsequently, affect all finah@ssets to a varying degree (e@gmbell
and Cochrane, 193991t is thus valid to argue that, as commoditi@dme more and more
integrated with the financial markets, they shaaillsb be affected. Third, when price shocks in
one asset occur, by rebalancing his/ her portftiie,shocks spill-over to the other assets that the
marginal investor hold&yle and Xiong, 2001)Hence, commodity index investors that usually
hold additionally large positions in stocks are @sgd to stock market shocks when they
reallocate their funds between commodities andkstdeourthBarberis and Shleifer (2008nd

that each asset of a certain class is exposedoik Spillovers from other assets in the same
class. Therefore, according ftang and Xiong (2010)individual commodities’ prices are
exposed to both the shocks to those commoditigspérdicipate in the indexes held by index
investors, and, to a certain degree, the shocksfftmdex commodities. Finally, all non-US
commodity index investors are also exposed to exghaate shocks, as all commodity indexes

are denominated in US dollars.

When making portfolio allocation decisions, moswéstors categorize assets into broad
categories called stylédBarberis and Sheleifer, 2008tocks within a particular country, index
or industry, value stocks or growth stocks, carballconsidered as style examples. While some

styles persist over the years, such as governmamish financial innovation guarantees the
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appearance of new styles, as is the case for mestamth mortgage-backed securities.
Simplification and performance evaluation are the tmain reasons that individual and
institutional investors follow style investiigrhe former makes the processing of vast amounts
of information relatively easy and efficient, whasehe latter can help evaluate money managers
relative to a performance benchmark specific tar thiyle (Sharpe, 1992)Energy commodity
investing could be considered as a new style imvest, with a plethora of funds and ETFs that
track passive benchmarks of commodity and energtosequity indexes. The work of this
paper could motivate investors, private and instihal, to follow the international energy
industry, a sector that deserves sole attentioe. pidtential benefits of commodity investments
for institutions date at least back Bndie (1980) and especially in the case of insurance
companies and pension funds these benefits arathegminted out inNijman and Swinkels
(2003) Many new energy commodity ETFs and EfMswve come to the market, making it
easier for a retail investor to obtain exposuredmmodities. There are various types of these
Energy Index Funds either based on the construtyjom of the fund (single- or multi-contract,

long-only or bearish, or based on the energy sector they track (beo@dgy or sector specific).

These tracking funds have a number of advantages waditional debt instruments (notes,
bonds, certificates). They offer less expensive lasd risky investment products, while at the
same time providing protection against inflations@ they can provide easy access to a broad
range of investors, a simple way to manage accogigtind disclosure procedures, and can lead
to fewer taxes since in many countries index fugtdms are treated as capital gains and not as
income. An energy ETF can be used by the energysing market players to complete parts of
their existing portfolio or to perform tactical stegies. They can be used for hedging energy
investment risk, portfolio diversification, or ascantrol measure of inflation exposure. To that
end, the proposed methodology offers an effeciawel at the same time inexpensive way to
operate such a fund, giving the full flexibility ahy investment style, long or short, that equities

can provide.

3 Style investing is particularly attractive to istional investors because acting as fiduciafieymust follow
systematic rules of portfolio allocatigBarberis and Shleifer, 20Q3)

* An ETN, although it is structured similar to anfFEExposes the investor to counterparty risk makiagnuch
riskier investment.

® Bearish Energy Index Funds have the same struesiteullish (long-only) funds with the major diféerce that
investors are not only allowed to buy the fund, &lgb to put on a short position (sell the fund).
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Investors that want exposure to spot commoditiésrme, usually cannot invest in the actual
physical products, besides the case of precioualspeind thus seek alternative approaches such
as commodity futures and commodity-related equitidswever, although commodity futures
provide exposure to their respective underlying icadity, as their prices converge to the spot
prices on a monthly basis, the link between lomgiteommodities futures and spot returns is
distorted because of the effect it has on the tstmacture the prevailing backwardation or
contango. This effect has been more profound ianegears, since 2004, when contango started
prevailing in the energy markets. Commodity eqgit® the other hand overcome these term
structure effects, with relevant research showimtrect and powerful link between the returns

of commodity-related equities and their businessted spot commodity prices.

On that note, empirical evidence shows that comtypedarket returns are very similar to
equity-market returns in terms of magnitude, witjuigy-like risk Bodie and Rosansky, 1980;
Nash, 200). The latter finding has recently increased thergst from institutional investors to
integrate commodities in their strategic assetcalion and to develop tactical asset allocation
strategiesNijman and Swinkels (2003gst a tactical switching strategy between comitrexli
and stocks and they find that commodity investmeatsbe beneficial to pension funds within a
mean-variance frameworkirugt et al. (2004use a market timing strategy based on a dynamic
multi-factor approach, to forecast monthly commypadgturns with a broad range of indicators
related to the business cycle, the monetary enwieort, and the general market sentiment; they
find that investors can have superior returns whalowing their timing asset allocation
strategy. It is evident in the literature that ugiluthe early 2000s, commodities and commodity
funds perform well during a financial market dowmtuwhile having at the same time a lower
correlation to equities Qhow et al., 1999; Edwards and Caglayan, 200ith energy
commodities in specific being consistently negdyiveorrelated to equities. AFill and
Eagleeye (2003¢onclude, whenever a commodity investment is oéento act as a diversifier
for equities it needs to be heavily weighted inrggemarkets, as it is the energy complex that

exhibits a persistent negative correlation to eegtit
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Investors generally expect that futures indexesaageod proxy for a spot index, because of the
high correlation between spot and futures priceswvéver, this is not entirely true as according
to Chada (2010)the Spot Commodity Index used in his paper outpaitee respective
Commodity Futures Index by over 5.6 percent perr,yeaen though their correlation is
exceeding 99 percent. The correlation measuretisheomost important factor for determining
which is the best investment alternative, as iyankasures the degree to which two variables
are likely to move together. It does not provideagiequate measure of the magnitude of the
moves, and it also fails to capture the overatidref the variables’ returns over time, especially
as those returns compound. A risk-adjusted retueasure, as the Information Ratio, is a better
and more appropriate performance measure. In additbng-only futures commodity indexes
have little protection against any sudden and langeagnitude downward price spikes, as they
have no ability to sell short, they have inher@nithtions based on the state of the futures curve
(backwardation or contango), and most of them etz only once a year. Furthermore,
investing in a broad commodity futures index doetsraflect any short-term, tactical response to
prices, in either the individual constituents oe #iggregate commodity market, which can be
better captured by investing in a specific segn@nthe commodities markets, such as the

energy sector.

Investing in commodity-relat8dequities is considered to be the best alterndtiveavoiding

some of the inefficiencies of futures returns, ioetl previously, as they can play a crucial part
in providing exposure to the commodity markets. 8aangue that investing in commodities
equities is primarily an investment in equities,iethdoes not significantly help to reduce the
overall volatility of the portfolio, or improve itesk-adjusted returns. The main concern of the
advocates of this argument is that commodities teguiare subject to the actions of their
company’s management in the same manner as fothalt equities, which implies that they can
destroy shareholder value or break the link betwé#lsese stocks and the underlying
commodities’ price movements. Although the aforetioered argument can be valid in some
instances, it is generally accepted that commoeiyities are not too far removed from the

actual commodity, as the value of a commodities gaimy is directly tied to the value of the

® Commodity-related equities are the securitiehosé companies that are mainly engaged in the ptioduand
distribution of commaodities and commodities-relapedducts, the so-called pure-play companies.
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commodities it produces/ trades. The latter co@dustified by the fact that the equity markets
of Russia, Brazil and other emerging market coastthat their economies depend heavily on
commodities, and more specific on energy commaitend thus have a large number of
commodity related listed stocks, have witnessetiravihg performance during every recent
commodities boom. Moreover, there are plenty ohtetsies, and their related opportunities,
connected to energy production, distribution, alade finance that are not directly available to
futures investors, irrespectively of their appraggudssive or active. These opportunities can only

be available to investors via the equities marlatart of the respective companies’ valuation.

In general, any increase in the underlying comnyogitce should result in an increase in the
company'’'s earnings, leading into an increase imestwdder value, which in turn is reflected in
the share priceChada (2010¢onstructs an equally-weighted portfolio of thghtilargest energy
stocks as of December 2009, and then maps thegadgoechanges in revenues and earnings of
these stocks with changes in the WTI spot oil pri¢e concludes that earnings of oil companies
tend to generally relate to the spot price of wdcking it closely both in up and down markets.
Building on the aforementioned, it is believed thatcking the performance of spot energy
prices, as proxied by the proposed in this papet Epergy Index (SEl), can be best achieved
by optimally selecting portfolios of stocks, and shprobably from energy-related stock pools.
With such an investment approach, commodity investan have all the means at their disposal
to protect against any sudden downward price mowm&sn#hat investing in the selected equities
portfolios can deliver, and thus can capture ail #fpha opportunities that a passive futures

index would miss.

3. Benchmark energy index, spot and equity data

Because centralized trading lacks for many comnexjithe most reliable spot prices are for
those that trade active and liquid futures congrasince these are typically used as a pricing
benchmark. In the case of the energy commoditres NYMEX is the world’s largest futures

exchange. Initially, a spot price energy index émstructed, constituted by daily prices of the

following six energy commodities that also tradeifas contracts on the NYMEX

" The main reason for selecting these energy contieedhat trade futures contracts on the NYMEXhiat tsince
most energy commodity futures markets are denomihizt US dollars, the indexes constituted mostlydmal US
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1. Heating Oil, New York Harbour No.2 Fuel Oil, quotedUS Dollar Cents/Galldh(US
C/Gal); hereafter named as “HO”;

2. Crude QOil, West Texas Intermediate (WTI) Spot Caghiquoted in US Dollars/Barrel
(US$/BBL); hereafter named as “WTI”;

3. Gasoline, New York Harbour Reformulated Blendstémk Oxygen Blending (RBOB),
guoted in US C/Gal; hereafter named as “Gasoline”;

4. Natural Gas, Henry Hub, quoted in US Dollars/MilidBritish Thermal Units
(US$/MMBTU); hereafter named as “NG”;

5. Propane, Mont Belvieu Texas, quoted in US C/Galehiter named as “Propane”;

6. PJM, Interconnection Electricity Firm On Peak Pridadex, quoted in US
Dollars/Megawatt hour (US $/Mwh); hereafter namsdrRIM”.

All six energy commodities that are included in thdex, as a result of large volume daily
trading of standardization qualities, serve asdaitdirs of impeding changes in business activity
as they are sensitive to factors affecting bothiesurand future economic conditions. The Spot
Energy Index (SEI) is constructed as an un-weiglgedmetric average of the individual
commodity ratios of current prices to the base quenprices, set at January 31, 2006 until
February 1, 2010. The base date for the SEI isa&nge date that the equity sample is obtained.
Considering that the boom in commodity index inesgts a relatively new phenomenon, recent
data are utilized to test the proposed investmigategy. The index’s construction methodology
is similar to that of the world-renowned CRB Spain@nodity Index. The SEI is designed to
offer a timely and accurate representation of agdonly investment in energy commodities

using a transparent and disciplined calculation.

Geometric averaging provides a broad-based expdsutes six energy commodities, since no
single commodity dominates the index. It also hahgsease the index diversification by giving

even to the smallest commodity within the basketasonably significant weightordon (2006)

commodities will have a smaller currency exposubemthe commodity is produced and delivered inBeln the
case that the marginal buyer of the underlying cowlity is outside the US, then the return to holdihgt

commodity has a large currency exposure. Additiaaakons for the commaodities’ selection are thiodohg: 1)

Quality standardization so that uniform price qtiotzs can be obtained, 2) High trading volume iropen market,
3) Sensitive to changing market conditions.

8 Fuel Oil and Gasoline spot prices that are quinetdS C/gallon are converted into US $/Barrel, makinto

account that there are 42 gallons in one barrell@ddcents per dollar.
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finds that a geometrically weighted index is preddrto alternative weighting schemes, because
the daily rebalancing allows the index not to beeawaer- or, under-weighted. This avoids the
risks that other types of indexes are subject it potential errors in data sources for
production, consumption, liquidity, or other errtiat could affect the component weights of the
index. Furthermore, through geometric averaging $ii¢ is continuously rebalanced which
means that the index constantly decreases (in@e#sexposure to the commodity markets that
gain (decline) in value, thus avoiding the domimatof extreme price movements of individual
commodities. AsErb and Harvey (2006point out, the indexes that rebalance annually
eventually become trend followers because commaulibes movements constantly change the
weightings, whereas those that rebalance daily dtesser to the original intent of the index. In
addition, Nathan (2004)shows that the indexes that use geometric rebagnand thus

rebalance their weightings daily, generally exhiditer volatility.

The mathematical specification used to calculageggometric average Spot Energy Index (SEI)

is the following:

1
n n \n 1 2 n
SE|, = |‘J " 100= g xFox Bow 100, m 1,2, (1)
1= POn PO I:)O I:)On

where, SElis the index for any given day, n represents eaoh af the six commodities

comprising the indexR"is the price of each commodity for any given dand &"is the average

(geometric) price of each commodity in the baséopler

The SEI provides a stable benchmark so that end-usan be confident that historical
performance data is based on a structure that k@eenio both the current and future
composition of the index; making SEI suitable fostitutional investment strategies. The stable
composition of the index is an important elememizause when the composition of an index
changes over time, the average return of the iddes not equal the return of the average index
constituent, especially when indexes are equallighted. The latter makes historical index

performance a bad proxy to prospective index retuthus distorting the information that
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investors seekHrb and Harvey, 2006 Moreover, it is a better means for evaluating th

movement in energy commodity prices because itaseth on spot prices and not on highly
volatile prices for future delivery which are sutij¢o contango and backwardation. The SEI is
the best indicator of the activity and the trenéwvailing in the energy markets, and thus by
default provides a gauge of world growth and anteptial inflationary pressures. Both private

and institutional investors can use the SEI toktras performance, or as a benchmark for
actively or passively managed portfolios. In aduhfi there could be numerous other ways to
invest in the SEI such as OTC swaps, structuredsnot products offered by third-party asset

managers that provide energy commodity exposurehmearked on the index.

As far as the equity data sample is concernedgcitides daily prices for stocks that are picked
from the Dow Jones Composite Average, FTSE 100 Bogespa Composite indexes;
representing two developed, and one developingstarket with a distinct significance in the
global energy scene. The index is also tracked pattifolios that include stocks from a unique
pool of energy related stocks from the US and tiedtbck markets, respectively. These two
energy related equity pools are used because asgdaiScholtens and Wang (2008l related
firms’ earnings are more likely to be affected Imasges in oil prices, as explained by the highly
significant estimated coefficients of the earninggprice factor returns for their total oil firms’
sample. After employing a multi-factor APT model;Mudhaf and Goodwin (1993find that

oil price changes in a period surrounding the 18i¥3hock can explain the return differences in
29 US oil companies that they examine. In additi®ayer and Filion (2007Wwith their APT
model also find that stock returns of Canadian ayil gas companies have a significant
relationship with oil price changes. The selectadrthe equities included in the two pools is
being made according to the Industry ClassificaBemchmark (ICB) jointly developed by Dow
Jones and FTSE (see appendix 1). In the sample theedwo filtered pools include all stocks
from the US and UK stock markets that are engageba various phases of energy production
and processing, listed in the following four sestdr) Oil and Gas Producers, 2) Oil Equipment,
Services and Distribution, 3) Alternative Energgdad) Electricity. After applying the filtering
procedure to the US and UK stock markets, two eneglated stock pools are constructed
hereafter named US Filter and UK Filter, respetyive
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Hence, to test the proposed heuristic approachtameéfficiency of both the DE and the GA as
index-tracking methodologies, five data sets alecsed. All stock prices are closing prices
adjusted for capital gains according to the ansadldividend yield, and they are all obtained on
daily basis for the period January 31, 2006 to &aty 1, 2010 from Thomson Financial
Datastream. All stock prices are in US dollars theftecting the local currency exchange rate
against the USD at every point in time for the pérexamined. Should a company cease trading
due to an event (merger, bankruptcy etc.), withm test period, it is dropped from the sample;
that is why the total number of stocks in the FTISIB and Bovespa pools is less than the total
number of stocks included in each index. Moreoafter adjusting for all US and UK Bank
Holidays, 1,008 observations are sorted to calewdatly returns for each stock. Considering 252
trading days in a calendar year, the heuristic @gugr is tested under various assumptions by
selecting the first year as the in-sample period #re last three years as the out-of-sample
period. The final five data sets have the followmgnber of stocks: N=41 (UK Filter), N=53
(Bovespa Composite), N=65 (Dow Jones Composite #ge), N=77 (US Filter), and N=97
(FTSE 100 Index). See appendix 2 for a detailddfigll stocks used in each pool.

4. Methodology

4.1. Evolutionary Algorithms

EAs have been applied to numerous optimization lprob in business, engineering, cognitive
and applied sciencé&oldberg, 1989)More specifically, since the 1980s, a rapid expam of
their practical and theoretical financial applioas has been witnessed. Some of the applications
include portfolio optimizatiorfLorashi and Tettamanzi, 1996; Beasley et al., 2@0tang et al.,
2009) insurance risk assessmdirtughes, 199Q)technical trading rules and market timing
strategiegBauer, 1994; Neely et al., 1997; Allen and Kaijaa, 1999)time series forecasting
and econometric estimatigiMarimon et al., 1990; Dorsey and Mayer, 1995; haher and
Arnott, 1995; Mahfoud et al., 199®rimarily, there are four paradigms that candsniified as
different techniques that belong to the family ofAsE These are the Genetic Algorithms
(Holland, 1962, 1975)Genetic ProgrammingKoza, 1992, 1994)Evolutionary Strategies
(Recheuberg, 1973and Evolutionary Programmiri§ogel et al., 1996)

21



Evolutionary Algorithms (EAs) are widely used iretbperational research literature for solving
multi-objective optimization problemgCoello Coello, 1999; Deb, 20Q1pand have many
advantages over traditional operational researchniques(Zitzler and Thiele, 1999)Issues
regarding the convexity, concavity, and continusty multiple local optima of the objective
functions do not need to be taken into considematithe main feature that differentiates an
evolutionary search algorithm from other traditibse@arch algorithms such as random sampling
(e.g. random walk) and heuristic sampling (e.gdignat descent), is that it is population based.
Evolutionary algorithms use a population of poitttsearch the space rather than a single point
making them superior to random search. They als@ the advantage of avoiding the hill-
climbing behaviours of gradient-based search dlgms (Sivanandam and Deepa, 2007)
Traditional optimization techniques, such as thadgmt methods, break down due to their
inability to handle the constraint that restrick® thumber of assets included in the tracking

portfolio.

In general, an EA generates a population of paiksatlutions and evaluates the quality of each
one based on a problem-specific fithess functian defines the evolution environment. Because
it is this cost function that guides the searchsapplementary knowledge is needed. In addition
EAs use probabilistic transition rules rather thgaierministic ones, and an encoding of the
search space rather than a single p@fimgdon and Feldman, 1995)sing various operators,

new solutions are generated by selecting the velgtiit population members and then these are
recombined, performing an efficient direct searad shus reducing the uncertainty about the
search space. However, EAs do have some limitatikashe fact that the user cannot easily
incorporate problem-specific information, makingen less efficient than special purpose
algorithms in well understood domains. Another wess is that in differentiable problems an
EA could prematurely converge, or converge to a-zeno gradient point if there is limited

genetic variation left in the population.

Nevertheless, for most real world financial probdera number of unknown factors affect the
multi-objective target functions of large searchacgs. These are complex problems
characterized by irregular features such as maltyptima, nonlinearities, and discontinuities of

the objective function. Many option pricing, tradirules and constrained portfolio optimization
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problems for which a closed form solution is noditable, serve as examples. The ability of the
EAs to handle the solutions of these types of mmwis| and to find the global optimum relatively

fast, strengthens the conclusion that they areagedal and robust optimization technique.

4.2. Genetic Algorithm (GA) and Differential Evolution Algorithm (DE)

The most popular technique in evolutionary compomatresearch is the Genetic Algorithm
(GA). One of the most important steps of the GAhis selection of the individuals used to
produce the successive generations. Any singlevichekl in the population has a chance of
being selected at least once in order to be regextiinto the next generation. There are many
different schemes and their variations that caruged for the selection process such as the
roulette wheel selection, which was the first scaantroduced, the tournament and ranking
selection, scaling techniques and elitist mod@&sldberg, 1989; Michalewicz, 1994The
genetic algorithm used in this paper applies then@ament selection scheme that requires only
the evaluation function to map the solutions tadiglly ordered set, allowing for minimization
and negativity. It is used in this paper, becaudi&e other more conventional schemes, it does
not assign any probabilities. Under this schemadikviduals are randomly selected from the
population, with replacement, with the best indiat being selected to participate in the new
population; each individual represents a vectorpp€es. This process is repeated until N

individuals are selected.

The next most important step in the GA is to seleetscheme of the genetic operators used to
provide the building block of the search mechani$ime two basic operators are the mutation
and the crossover. In the GA variation appliechis paper, real valued representations are used
for both operators as developedMichalewicz (1994)the uniform mutation and the arithmetic

crossover. Let for every variableg, andb, be the lower and upper bounds, respectively. Next,

the uniform mutation selects a random variableviich is set equal to a uniform random

number, i.e.:

()

X;

, U, 0 unif (aj*,bj*), ifj=j*
X;, otherwise
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Under the arithmetic crossover scheme, two compitarg linear combinations of the parents

are generated based on the random number r drammdruniform distributiol; U unif (0,1).

The two new individualsX’ and Y are created based on the following equations:

X'=rX+(1-r)Y ©)

Y =(1-r)X+rY (4)

For each new solution to be reproduced, a paipafeént” solutionsx’ and_Y, is selected from

breeding from the pool selected previously. Hereproducing a “child” solution using the
abovementioned methods of crossover and mutatioewasolution is created which generally
shares many of the characteristics of its “parerfisially, the GA moves from one generation to
the next, selecting and reproducing parent solstiomtil a termination criterion is met. For the
purposes of this paper the process is repeatedeithiér the population converges to the global
optimum (i.e. the optimum solution that satisfibe triteria set) or the pre-specified maximum
number of generations is reached. A more extendigeussion on the genetic algorithms’
functionalities, extensions and applications, canfdund inHolland (1975), Goldberg (1989),
Davis (1991)andMichalewicz (1994)

DE, on the other hand, is one of the latest hearsgiproaches which also belongs to the family
of Evolutionary Algorithms (EAs) and has been depeld byStorn and Price (199%)r solving
nonlinear and non-differentiable continuous spagections. DE is a stochastic optimization
method which can minimize a function capable fodelling the problem’s objectives, while at
the same time incorporate all necessary solutiamstcaints. More specifically, DE has the
following advantages over rival approaches; fastveogence, use of few control parameters,
ability to find the true global minimum irrespectivf the initial parameter values, robustness,
and ease of usgtorn and Price, 1997What is more, DE’s claimed advantages are apparen
when applied to the index tracking probleitaringer and Oyewumi (2008how evidence for
the latter from the Dow Jones Industrial Average amalysing the financial implication of

cardinality constraints for tracking portfolios whesing a subset of its components. DE does
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not use binary encoding or a probability densityction to self-adapt its parameters as a simple
EA,; there are, however, modified GAs that use reahber representation, similar to the one
used in this paper. The DE algorithm has also lesed in other recent studies using hybrid and
multi-objective schemed<(ink et al., 2009; Krink and Paterlini, 201 Jas well as in the context
of loss aversionNMaringer, 2003 and mutual fund replicationZflang and Maringer, 20).0
Other recently proposed algorithmic proceduresuitkelimmune systems (Li et al., 2011), hybrid
algorithms Ruiz-Torrubiano and Suarez, 2QP%obust optimizationGhen and Kwon, 2032
and mixed-integer programming formulatiotizsafiakgoz and Beasley, 2008; Stoyan and Kwon,
2010.

Furthermore, the main difference between the GAtaedDE lies on the schemes used for the
selection process, the mutation and the crossqueators. In the GA, two parents are selected
for crossover and the child is a recombinationhaf parents, whereas in DE three parents are
selected for crossover and the child is a pertighaif one of then{Sarker and Abbass, 2004)
The DE is a self adaptive algorithm, with all pbésisolutions having the same chance of being
selected as parents with no dependence on thegsfitvalue, and at the same time it is also a
“greedy” algorithm, whereas only the best new sotutind its parent are kept. Comparisons on
various benchmark problems show that DE perforniteb@ehen compared to other evolutionary
algorithms(Sarker et. al. 2002, Sarker and Abbass, 20DE]Js proven past performance is the
reason why it is used to solve the index trackimgpfem in this paper, serving as a comparison

methodology next to the modified GA.

There are various approaches with respect to tlyenwaation is computed and to the type of the
recombination operator used to solve the globahopation problem. The general notation, for
the variant schemes/ strategies for the DE algoriéis introduced b$torn and Price (199/is
the following: DE/x/y/lz where, “DE” stands for Ddfential Evolution, “x” specifies the
methodology used to choose the population vectdsetanutated, “y” is the total number of
vector differences that contributes to the difféig@nand “z” indicates the crossover scheme
used. In the optimization problem presented in phaiger the following notation is used, with x =
rand-to-best, y = 1 and z = exp, identifying theE/fand-to-best/1/exp” variant as the most

suitable. “Rand-to-best” indicates that the popafatvectors are selected to compute the

25



mutation values that lie on the line defined by thedomly generated and the best-so-far
vectors; “1” is the number of pairs of solutionosén (how many vector differences contribute
to the differential); and finally, “exp” means thah exponential crossover scheme is used.
Compared to the basic version of the DE, the afergimned scheme is used in this paper

because it enhances the greediness of the algobyhimcorporating the current best vector into
the scheme.

Definition 1: Let u;.,,be the trial vectory; .., the mutant vectok; . the parent solution
from the current generation &, ., x; . and x;, ., three randomly chosen integer indexes
which are mutually different and also differentrfréhe running index. Define,

Mutation:v; ¢, = X, s +F (x].bi,ﬂ'G - xjr15)+ F (x].rZG - xjr3G)

5)
Cr _ Vji,G+1; UJ- <CR orj = jrand
0SSOVeru ., = _ o 6
X; e Otherwise (©)
u' + 1 f ui + S f Xi
SelectionX; ., = "G.l ( e 1) ( G)
X;s; Otherwise 7)

i=1,2,.NP;r, 1, r,0{ 1,2,.NP}
nzrnzrzi; NP24
j=1,2,.D;y0unif[ 0,1
G=12,G,,

CRO[0,]]

FO[o,2

where NP is the total number of D-dimensional pat@mvectors that represent the population
of the available decision variables for each gei@rawhich also remains constant during the

minimization process. Alsox;, ;iS the best solution of the populatioBRis the crossover

probability that controls the fraction of parametalues that are copied from the mutant, &d

is a real and constant factor that controls for thagnitude of the differential variations

(ijﬁye - x].rlye)and(xjrz]G - Xjr3,G)’ respectively.
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The steps of the DE that describe Definition 1taeefollowing: The first step is the population
structure where a random sample of solution vegtogenerated, after both the upper and lower
bounds for each parameter are specified. A unifprobability distribution for all random

solutions is assumed. Then, for every target vegtgra mutant vectow, ., is generated (eq.

5), which combines other randomly selected popatatiectors. Compared to the basic version
of the DE, the control variable F is introduceddsvio enhance the greediness of the algorithm

by incorporating the current best vectag, ; into the scheme. This step is known as

“mutation”.

Then as a third step, an indgxthat contains randomly chosen numbersfrom the uniform
distributior{O,]], ensures that, .., gets at least one parameter from,,. If u; is less than or
equal to the crossover probability CR, then theamutectorv, .,,is being mixed with the
parameters of another predetermined vector, thetisntparenk ., to produce the so-called
trial vectomu .,,(eq. 6); otherwise, the parameter is copied frora thrget vectox, .
Moreover, the trial parameter with the randomly s#mo indexj, ., iS taken from the mutant

vector to ensure that the trial vector does notidafex This step is known as “crossover”.

jiG "
Finally, during the selection process, to decidetiver or not to keep the trial vectoy,,as a
member of the generati@+1, its cost function is compared with the targettoex , using the
greedy criterion. If the objective function valuktle trial vectoru, .., is less or equal to that of
the target vectox, ;, then it replaces the target vector in the subseiggeneration (eq. 7);

otherwise, the parent solutioq is retained. This final step is known as “selection

As mentioned earlier, in order to use the DE atbari it needs to be fine-tuned using just three
control parameters; the crossover constant (CR);whighting factor (F); and the number of
parents (NP). The CR parameter is responsibledotralling the influence of the parent on the
generation of the offspring, with higher valuesihgva reduced effect. The F parameter controls

the influence of the pair of solutions that calteldhe mutation value (for the variant
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specification used in this paper that includes amlg pait). For most optimization problems, as
a rule of thumb, F and CR should both be set inrédrgge of [0.5, 1], while NP should be
between 5*D and 10*D, where D equals the numbedexfision variables (in the present case
this is the number of available stockByice et al., 2005; Storn and Price, 198ased on the
aforementioned, the combination of F, CR and NR thaised for the optimization problem
solved in this paper is 0.7, 0.5 and 10*D, respetyi The following table summarizes the

parameters used as inputs for both the GA and Ehe D

Table 1: Parameters used as inputs in the algorithms.

Genetic Algorithm (GA)

Solution representatit
Selectiol

Crossove

Crossover probabili
Mutatior

Mutation probabilit
Population siz

Number of generations

Binary with 10 digit:
Tournamen- stochastic with replaceme
Arithmetic - 2 individuals
0.8
Uniform
0.001
100N
200

Differential Evolution Algorithm (DE)

Solution representation
Crossover

Crossover probability
Mutation

Mutation constant
Population size
Number of generations

Space vector R
Exponential
0.5
DE/rand-to-best/1
0.7
10N
100

4.3. Formulating the objective function and its constraints

To test the performance of the proposed heuribtieet different scenarios are examined. In the
first one, both algorithms are tested without rabeing the tracking portfolios for the out-of-

sample period; in the second scenario the porgai@ rebalanced quarterly; and finally, in the
third scenario, the portfolios are rebalanced anamthly basis. In both cases of rebalancing,

transaction costs are taken into consideration. i@ purpose of testing the algorithms under

? Increasing either the population size or the nunabgairs of solutions, in order to compute thetation values,
will increase the diversity of possible movemeritence a balance should be kept to make the algornitiore
efficient (Feoktistov and Janagi, 2004)
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these three scenarios is to examine whether budimgy additional information in the index-
tracking algorithm — by regular rebalancing of theetfolio - is more rewarding than buying the

initial selected portfolio and holding it throughdhbe test period.

For each case examined, N number of stocks arewitith the in-sample time period [1,2..,T]
and the price of the index tracked. The goal iscteate tracking portfolios consisting of
maximum K stocks (K<N), and replicate the trackedex during the out-of-sample period [T,
T+At]. The tracking portfolios are created based angtocks that the algorithms choose, using
every time the available data from the in-sampleoge To decide which stocks will form the

tracking portfolio two main objectives are employ#te tracking error and the excess return.

The tracking error (TE) is defined by the p-norm as

o |-

1 T P

TE=?||rt—R||p={Z|rt—R| ] ; p>0, (8)
t=1

wherer, and R are the returns for the tracking portfolio and ithgex respectively. Portfolios’

returns are adjusted for transaction costs whealaabing occurs; 0.5% per transaction. For p =
2, the p-norm is equal to the Euclidean norm whmbresents the Root Mean Squared Error
(RMSE) as expressed by the following equation:

TE = RMSE = /i(rt—R) IT. 9)

The tracking error is measured with the RMSE doter which according tdeasley et al.

(2003) is one of the most effective measurements for addrg this type of index tracking

problems. Using only the variance {)(rt—R)|t:1,...,T} as a tracking error measure (see

Franks, 1992; Pope and Yadav, 1994; Connor andntdel&d995; Buckley and Korn, 1998;
Larsen and Resnick, 1998; Rohweder, 1998; Wang9)1@8uld potentially lead to erroneous

results, as the tracking portfolios would constanthderperform the index because they would
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ignore the bias proportidn - R ).For example, letM >0be a constant, when =R -M Ot

the tracking portfolio has a zero tracking errout kvill always underperform the benchmark
index.

The mean Excess Return (ER) over that of the beadhnmdex is given by the following

equation:
T

ER=>(r-R)/T. (10)
t=1

Excess return gives a competitive advantage tdradex fund that can historically show returns

over and above the index, even at the cost of hehigegree of tracking error. It can be a
measurement for distinguishing between competimgl§ubesides the amount they charge for
participation. The complete formulation of the ajees and constraints used to solve the index

tracking problem is the following:

Minimize: AxRMSE-(1-1)xER (11)
N
Under the constraintsy P, x =C (12)
i=1
zeC<P;x<zC Ui=1..N;e2 0.05*C (13)
N
> z<K (14)

x =20, z0O{03} Oi=1..N

wherel (OS/l < 1) is the generalised minimization objective for thdex tracking problem; a

metric controlling for the trade-off between trauierror and excess return. In case 1, the
tracking portfolio has as its main objective to miize the tracking error (pure index tracking),
whereas when. = 0, the portfolio’s main goal is to maximize te&cess return. The first
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constraint ensures that the value of the portfatithe end of the in-sample period will be equal

to the available capital to the investor, C. Usthg rolling window method, the same rule

applies for every rebalancing period. In additi®}, is the price of stock at time T, whereas,

is the weight of each stock that participates ia titacking portfolio. The last two constraints
relate to the weights and total number of eachigypating stock in the portfolio; variable

represents the minimum weight of each stock sB%@bf the available capital, and variable z is
a decision variable which takes the value one {zetten a stock is (is not) included in the

basket. Finally it is assumed that all portfolios Bbng-only and also fully invested.

5. Empirical results

5.1. Tracking the Spot Energy Index

After developing an investable model for seekinyines comparable to the Spot Energy Index,
the performance characteristics of the proposedesgty are examined. This section presents the
empirical evidence on index tracking in the energgnmodity markets using equity portfolios.
The size of the five test problems ranges from BLlUK Filter) to N = 97 (FTSE 100 Index);

in the case of the Bovespa Composite N = 53, ferDbw Jones Composite Average N = 65,
and for the US Filter N = 77. The stocks picked limth the DE and the GA from the
aforementioned stock pools are used to track thi@neance of the SEI. The initial capital of
the investment portfolio is set equal to C = $100,0Figures 1 and 2 show the convergence of
both the DE and the GA during the in-sample periodthe Spot Energy Index with the
Bovespa, DJIA, FTSE 100, UK Filter and US Filteskets respectively. The case considered in
the two graphs is for monthly rebalancing, witt0.6 and portfolios of maximum 15 stocks. In
the empirical analysis, tracking portfolios consigtof maximum K stocks are used with K = 10,
15, and 20. This aligns with the findings ©fiang et al. (200%hat investors should include in
their tracking portfolios about one third of theéaloassets included in the search space, since
those tracking portfolios that included more assetsstantly underperformed. In another study,
Maringer and Oyewumi (20078how that including roughly 50% of the availabkesets is
satisfactory enough to get the desirable propeitigbe tracking portfolios. Different attitudes
corresponding to three different trade-offs betwémcking error and excess return are also

considered, with. = 0.6, 0.8, and 1, thus, moving from maximisingess return to minimising
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tracking error. Then, the heuristic is repeatedti@es with the same set of parameters per run,
from which the best solution is chosen.

Figure 1: DE convergence, during the in-sample period, ofSpet Energy Index with the

Bovespa, DJIA, FTSE 100, UK Filter and US Filteskets, respectively=0.6, with maximum
15 stocks in the basket, rebalanced monthly.
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Figure 2: GA convergence, during the in-sample period, of3pet Energy Index with the
Bovespa, DJIA, FTSE 100, UK Filter and US Filteskets, respectively=0.6, with maximum
15 stocks in the basket, rebalanced monthly.
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Figure 3 presents the performance of a $100K dartfolly invested in three energy commodity
indexes; the SEI, the Dow Jones-UBS Energy Inded,the Rogers Energy Commaodity Index.
The former represents the return available to thlddn of the basket of the physical energy
commodities comprising the SEland the latter total return indexes reflect teeimn on fully
collateralized futures positions. The Dow Jones—lEBS8rgy Sub-Index and the Roger’s Energy
Commodity Index are selected for comparison reasmanst the constructed SEI and the
selected portfolios, as they are two of the mottldished indexes in the market; besides, the
correlation between the energy sub-indexes of atledirknown commodity indexes, such as the
S&P GSCI, is extremely high. From figure 3 it is@lobserved that for most of the out-of-
sample period, the SEI and Rogers Energy have rnpeefib better than the DJ UBS-Energy.

However, especially during the last year, SEI hatperformed both futures based indexes. This

9 The constructed Spot Energy Index tracks the @emiwf the relevant commodities’ spot prices setan upper

bound on the return available to an investor, sihiggores any costs associated with the holdiftp® physical
commodities like storage, insurance etc.
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confirms the fact that futures’ based indexes uesténate the underlying commodity market
price trends in relation to a spot index.

Figure 3: Three-year out-of-sample performance comparisdangf-only portfolios invested in
the SEI, Rogers Energy and DJ UBS Energy Indexes.
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Figure 4 shows the relative performance over theé-obsample period of the three
aforementioned commodity indexes next to four fmahindexes, the S&P 500 Composite, the
Dow Jones Composite Average, FTSE 100, and Bové&spaposite. When global markets
entered the recent global economic recession taméwe end of 2007, a big price correction in
both equities and commodities markets followed.isltobserved that energy commodities
delivered higher returns for about one year, utité end of 2008, proving to be a better
investment during the recession period. This figdatigns withWeiser (2003who concludes
that commodity futures, during the period of 190®2, perform well in the early stages of a
recession when usually stocks tend to disapp@botion and Rouwenhorst (200&s well as
Vrugt et al. (2004)also find that during late expansion and earlyesson periods of the
business cycle, commodity returns are generallywaltbeir average, outperforming stocks and

bonds that generally are below their average. Thoecimentioned prove that there is huge
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potential for various timing and index trackingaségies, as the one proposed in this paper, to be
applied to energy commodities markets and deliupegor returns to investors. From figure 4 it
can also be seen that the indexes from the US &nhdduity markets are not capable to follow
the upward trend of energy commodities, exceptBbeespa index that follows rather closely
the high commodities’ returns during the recesgienod, having a faster rebounding during the
last year, outperforming all other equity and cordityoindexes. This reflects the unique energy
significance of Brazil to the global scene, andstiustifies the inclusion in this paper of stocks
from the Bovespa pool to track the performancénef3ElI.

Figure 4: Three-year out-of-sample performance comparisdangf-only portfolios invested in

the three Energy Commodity Indexes, SEI, Rogersdynend DJ UBS Energy, and in the four
benchmark Stock Indexes, FTSE 100, S&P 500, DJ ®mapd Bovespa Comp.
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Next, figures 5 and @isplay the SEI against quarterly rebalanced plodcselected from the
DE and GA respectively. The portfolios consist aiximum 15 stocks and these are the FTSE
100, DJIA, Bovespa, UK Filter and US Filter, redpesty; results are shown far= 1. Looking

at the figures it is observed that during and talsathe end of the recession period, the
benchmark index can be better tracked with the Bpaebaskets followed by the UK Filter
baskets; whereas during the last year it is thd-lli& and DJIA baskets that perform better. The
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portfolios comprising of optimally selected energlated stocks can successfully track the SEI,
generating similar returns for most of the out-afrple period. This is in line witHammoudeh

et al. (2004)who conclude that WTI spot prices and their respecNYMEX future prices
explain the stock price movement of oil relatedhBr with the spot and futures prices volatility
having a volatility-echoing effect on the respeetistock prices. However, there are
contradictory views in the literature &shneeweis and Spurgin (19€0nclude that direct stock
and bond investment cannot provide consistent rigklrn attributes similar to various
commodity and managed futures indexes. In thisystilng US Filter and UK Filter results verify
that when energy related stocks are selected,cdmepetter replicate the risk and return trade-off
of the SEI. The same applies for the Bovespa badgiete the Brazilian stock exchange has a
large number of energy and commaodity related list@ehpanies that would closely follow any
developments in the international energy marketaddition, between the DE and GA selected
portfolios, from the graphs it seems that the tadtges can follow more closely the performance
of the SEI, achieving highest excess returns feffithal out-of-sample year.

Figure 5: Out-of-sample tracking of the Spot Energy Indexhwite Bovespa, DJIA, FTSE 100,
UK Filter and US Filter baskets, respectively0.8, with maximum 15 stocks in the basket,
rebalanced quarterly using the DE.
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Figure 6: Out-of-sample tracking of the Spot Energy Indexhwite Bovespa, DJIA, FTSE 100,
UK Filter and US Filter baskets, respectively0.8, with maximum 15 stocks in the basket,
rebalanced quarterly using the GA.
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Table 2 presents the root mean squared errorshenchéan excess returns of both the Genetic
and Differential Evolution algorithms employed, enall three rebalancing strategies; buy-and-
hold, monthly, and quarterly rebalancing. Usingrfal statistical evaluation criteria, the better
tracking performance of the UK Filter and US Filberskets is also confirmed. In terms of the
competing portfolios’ RMSEs, the DE is more coresistacross the various portfolios, whereas
the GA selects portfolios that exhibit larger difieces between the worst and best performing
ones. Additionally, in general GA tends to seleattfolios that have a lower tracking error and
thus track better the benchmark index when comparéae ones selected from the DE. Another
interesting observation is that, although the RM&iEs improved when rebalancing occurs,
increasing the frequency from quarterly to monthdg only a marginal effect. These results are
more profound for the portfolios selected by the &l align withDunis and Ho (2005yvho

find that when comparing alternative rebalancinggfrencies, a quarterly portfolio update is
preferable to monthly, semi-annual or annual realions. In terms of their excess returns, in

most cases, the portfolios selected by the GA tenoutperform the ones selected by the DE.
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The UK Filter and US Filter baskets, that also htneelowest tracking errors (see panels D and
E), have excess returns that in some cases argvppsidicating that the selected portfolios, on
average, over the out-of-sample period, over-perfthe SEI. In the case of the US Filter
baskets selected by the GA, the index is constamitperformed in terms of excess returns
(8.10% for K=20 and=0.6 under monthly rebalancing, and 6.14% for K=at6lA=0.6 under
guarterly rebalancing); there is only one exceptamboth rebalancing frequencies wheril
and K=10 where the portfolios under-perform theeidThis is an indication that the trade-off
criterion does work, and leads to portfolios thampromise any excess return over a better
tracking performance as expressed by the smalleéSBRMThus, taking into account the fact that
commodity indexes performed better compared tdittacial indexes over the three-year out-
of-sample period (except the Bovespa Compositefiger 4), with the methodology employed
the performance of the SEI is closely replicatentj &n the case of the energy related stock

portfolios the benchmark index is even outperformed

Table 1: Index tracking performance of selected portfolios.

Our sample spans from February 15, 2006 to Febrd&r2009. The first two years are used as theasitn period whereahé¢
last year is our test period. The tracking portielare created based on the stocks that the Diffarévolution and Geneti
Algorithms choose. To decide which stocks will beliided in the tracking portfolio, we use two mabjectives, the trackn
error and the excess return. K is the maximum nunafestocks allowed to be included in the seledbedkets.\ is the
generaked minimization objective for the index trackipmpblem; in the case thattakes the value of 1, the tracking portft
has as its main objective to minimize the trackémgr, whereas, whek equals 0 the portfolio’s main goal is to maximibhe
excess return. Our tracking portfolios include stockskpd each time from the Dow, FTSE 100, Bovespa, Rilker and U¢
Filter stock pools which contain N = 65, 97, 53, ddd 77 stocks, respectively. Panels A, B, C, ®Emeport the out-afample
daily Rmot Mean Squared Errors (RMSE) and mean daily pesigen%) Excess Returns, as defined in equatiaB3 §ad (5.9
respectively. We also report the results for montiid quarterly rebalancing. Under both rebalansingtegies the weightsf
the tracking portfolios are estimated based oratralable data in the rolling window sample period (one year), every mc
and quarter, respectively. Portfolios’ returnsadpisted for transaction costs of 0.5% for eaahstmation.

No Rebalance Monthly Rebalance Quarterly Rebalance
RMSE Mean ER (%) RM SE Mean ER (%) RMSE Mean ER (%)
(K) () DE GA DE GA DE GA DE GA DE GA DE GA

Panel A: Bovespa
10 0.6 0.0346 0.0344 0.0136 0.0324 0.0331 0.0329.0432 -0.0104 0.0333 0.0332 -0.0389 0.0134

0.8 0.0343 0.0359 0.0176 0.0347 0.0330 0.0326 48m0 -0.0471 0.0332 0.0329 -0.0438 -0.0416
1 0.0343 0.0362 0.0189 0.0133  0.0330 0.0327 4®05 -0.0689 0.0333 0.0332 -0.0472 -0.0236
15 0.6 0.0345 0.0359 0.0161 0.0239  0.0331 0.0327.0420 -0.0063 0.0333 0.0332 -0.0411 -0.0148
0.€ 0.034: 0.036. 0.018: 0.033¢ 0.033C 0.0327 -0.048" -0.029¢ 0.033: 0.033: -0.0431 -0.028(
1 0.0343 0.0356 0.0180 0.0238 0.0330 0.0327 3305 -0.0418 0.0332 0.0333 -0.0442 -0.0312
20 0.6 0.0345 0.0354 0.0148 0.0233 0.0331 0.0331.043® 0.0094 0.0333 0.0335 -0.0417  0.0209
0.8 0.0343 0.0358 0.0186 0.0329 0.0330 0.0327 4880 -0.0052 0.0332 0.0333 -0.0427  0.0000
1 0.0343 0.0357 0.0164 0.0284 0.0330 0.0328 -0.0540.0346 0.0333 0.0334 -0.0461 -0.0210

Panel B: DJIA
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10 0.6 0.0319 0.0328 -0.0232 -0.0257 0.0318 0.0319.0479 -0.0115 0.0319 0.0319 -0.0302 -0.0243
0.8 0.0319 0.0330 -0.0238 -0.0210 0.0318 0.0316.051@ -0.0312 0.0318 0.0318 -0.0323 -0.0273
1 0.0319 0.0330 -0.0249 -0.0218 0.0318 0.0313 05&2 -0.0274 0.0319 0.0317 -0.0314 -0.0172
15 0.6 0.0320 0.0329 -0.0244 -0.0200 0.0319 0.031H.0503 -0.0332 0.0319 0.0318 -0.0297 -0.0172
0.8 0.0319 0.0330 -0.0240 -0.0250 0.0318 0.0314.051% -0.0244 0.0319 0.0319 -0.0311 -0.0192
1 0.0319 0.0328 -0.0246 -0.0239 0.0318 0.0313 054 -0.0410 0.0319 0.0319 -0.0314 -0.0283
20 0.6 0.0319 0.0328 -0.0228 -0.0251 0.0319 0.0319.0514 -0.0239 0.0319 0.0319 -0.0313 -0.0005
0.8 0.0319 0.0329 -0.0235 -0.0289 0.0318 0.0315.05Z® -0.0300 0.0319 0.0318 -0.0301 -0.0332
1 0.031¢ 0.032¢ -0.025! -0.032¢ 0.031¢ 0.031¢ -0.050¢ -0.034« 0.031¢ 0.0317 -0.030¢ -0.005:
Panel C: FTSE 100
10 0.6 0.0315 0.0318 -0.0450 -0.0359 0.0309 0.0299 059¥ -0.0260 0.0308 0.0303 -0.0438 0.0106
0.8 0.0317 0.0316 -0.0469 -0.0246 0.0309 0.0302.07a1 -0.0416 0.0309 0.0305 -0.0475 -0.0255
1 0.0316 0.0314 -0.0495 -0.0193 0.0310 0.0300 0735 -0.0635 0.0310 0.0307 -0.0461 -0.0334
15 0.6 0.0315 0.0318 -0.0512 -0.0253 0.0309 0.0303 0O67@t -0.0327 0.0308 0.0303 -0.0468 -0.0180
0.8 0.0316 0.0313 -0.0477 -0.0220 0.0309 0.0302.063% -0.0449 0.0309 0.0306 -0.0416 -0.0127
1 0.0316 0.0312 -0.0490 -0.0175 0.0310 0.0303 0692 -0.0682 0.0310 0.0306 -0.0456 -0.0349
20 0.6 0.0315 0.0317 -0.0507 -0.0271 0.0309 0.0303 O7ah -0.0311 0.0308 0.0305 -0.0442 -0.0092
0.8 0.0316 0.0313 -0.0484 -0.0297 0.0310 0.0303.0681 -0.0656 0.0309 0.0305 -0.0445 -0.0145
1 0.0316 0.0313 -0.0492 -0.0245 0.0310 0.0301 06 -0.0600 0.0310 0.0306 -0.0449 -0.0208
Panel D: UK Filter
10 0.6 0.0318 0.0309 -0.0900 -0.0834 0.0299 0.0294 0742 0.0019 0.0300 0.0296 -0.0681 -0.0032
0.8 0.0315 0.0312 -0.0818 -0.0834 0.0300 0.0290.068D -0.0725 0.0301 0.0296 -0.0611 -0.0412
1 0.0317 0.0307 -0.0809 -0.0751 0.0300 0.0292 0748 -0.1371 0.0301 0.0297 -0.0632 -0.1049
15 0.6 0.0312 0.0309 -0.0825 -0.0519 0.0299 0.0294 0782 -0.0427 0.0300 0.0298 -0.0711 -0.0341
0.8 0.0313 0.0309 -0.0847 -0.0408 0.0300 0.0293.07ZD -0.0501 0.0300 0.0296 -0.0707 -0.0410
1 0.0313 0.0308 -0.0846 -0.0531 0.0300 0.0293 0782 -0.1083 0.0301 0.0297 -0.0601 -0.0459
20 0.6 0.031: 0.030¢ -0.079¢ -0.058¢ 0.029¢ 0.0297 -0.076¢ -0.050¢ 0.030C 0.029¢ -0.0717 -0.044¢
0.8 0.0311 0.0303 -0.0858 -0.0451 0.0299 0.0294.0782 -0.0790 0.0300 0.0298 -0.0697 -0.0391
1 0.0311 0.0304 -0.0763 -0.0516 0.0300 0.0295 074¥.  -0.0794 0.0301 0.0296 -0.0676 -0.0494
Panel E: US Filter
10 0.6 0.0307 0.0329 -0.0258 -0.0442 0.0306 0.0297 044® 0.0710 0.0309 0.0307 -0.0364 0.0249
0.8 0.0308 0.0321 -0.0265 -0.0780 0.0309 0.0295.06a@B 0.0607 0.0310 0.0300 -0.0345 0.0240
1 0.0309 0.0318 -0.0234 -0.0314 0.0310 0.0294 0688 -0.0278 0.0310 0.0298 -0.0367 -0.0172
15 0.6 0.0307 0.0321 -0.0246 -0.0581 0.0309 0.0306 049y, 0.1241 0.0310 0.0308 -0.0322 0.0614
0.8 0.0308 0.0327 -0.0244 -0.0511 0.0309 0.0296.05« 0.0212 0.0310 0.0301 -0.0336 0.0016
1 0.030¢ 0.032: -0.025¢ -0.056¢ 0.030¢ 0.029¢ -0.064¢ -0.0027 0.031( 0.030: -0.034: 0.020:
20 0.6 0.0307 0.0327 -0.0261 -0.0668 0.0309 0.0301 054m 0.0810 0.0310 0.0308 -0.0274 0.0345
0.6  0.030¢ 0.031¢ -0.025. -0.032( 0.030¢ 0.029¢ -0.060¢ 0.021C 0.031C 0.030: -0.032¢ 0.036¢
1 0.030% 0.031: -0.022¢ -0.064¢ 0.030¢ 0.029¢ -0.066: 0.007: 0.031( 0.030: -0.035: 0.012¢

Now in terms of the risk/ return trade-off)( it is observed that results are very similamizsn
portfolios where\=0.8 and 1. In most cases, the risk/ return trdtieriierion tends to perform
well, selecting portfolios with higher returns aaldo relatively higher RMSEs. Moreover, the

portfolios selected by the GA tend to be more csiest when the risk/ return trade-off rule is
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applied, compared to the ones selected by the DErdD, when considering both the tracking
performance and the excess returns of the variarfopos, those withA=0.8 should be
preferred. As far as the maximum number of stock&eroon is concerned, in all three
rebalancing scenarios, portfolios with K=10 tencp&sform worst in terms of RMSEs but they
do slightly better in terms of excess returns,doth the DE and GA selected portfolios. This is
also an indication that the more stocks are induidethe portfolio, the higher the transaction
costs when a rebalancing occurs. Overall, it isyested that portfolios with a maximum of 15
stocks should be selected, as there still seerbg t@ valuable compensation for the additional

information and diversification when rebalancinga@st the extra rebalancing costs.

According to the results, for both algorithms, mdytrebalancing is overall the best option in
terms of RMSEs, closely followed by quarterly relmaing; whereas when looking at excess
returns, quarterly rebalancing appears to improwmgfgio performance. This last observation
can be confirmed by figures 8 and 10 where the WterFbaskets selected by the DE and GA,
respectively, are plotted, with K=20 andl, for all three rebalancing frequencies. Alsonir
figures 7 and 9 it is clearly seen that for the &pa baskets, the buy-and-hold strategy performs
better than both the quarterly and monthly rebatancrhe return of a buy and hold portfolio
may be higher than that of a rebalanced portfol@nvtransaction costs are considered, but it is
important to determine the source of the higharrrgtwhether it is greater capital efficiency as
expressed by a higher Sharp or Information ratrogreater risk.Plaxco and Arnott (2002)
showed that rebalanced portfolios typically havghbr Sharpe ratios than buy-and-hold
portfolios; a finding that suggests that the pdssdutperformance of a buy-and-hold portfolio
may be the result of greater risk. Results are rapparent for the GA portfolios, as for the DE
portfolios the difference between monthly and qerdytrebalancing is only marginal. In the case
of the UK Filter basket, picked by the GA, thereaais obvious difference in performance when
rebalancing quarterly, against a monthly rebalagich more in depth analysis comparing the
portfolios’ information ratios is presented in tfalowing section. On average, based on the
results from table 2, K=15 arig0.8 is the most desirable combination providing ltest results
for most tracking portfolios. Although it is up the investors’ risk/ return appetite to decide
whether rebalancing their portfolio quarterly, wihimcomes with an extra cost, it is better than no
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rebalancing at all. The same applies and as tohehgt0.8 should be used compared to a more
risky trade-off wheri=0.6.

Figure 7: Out-of-sample performance of the Bovespa portfalict;,, with maximum 20 stocks in
the basket, under the three rebalancing frequeasisglected by the DE.
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Figure 8: Out-of-sample performance of the UK Filter portboli=1, with maximum 20 stocks
in the basket, under the three rebalancing fredasras selected by the DE.
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Figure 9: Out-of-sample performance of the Bovespa portfali;, with maximum 20 stocks in
the basket, under the three rebalancing frequeasisglected by the GA.
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Figure 10: Out-of-sample performance of the UK Filter portioli=1, with maximum 20 stocks
in the basket, under the three rebalancing freqesras selected by the GA.
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5.2. Statistical properties of selected portfolios

Tables 3, 4 and 5 present some distributionalssitzdi of the selected portfolios’ returns under
the buy-and-hold, monthly and quarterly rebalanciagpectively. Also, in panel F of each

aforementioned table, the statistics and relevarfopnance measures for the following indexes
are reported for comparison reasons: two Total iRefmergy Commodity Indexes, the DJ UBS-
Energy and Rogers Energy Commodity, the three stodé&xes used to draw stocks from to
construct the tracking portfolios, Bovespa, DJIAl &TSE 100, and finally the most commonly
used benchmark in the finance industry, the S&P. 2@cording to the historical annualised

volatilities for the out-of-sample period, the SElmore volatile than the DJ UBS-Energy and
Rogers Energy Commodity Indexes; 48.40% as comparé®.21% and 41.11% respectively.

The respective volatility of the equity indexesnsthe range of 27% to 38%. However, when
comparing the information ratios, only the Bovespiex is able to generate a better risk-return

performance compared to the SEI.

Table 2: Distributional statistics of portfolios' daily rens.

This table presents the annualised returns andiliteda of the tracking portfolios, the skewnessdakurtosis, the correlation
coefficient between the returns of the benchmadexnand the portfolio that is used each time tdicege this benchmark, and
the Information Ratio, under the No Rebalancingtsgy. The Information Ratio (IR) is the ratio aich portfolio’s return above
the return of the benchmark index to the volatibifythose returns. It measures the ability of tletfplio to generate excess
returns relative to the benchmark index, and atstivee time suggests consistency of performancelRltan be expressed as
the following ratio: IR = (Mean Excess Return of tRortfolio) / (Excess Returns’ Volatility). PanélsB, C, D and E represent
the portfolios that include stocks picked each tfroen the Dow, FTSE 100, Bovespa, UK Filter and Eiifer stock pools. Panel
F presents, for comparison reasons, the relevafdrpgnce measures for two Total Return Energy Codity Indexes, the DJ
UBS-Energy and Rogers Energy Commodity, for thedhstock indexes used to draw stocks from in orleronstruct the
tracking portfolios, Bovespa, DJIA and FTSE 100 &nally the most commonly used benchmark in tharice industry, the
S&P 500.

No Rebalancing
An. Ret (%) An.Vol. (%) Skewness Ex. Kurtosis Corrdl. (%) Info Ratio
(K) (\) DE GA DE GA DE GA DE GA DE GA DE GA
Pand A: Bovespa
10 0.6 6.44 11.16 40.16 41.03 -0.282 -0.389 7.582 .60%5 24.19 26.22 0.062 0.149
0.8 7.44 11.7¢ 39.2% 453 -0.31¢ -0.32¢ 7.81% 593 24.01 26.1¢ 0.081 0.15:%
1 7.76 6.37 39.34 47.10 -0.320 -0.304 7.658 4.8224.17 27.68 0.087 0.059
15 0.6 7.06 9.03 39.85 44.92 -0.272 -0.299 7.748 313%. 23.89 25.48 0.074 0.106
0.8 7.56 11.42 39.27 47.02 -0.311 -0.359 7.732 5045 23.95 27.63 0.083 0.147
1 7.5 9.0C 39.4¢ 45.61] -0.327 -0.37¢ 7.56( 5.108 2428 27.7( 0.08: 0.10¢
20 0.€ 6.7% 8.8¢ 39.9¢ 44.2¢ -0.27¢ -0.26( 7.63% 551: 24.1C 26.6¢ 0.06¢ 0.10¢
0.8 7.68 11.29 39.54 45.01 -0.307 -0.350 7.608 45.9 24.40 26.04 0.086 0.146
1 7.14 10.16 39.72 45.09 -0.324 -0.337 7.389 5.60.74 26.69 0.076 0.126
Panel B: DJIA
10 0.€ -2.8¢ -3.4¢€ 22.1¢ 31.14 0.571 0.40¢ 11.67« 11.82¢ 123 19.8¢ -0.11¢ -0.12¢
0.8 -2.98 -2.28 21.50 32.93 0.490 0.390 11.175 2201, 11.55 21.07 -0.118 -0.101

43



1 -3.28 -2.48 21.44 31.48 0.366 0.547 10.852 22.511.10 19.31 -0.124 -0.105

15 0.6 -3.14 -2.03 22.69 31.68 0.563 0.546 12.006 2.512  12.66 19.97 -0.121 -0.096
0.8 -3.05 -3.31 22.02 32.20 0.489 0.240 11.446 9Q®. 12.04 20.23 -0.119 -0.120

1 -3.20 -3.01 21.86 32.17 0.426 0.394 10.942 S41.611.76 21.26 -0.122 -0.115

20 0.6 -2.73 -3.33 22.55 32.03 0.515 0.220 11.4180.75D 12.83 20.96 -0.113 -0.122
0.8 -2.91 -4.27 22.18 32.85 0.463 0.130 10.919 488. 12.18 2196 -0.117 -0.139

1 -3.38 -5.13 21.65 31.66 0.403 0.250 10.538 39.911.57 20.61 -0.126 -0.156

Panel C: FTSE 100

10 0.€ -8.34 -6.04 28.2: 31.6¢4 -0.05¢ -0.231 6.34¢ 6.94¢  23.5( 2581 -0.227 -0.17¢
0.8 -8.82 -3.18 28.84 30.89 -0.080 0.013 6.418 73.2 23.06 2595 -0.235 -0.123

1 -9.47 -1.87 29.44 30.66 -0.104 0.021 5.995 (.3023.98 27.03 -0.248 -0.098

15 0.6 -9.90 -3.37 28.64 30.53 -0.110 -0.108 6.347 6.971  24.03 24.67 -0.258 -0.126
0.8 -9.01 -2.54 28.99 30.12 -0.077 -0.044 6.360 176. 2351 26.91 -0.239 -0.112

1 -9.33 -1.41 29.16 30.44 -0.080 0.041 6.207 ®.9123.71 27.35 -0.246 -0.089

20 0.6 -9.76 -3.83 28.49 30.41 -0.091 -0.183 6.3936.922 23.82 24.94 -0.256 -0.136
0.8 -9.20 -4.48 28.84 32.12 -0.063 0.021 6.499 8%.5 23.75 29.06 -0.244 -0.151

1 -9.38 -3.18 29.11 32.57 -0.080 -0.001 6.133 36.1 23.78 29.67 -0.247 -0.125

Pand D: UK Filter

10 0.6 -19.68 -18.02 30.55 29.32 -0.006 -0.250 29.1 5.788 24.55 28.13 -0.449 -0.429

0.8 -17.60 -18.01 29.29 30.23 -0.109 -0.114 9.1515.918 24.65 27.38 -0412 -0.424
1 -17.37  -15.93 29.84 29.62 0.020 -0.404 10.024 .824 24.47 29.50 -0.405 -0.389
15 06 -17.78 -10.08 29.25 31.89 -0.336 -0.712 7.53 4.866 26.08 30.75 -0.419 -0.266
0.8 -18.35 -1.27 29.06 31.87 -0.241 -0.628 8.014 .015 25.46 30.85 -0430 -0.209
1 -18.31  -10.37 29.00 30.59 -0.235 -0.658 8.539 .74GF 25.51 29.82 -0429 -0.273
2C 0.€ -17.0¢ -11.7¢%  28.7¢ 30.2¢ -0.361 -0.70¢ 7.77¢ 4.80¢ 26.0¢ 30.9¢ -0.40¢€ -0.30¢
0.8 -18.61 -8.36 28.68 2851 -0.323 -0.723 7.597 .314 26.13 30.49 -0438 -0.236
1 -16.23 -9.99 28.20 28.48 -0.362 -0.808 7.526 11%. 25.88 29.77 -0.390 -0.269
Panel E: US Filter
10 0.6 -3.49 -8.14 18.71 36.75 0.378 -0.125 16.7447.485 17.50 2728 -0.133 -0.213
0.8 -3.68 -16.65 18.87 30.59 0.487 -0.031 19.319 .30% 16.69 22,75 -0.137 -0.385
1 -2.89 -4.91 18.82 31.54 0.344 0.182 19.821 9Bl.9 16.14 25.83 -0.120 -0.157
15 06 -3.21 -11.63 18.93 32.85 0.531 0.528  18.38%6.749 17.68 25.64 -0.127 -0.287
08 -3.14 -9.86 18.98 35.24 0.467 0.240 20.067 53®. 16.81 26.05 -0.126 -0.248
1 -3.39 -11.26 18.96 34.46 0.617 -0.104 21.177 5748. 17.00 27.26 -0.131 -0.279
20 06 -3.56 -13.83 19.05 33.98 0.526 0.374  17.7915.279 17.95 2428 -0.135 -0.324
08 -3.32 -5.06 19.06 33.69 0.611 -0.091 20.461 877. 16.95 2794 -0.129 -0.159
1 -2.69 -13.35 18.98 26.94 0.474 -0.361 21563 1M®.3 17.35 2435 -0.117 -0.332

Pand F: Indexes An.Ret. (%) An.Vol. (%) Skewn. Ex.Kurt. Correl. (%) Info Ratio
SEI 3.01 48.40 0.094 2.283 - -
Bovespa 13.21 38.04 0.026 4.875 20.09 0.185
DJIA -7.07 28.0% -0.05:¢ 4.63¢ 12.9C -0.191
FTSE 100 -6.01 27.42 -0.009 5.374 24.34 -0.182
S& P500 -9.46 30.07 -0.162 5.999 14.51 -0.235
DJ UBSEnergy-TR -18.94 36.21 -0.166 1.102 43.83 -0.477
Roger s Energy Commodity-TR -6.15 41.11 -0.189 2.099 44.02 -0.192
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Table 3: Distributional statistics of portfolios' daily rets.

For furtrer details, see notes in previous t.

Monthly Rebalancing
An. Ret (%) An. Vol. (%) Skewness Ex.Kurtosis Correl. Info Ratio
(K) (») DE GA DE GA  DE GA DE GA DE GA DE GA
Pand A: Bovespa
1C 0.€ -7.8¢ 0.3¢ 35.0¢ 37.7: -0.68¢ -0.61¢ 7.39( 5.73¢ 23.7¢ 28.52 -0.207 -0.05(
0.8 -9.09 -8.87 34.67 36.78 -0.670 -0.653 7.242 68®. 23.79 28.43 -0.231 -0.229
1 -10.7¢ -14.3¢ 34.7i 36.32 -0.651 -0.64¢ 7.48¢ 6.39% 23.8¢ 27.61 -0.26: -0.33¢
15 0.6 =177 1.41 35.05 37.50 -0.693 -0.384 7.545 496 23.76 29.05 -0.205 -0.031
0.8 -9.21 -4.51 34.8] 36.9¢ -0.667 -0.571 7.54¢ 7.38¢ 23.8( 28.4( -0.23¢ -0.14¢
1 -10.42 -7.52 34.78 36.19 -0.634 -0.405 7.463 580. 23.87 27.44 -0.256 -0.203
20 0.6 -7.99 5.39 35.04 37.63 -0.689 -0.646 7.536 .73% 23.71 27.51 -0.209 0.045
0.8 -9.30 1.69 34.81 36.13 -0.657 -0.598 7.467 139 23.79 27.05 -0.235 -0.025
1 -10.62 -5.71 34.77 36.57 -0.647 -0.520 7.503 3.5 23.77 27.23 -0.260 -0.167
Panel B: DJIA
10 0.6 -9.06 0.10 19.45 22.79 0.572 0.165 12.589 5987. 8.91 16.14 -0.239 -0.058
0.8 -9.88 -4.85 19.62 22.96 0.554 0.422 13.159 440. 9.21 15.63 -0.255 -0.156
1 -10.14 -3.89 19.63 23.24 0.562 0.424 13418 171D. 9.08 18.05 -0.260 -0.139
15 0.6 -9.68 -5.37 19.63 21.72 0.546 0.304 12.686 .8357 8.80 15.10 -0.251 -0.168
0.8 -9.98 -3.15 19.61 2241 0.573 0.270 13.150 98B.0 9.17 16.58 -0.257 -0.123
1 -9.96 -7.32 19.61 23.45 0.576 0.571 13430 8.9 9.11 18.53 -0.257 -0.208
20 0.6 -9.96 -3.02 19.57 23.26 0.577 0.386 12.735 .34 8.75 16.62 -0.256 -0.120
0.8 -10.32 -4.56 19.63 22.81 0.567 0.174 13.190 243. 8.93 16.41 -0.264 -0.151
1 -9.73 -5.66 19.51 22.86 0.577 0.358 13.330 8.56 9.01 17.53 -0.252 -0.174
Panel C: FTSE 100
10 0.6 -12.05 -3.54 26.26 28.79 0.005 0.008 6.062 .298 24.46 32.96 -0.307 -0.138
0.8 -14.67 -7.47 26.39 29.71 -0.016 0.097 5.871 6958. 24.45 32.29 -0.360 -0.219
1 -15.51 -13.00 26.15 29.76 -0.029 0.100 5.730 65@. 24.13 33.24 -0.377 -0.336
15 0.6 -13.99 -5.23 26.23 29.08 -0.002 -0.179 6.2516.001 24.45 30.85 -0.346 -0.171
0.8 -12.96 -8.31 26.04 29.65 -0.080 0.059 6.050 00@. 24.08 32.12 -0.325 -0.236
1 -14.61 -14.17 26.38 29.44 -0.058 -0.223 6.116 .708 23.85 31.60 -0.357 -0.357
20 0.6 -14.77 -4.84 26.26 29.22 0.002 -0.311 6.2986.610 24.27 31.24 -0.362 -0.163
0. -14.1¢ -13.5¢ 26.3¢ 29.4: -0.011 -0.00z 6.16¢ 7.67¢ 24.0% 31.2¢ -0.34¢ -0.34¢
1 -14.10 -12.11 26.43 29.22 0.019 0.015 6.227 516.8 23.96 32.02 -0.347 -0.316
Panel D: UK Filter
10 0.6 -14.94 3.47 17.80 23.13 -1.134 -0.707 6.974.513 23.12 3142 -0.377 0.010
0.8 -14.14 -15.26 17.61 22.86 -1.060 -1.535 6.8119.672 22.44 33.72 -0.360 -0.397
1 -14.97 -31.53 17.68 23.42 -1.050 -0.925 6.879 .86  22.50 33.09 -0.377 -0.746
15 0.6 -16.70 -7.75 17.72 23.56 -1.175 -0.839 7.074.375 23.16 31.61 -0.415 -0.231
0.8 -15.1:8 -9.62 17.7z 23.5F  -1.14f -0.92¢ 7.07C 5.51« 22.8¢ 3241 -0.381 -0.27:
1 -16.69 -24.28 17.69 23.71 -1.112 -1.054 6.971 .13 22.79 32.60 -0.414 -0.587
20 0.6 -16.25 -9.78 17.71 24.10 -1.167 -0.912 6.8901.482 23.02 30.10 -0.405 -0.271
0.€ -15.9¢ -16.9( 17.6% 24.1¢  -1.14( -0.81¢ 6.98: 4.83¢ 22.9¢ 32.1f -0.39¢ -0.42%
1 -15.83 -16.99 17.64 24.40 -1.105 -0.867 6.832 .255  22.65 31.68 -0.395 -0.427
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Panel E: USFilter

10 0.6 -8.31 20.89 19.22 26.62 -0.755 -0.140 19.51D.044 18.65 31.80 -0.233 0.379
0.8 -12.1¢ 18.31 20.2¢ 25.7¢  -0.74: -0.37¢ 2499 11.89¢ 17.41 32.2¢ -0.30¢ 0.32¢
1 -14.3% -4.0C 20.4¢ 24.9¢  -0.95¢ -0.26( 26.67. 11.69¢ 16.91 32.5¢ -0.35: -0.15(
15 0.6 -9.52 34.28 20.19 27.25 -0.831 0.012 25.5040.244 17.46 27.74 -0.255 0.645
0.8 -11.48 8.34 20.25 26.54 -0.773 -0.118 24.62%.02Zr 17.59 3231 -0.295 0.113
1 -13.33 2.33 20.17 26.56 -0.870 -0.170 25.108 .79 17.60 33.33 -0.333 -0.014
20 0.6 -9.84 2341 20.28 27.26 -0.859 -0.280 25.937.271 17.37 30.34 -0.262 0.427
0.8 -12.20 8.29 20.19 25.34 -0.853 0.180 24.81872®. 17.25 3149 -0.310 0.112
1 -13.67 4.81 20.32 25.5( -0.83¢ -0.367 26.33¢  12.63¢ 17.4¢ 32.7: -0.34C 0.03¢
Ex.
Pand F: Indexes An.Ret. (%) An.Val. (%) Skewn. Kurt. Corrd. (%) Info Ratio
SEI 3.01 48.4( 0.09¢ 2.28:% - -
Bovespa 13.21 38.04 0.026 4.875 20.09 0.185
DJIA -7.07 28.03 -0.053  4.636 12.90 -0.191
FTSE 100 -6.01 27.42 -0.009 5.374 24.34 -0.182
S& P500 -9.46 30.07 -0.162 5.999 14.51 -0.235
DJUBSEnergy-TR -18.94 36.21 -0.166 1.102 43.83 -0.477
Roger s Energy Commodity-TR -6.15 41.11 -0.189  2.099 44.02 -0.192
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Table 4: Distributional statistics of portfolios' daily rets.

For further details, see notesprevious able

Quarterly Rebalancing

An. Ret (%) An.Vol. (%) Skewness Ex. Kurtosis Correl. Info Ratio
(K) (») DE GA DE GA  DE GA DE GA DE GA  DE GA
Pand A: Bovespa
1C 0.€ -6.7¢ 6.3¢ 35.6¢ 38.3- -0.57: -0.58¢ 7.68¢ 7.14¢ 23.7¢ 27.60 -0.18¢ 0.06¢
0.8 -8.04 -7.48 35.39 36.15 -0.541 -0.499 7.696 199. 23.72 26.04 -0.209 -0.200
1 -8.8¢ -2.94 35.4¢ 37.2¢ -0.537 -0.56¢ 7.84¢ 7.791 23.62 26.4¢€ -0.22¢ -0.11:
15 0.6 -7.36 -0.73 35.72 38.38 -0.578 -0.516 7.699 7.113 23.84 28.06 -0.196 -0.071
0.& -7.8¢€ -4.08 35.4¢ 37.3¢ -0.54¢ -0.62( 7.91( 7.93: 23.7¢ 26.8¢ -0.20¢ -0.13¢
1 -8.14 -4.87 35.45 36.76 -0.532 -0.461 7.734 89.8 23.65 25.36 -0.211 -0.149
20 0.6 -7.49 8.27 35.73 38.45 -0.570 -0.494 7.661 .89¢/ 23.95 26.36 -0.199 0.099
0.8 -7.77 3.01 35.42 37.53 -0.544 -0.481 7.675 9.4 23.57 26.21 -0.204 0.000
1 -8.62 -2.29 35.50 37.69 -0.534 -0.485 7.801 ‘B.46 23.64 25.94 -0.220 -0.100
Panel B: DJIA
10 0.6 -4.61 -3.13 19.76 22.72 0.543 0.329 12.944 40 8.96 13.36 -0.151 -0.121
0.8 -5.14 -3.87 19.79 22.40 0.563 0.444 13.201 0A.7 9.13 13.44 -0.161 -0.136
1 -4.90 -1.33 19.76 22.87 0.630 0.437 13.884 4.3 8.97 14.63 -0.156 -0.086
15 0.6 -4.48 -1.33 19.85 22.44 0.536 0.405 12.659 0.196 9.01 13.63 -0.148 -0.086
0.8 -4.83 -1.83 19.80 23.63 0.563 0.210 13.169 4B.7 9.04 14.64 -0.155 -0.095
1 -4.91 -4.12 19.87 24.36 0.600 0.475 13.712 9@.7 897 15.65 -0.156 -0.141
20 0.6 -4.87 2.88 19.84 22.41 0.543 0.335 12.801 5537. 9.00 12.49 -0.156 -0.002
0.8 -4.58 -5.36 19.83 24.40 0.542 0.355 13.054 69.9 9.07 16.10 -0.150 -0.165
1 -4.75 1.72 19.86 23.42 0.587 0.526 13.684 10.84 8.93 15.57 -0.153 -0.026
Panel C: FTSE 100
10 0.6 -8.03 5.68 25.87 28.61 0.040 -0.010 5981 623%. 24.57 30.30 -0.225 0.056
0.8 -8.96 -341 25.82 29.42 -0.019 0.082 5743 88.0 24.11 30.01 -0.244 -0.132
1 -8.62 -5.42 26.14 28.74 0.039 0.018 6.319 8.87624.07 28.52 -0.236 -0.173
15 0.6 -8.78 -1.54 26.18 29.32 0.006 0.060 6.170 37F. 25.07 31.08 -0.241 -0.094
0.8 -7.49 -0.19 26.03 28.89 0.004 -0.026 6.140 09.3 24.12 29.36 -0.214 -0.066
1 -8.47 -5.78 26.26 30.48 -0.016 -0.106 6.310 945 24.01 30.57 -0.233 -0.180
20 0.6 -8.12 0.68 26.12 29.30 0.033 0.091 6.108 467.6 25.00 29.88 -0.228 -0.048
0.€ -8.22 -0.64 26.12 29.0% -0.02:¢ 0.07¢ 6.14( 7.321 24.2: 30.0z -0.22¢ -0.07¢
1 -8.32 -2.24 26.17 29.43 -0.037 0.068 6.138 F.61 23.62 29.92 -0.230 -0.108
Panel D: UK Filter
10 0.6 -14.16 221 18.43 23.56 -1.545 -0.908 11.532.806 22.81 2994 -0.360 -0.017
0.8 -12.40 -7.37 18.40 23.53  -1.540 -1.322 11.748.974 22.59 30.14 -0.323 -0.221
1 -12.91 -23.42 18.47 22.11 -1.506 -1.353 11.699.453 22.38 28.14  -0.333 -0.560
15 06 -1491 -5.58 18.45 23.98 -1.556 -0.908 13.404.967 23.06 28.91 -0.376 -0.181
0.& -14.8] -7.32 18.5i 23.1¢  -1.60z -1.12¢ 12.077  6.81: 22.9¢ 30.0¢ -0.37¢ -0.22(
1 -12.13 -8.57 18.59 24.84 -1.560 -0.947 11.759.09%  22.40 30.45 -0.317 -0.245
20 0.6 -15.06 -8.22 18.38 24.71 -1.595 -1.115 18.616.180 22.97 29.35 -0.379 -0.237
0.€ -14.5¢ -6.8¢€ 18.3¢ 24.8¢  -1.60( -0.99¢ 11.91C 5.19: 22.7¢ 30.2¢ -0.36¢ -0.20¢
1 -14.03 -9.44 18.48 23.93 -1.611 -1.037 11.846.24  22.36 3048 -0.357 -0.265
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Panel E: USFilter

10 06 -6.16 9.29 20.51 26.77 -0.303 0.650 28.726.322  17.51 26.39 -0.187 0.129
0. -5.7C 9.0€ 20.6¢ 24.5¢  -0.24¢ 0.01¢ 27.64: 6.26¢ 16.98 28.3( -0.177 0.12%
1 -6.2° -1.38 20.6¢ 24.2:  -0.28¢ -0.217 29.10¢  7.64] 17.5% 29.0¢ -0.18¢ -0.09]
15 06 -5.12 18.48 20.57 26.87 -0.252 -0.104 28.952.516 17.48 25.97 -0.165 0.317
0.8 -547 3.41 20.63 25.42 -0.200 -0.165 28.577 188. 17.38 28.33 -0.172 0.008
1 -5.62 8.15 20.73 24.86 -0.194 0.000 28.466 9.6917.42 27.10 -0.175 0.107
20 06 -391 11.69 20.58 27.18 -0.289 -0.154 28.878.360 17.46 26.41 -0.141 0.178
08 -5.27 12.30 20.65 26.32 -0.206 0.287 28.54959(y. 17.31 27.99 -0.168 0.193
1 -5.87 6.1¢ 20.8¢ 26.4¢  -0.23¢ 0.371 28.22¢ 11.54% 17.3. 29.2¢  -0.18(C 0.06%
EXx.
Pand F: Indexes An.Ret. (%) An.Val. (%) Skewn. Kurt. Correl. (%) Info Ratio
SEI 3.01 48.4( 0.09¢ 2.28%
Bovespa 13.21 38.04 0.026 4.875 20.09 0.185
DJIA -7.07 28.03 -0.053 4.636 12.90 -0.191
FTSE 100 -6.01 27.42 -0.009 5.374 24.34 -0.182
S& P500 -9.46 30.07 -0.162 5.999 1451 -0.235
DJUBSEnergy-TR -18.94 36.21 -0.166 1.102 43.83 -0.477
Roger s Energy Commodity-TR -6.15 41.11 -0.189  2.099 44.02 -0.192

Furthermore, moving from no rebalancing to montielyalancing, the information ratios tend to
go down in all cases, except in the case of thé-ll& baskets for GA, and that of the UK Filter
baskets for both DE and GA. This can be explainethb higher transaction costs which have a
greater impact on the portfolios’ returns, espégcidliring falling markets. It can be argued that
when rebalancing, the additional information avagafrom the latest price data does make a
difference on reducing the portfolios’ volatilitgut the small return improvement coupled with
the rebalancing costs out-weighs the volatilitydféa. Results are consistent for all cases for the
risk-return trade-off.. Among monthly and quarterly rebalancing the défeces are relatively
small, but the information ratios are in all cabégher for the monthly rebalanced portfolios,
with only one exception for the FTSE selected bskehis is an indication that greater capital
efficiency can be achieved with the more frequebaitancing. Under the buy-and-hold scenario,
the best performance in terms of information ratgseported for the Bovespa portfolios, and
under both monthly and quarterly rebalancing itejgorted for the US Filter portfolios. In most
cases, negative information ratios are reportedicating that these portfolios over the out-of-
sample period under-perform the benchmark as thmeyaasociated with the lowest excess
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returns’. This observation can be explained by the fact émergy markets, as represented by
the SEI, have been resistant to the recent econ@oéssion, even though they have experienced

one of their most severe up- and down-trends im thstory.

Historically it has been shown that commodities ehémad an equity-like risk/ return profile,
while at the same time being negatively correlateth stocks. Moreover, financial activity in
commodity markets during the past decade has grmenmuch in size relative to physical
production, leading to non-commercial net long poss to be less influenced by the
commodities’ diversification benefits observedhe pastDomanski and Heath, 20D1.00king

at tables 3, 4, and 5, it can be seen that whetthliwg from quarterly to monthly rebalancing,
correlations tend to marginally improve, with résubeing more profound for the baskets
selected by the GA. The relatively low correlatiafighe selected equity portfolios with the SEI
(between 9% and 33%) suggest that investors whda teaparticipate in the energy sector can
still benefit from the addition of the selected kets to a well diversified portfolio of assets. Fhi
observation aligns with the findings 8uyuksahin et al. (2010hat the correlation between
equity and commaodity returns is not often greateant30%, besides some noticeable fluctuation
that occurs over time. Also, correlation is not thest appropriate performance measure, as it
only measures the degree to which the selectedydoaskets and the SEI move in tandem, and
does not capture the magnitude of the returns lagid trajectories over time. Moreover, as it is
well documented in the literature and also verifiedhe results presented in this paper, equity
returns, represented by the financial indexes hadselected portfolios, deviate from a normal
distribution displaying skewness and fat tails. Baene is true for the returns of the SEI which
exhibit positive skewness and relatively high escksrtosis. Both futures commodity indexes
have excess kurtosis similar to the SEI, with tekgwness however being negative. Most equity
portfolios selected by both the DE and GA exhila@gative skewness, indicating that the equity
portfolios have more weight in the left tail of thestribution in contrast with the SEI that has

more weight in the right tail.

1 Note that investors who would have taken shoritipns on these baskets would realise the highesess
returns.
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Moreover, looking at table 6 it can be concludeat the strategy and methodology used in this
paper is much more efficient than a “naive” strgted randomly selected stocks, forming
equally weighted portfolios constituted of 10, Hsd 20 stocks respectively. The evidence
concur that this happens for both, achieving a gwacking performance (low RMSEs), and
good returns relative to the SEI (positive or vemall negative ERS). Under the “naive” strategy
there is a large dispersion of outcomes and noist@ngy, e.g. for the UK Filter portfolios with
10, 15 and 20 randomly selected socks, the respadfiormation ratios are -0.62%, 0.09% and -
0.12%.

Table5: Performance of randomly selected portfolios.

This table presents a "Naive" investment stratdgnmodomly selected stocks forming equally weighpedtfolios consistingn
each case by 10, 15 and 20 stocks, respectivelysfidtks are selected from the same five equitispged by the EAs, from a
uniform distribution, thus giving equal probabilfiyr all stocks to be chosen.

No Stocks RMSE ER (%) An.Ret (%) An.Vol. (%) Skewness Ex.Kurtosis Correl. (%) InfoRatio

10 0.0¢ -0.01 1.32Z 45.2( -0.2C 6.1C 21.4¢ -0.0¢

Bovespa 15 0.04 0.03 9.73 45.31 -0.41 6.41 22.37 0.12
20 0.0¢ 0.0z 7.8C 42.7¢ -0.3C 6.64 21.3¢ 0.0¢
10 0.0¢  -0.0¢ -12.0¢ 35.6¢4 -0.07 2.8¢ 5.62 -0.2¢

DJIA 15 0.03 -0.02 -2.80 28.90 -0.19 4.03 12.56 -0.11

20 0.03  -0.03 -3.62 30.57 -0.14 3.14 10.69 -0.12

10 0.03 -0.04 -6.30 28.22 0.30 7.78 23.98 -0.19

FTSE 100 15 0.04 -0.09 -19.96 43.62 -0.02 4.35 25.15 -0.41
20 0.0:  -0.0¢ -5.8C 41.2% -0.2C 3.7¢ 29.4¢ -0.1€
10 0.0¢ -0.1¢ -31.6: 39.1¢ -2.0C 20.6¢ 18.7¢ -0.62

UK_FILTER 15 0.03 0.02 7.90 35.80 -0.54 4.71 26.38 0.09
20 0.0:  -0.0Z -3.0C 26.5% -0.4¢ 3.52 24.72 -0.12
10 0.0z -0.0¢ -10.97 38.4¢ -0.7¢ 7.52 23.0¢ -0.2¢

US_FILTER 15 0.03 -0.04 -6.00 33.87 0.10 10.88 27.64 -0.18
20 0.0z -0.0¢ -7.97 40.37% -0.4¢ 7.4C 29.2¢ -0.21

In addition, looking at the no rebalancing strategytable 7 it can be observed that both
algorithms in most cases do not utilise the maxilmmumber of stocks allowed to select. The
case is stronger for the GA selected portfolios.ifstance, for alh scenarios and for K=20, the

maximum number of stocks selected in the case efBitwespa, DJIA, and FTSE 100 stock
pools is 8, 7, and 10 respectively. A general olzen that can be made is that the algorithms
tend to utilise almost the maximum number of avddastocks when choosing from the UK

Filter and US Filter pools. This can be justified thhe fact that because only energy related

stocks are included in the pools, there can be stmek combinations identified for inclusion in
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the selected portfolios, capable of tracking thequmance of the SEI. Moreover, between the
two evolutionary algorithms, the DE tends to usearsiocks in the various selected portfolios,
reaching the maximum number allowed most of thesinkinally, the DE is more stable in the
number of stocks picked between the various cas#geaisk/ return trade-off, whereas the GA
tends to select portfolios quite different in teraigheir composition. This can be confirmed by
the much higher total number of stocks selectednduall rebalancing frequencies, for both
guarterly and monthly rebalancing strategies. Faangle, under monthly rebalancing and
K=15, irrespectively of, the maximum total number of stocks that the DIEcte is 49 and 45
for the FTSE 100 and US Filter baskets, while tiheg8lects 70 and 65 stocks respectively.

Table 6: Statistics of Portfolios (number of stocks usedrfralgorithms).

Over the whole out-of sample period, “No Reb”, “@tR and “M Reb” shows the total number of stocklected in each
tracking portfolio i.e. under No rebalancing, Qedst rebalancing and Monthly rebalancing, respetyivNote that “No Reb” is
also the initial number of selected stocks for H§hReb” and “M Reb” because at t0=0 the estimaperiod is the same for alll
three rebalancing frequencies; hence, the numbsiooks involved is identical. Fourther details, see also tabl-2.

No Reb Q Reb M Reb
(K) » DE GA DE GA DE GA
Pane A: Bovespa
10 0.6 10 7 19 22 22 38
0.8 10 5 19 25 25 34
1 10 6 22 20 23 32
15 0.€ 1C 5 2C 23 24 39
0.8 11 6 20 24 25 36
1 10 3 20 23 25 34
20 0.6 11 8 20 36 25 47
0.8 10 8 21 30 25 42
1 10 7 22 30 24 44
Pand B: DJIA
10 0.6 10 5 24 23 31 30
0.8 10 3 23 23 29 34
1 10 3 23 27 27 38
15 0.6 15 4 31 28 35 37
0.8 15 3 29 30 32 38
1 15 2 29 27 32 38
20 0.6 17 6 31 36 36 42
0.8 20 5 32 32 33 39
1 19 7 33 35 32 43
Panel C: FTSE 100
10 0.6 10 9 33 41 41 58
0.8 10 4 32 43 40 61
10 2 34 41 42 62
15 0.6 15 9 43 46 49 70
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0.g 18 7 4C 47 46 66

1 15 8 39 48 47 60
20 0.€ 16 10 44 51 48 64
0.8 17 10 42 50 48 63
1 16 6 38 50 48 64
Pand D: UK Filter
10 0.6 10 10 28 31 30 37
0.8 10 5 26 24 29 37
1 10 10 26 28 28 36
15 0.6 15 14 31 35 34 39
0.8 15 15 30 37 33 40
1 15 15 30 39 32 40
20 0.€ 16 20 33 39 36 40
0.8 17 20 30 40 34 41
1 18 19 31 39 33 41
Pand E: USFilter
10 0.€ 10 10 25 43 38 54
0.8 10 10 25 40 33 56
1 10 10 29 45 34 64
15 0.6 15 11 34 44 44 61
0.8 15 12 33 42 45 65
1 15 15 35 51 40 64
20 0.6 16 12 35 50 43 65
0.8 16 10 34 56 44 69
1 16 19 34 58 39 72

6. Conclusions

In this paper, a Geometric Average Spot EnergyXngle€onstructed and then its performance is
being reproduced with stock portfolios. This isiagkd by investing in small baskets of equities,
selected from five stock pools, the Dow Jones, FI8&, Bovespa Composite, and the UK and
US Filters. The investment methodology used emptaysadvanced EAs, the GA and the DE.
Both algorithms are self-adaptive stochastic oation methods, superior to other rival
approaches when applied to the index tracking prablTo test the performance of the tracking
baskets three different rebalancing scenarios aaenmed, also taking transaction costs into
consideration: a) buy-and-hold, b) monthly rebalagc and c) quarterly rebalancing. For
comparison reasons the performance of a “naiveéstment strategy of randomly selected

stocks forming equally weighted portfolios is ateported.

It is found that energy commodities, as proxiedity SEI, can have equity-like returns, since

they can be effectively tracked with stock portigliselected by the investment methodology
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followed in this paper. Overall, during the thresay period examined, which reflects a period
before, during and towards the end of the recesthajleconomic recession, an investor would
realise positive returns by investing in commogiti@as the SEI returns suggest. With the
methodology employed that performance is closeplicated, and in the case of the energy
related stock portfolios and those selected froenBbvespa equity pool, the benchmark index is
even outperformed. In most cases there seem to begjor differences between the DE and GA
selected portfolios, though the GA tends to sepextfolios that have a lower tracking error.

Both algorithms, in most cases, do not utilisertteximum number of stocks allowed to select,
with the DE being more stable in the number of letquicked between the various cases of the
risk/ return trade-off; the GA tends to select fmids quite different in terms of their

composition.

On average, based on the results of this papetfopos with 15 stocks and a risk-return trade-
off value of 0.8 are the most desirable combinapooviding the best results for most tracking
portfolios. Also, it is found that when rebalancitige additional information available from the
latest price data does make a difference on redubmm portfolios’ volatility; the resulting return
deterioration however, out-weighs the volatilitynbéts leading to smaller information ratios.
Moving from the Buy and Hold strategy to QuarteRigbalancing and then to the more frequent
Monthly Rebalancing strategy, returns tend to detate for most selected portfolios, by both
the DE and the GA. Nonetheless, the same holdthéportfolios’ volatilities that also tends to
go down when moving from no rebalancing to the nfoeguent one. Between monthly and
qguarterly rebalancing the differences are relagiwrhall in terms of the portfolios’ return and
volatility performance; however the informationiost are in almost all cases higher for the
guarterly rebalanced portfolios. The only excepimofor the US Filter in the case of the baskets
selected by the GA. Thus, it is concluded that tgreaapital efficiency can be achieved with

rebalancing, preferably every quarter, comparatieduy-and-hold strategy.

The investment approach proposed in this paperirémking the performance of the energy
sector with stocks selected by two innovative etiohary algorithms, promotes a cost effective
implementation and true investability. While mostitmal funds cannot invest in commodities

directly, they can track the performance of the 8#linvesting in the stocks selected by the
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evolutionary algorithms used in this paper. Theeraany investment houses around the globe
that use evolutionary algorithms for tactical asseinagemeft. The work and findings
presented in this paper can encourage asset addrfanagers to recognise the importance of the
energy sector and prompt them to set-up similadg$uthat will track the constructed Spot
Energy Index. To that end, the proposed methodokggests an effective, and at the same
time, least expensive way to operate such a fuivihgythe full flexibility of any investment

style, long or short, that equities can provide.

2 First Quadrant a US based investment firm stangdg EAs in 1993 to manage its investments, atithe $5
billion USD allocated across 17 countries arounal gfobe, claiming that have made substantial rdfiteran,
1994.
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Appendix 1: Industry Classfication Benchmark (1CB)

The Industry Classification Benchmark (ICB) is amgany classification system developed
jointly by Dow Jones and FTSE. It is used to segtegnarkets into a number of sectors within
the macro-economy. The ICB uses a system of 10stridg, partitioned into 19 super sectors,
which are further divided into 41 sectors, whicartltontain 114 subsectors.

The principal aim of the ICB is to categorize indival companies into subsectors based
primarily on a company’s source of revenue or whiecenstitutes the majority of revenue. If a
company is equally divided amongst several distgwdisectors, the judging panel from both
Dow Jones and FTSE makes a final decision. Firmsapgeal their classification at any time.

The ICB is used globally (though not universally)divide the market into increasingly specific

categories, allowing investors to compare industnds between well-defined subsectors. The
ICB replaced the old classification systems useslipusly by Dow Jones and FTSE on 3

January, 2006, and is used today by the NASDAQ, B'48d several other markets around the
globe. All ICB sectors are represented on the NewrkYStock Exchange except Equity

Investment Instruments (8980) and Non-equity Inwestt Instruments (8990).

Table 8-1 below presents the ICB codes used farifilg all US and UK stock markets, creating
the two energy-related stock pools named US Ralbelr UK Filter, respectively.

Table 8: Industry Classification Benchmark (ICB) codes

Industry Super-sector | Sector Sub-sector
0001 Oil & Ga: | 0500 Oil & 0530 Oil & Gas Produce 0533 Exploration &
Gas Production
0537 Integrated Oil & Gi
0570 Oil Equipment, Services | 0573 OilEquipment &
Distribution Services
0577 Pipeline
0580 Alternative Ener 0583 Renewable Ener
Equipment
0587 Alternative Fue
7000 Utilities 7500 Utilities | 7530 Electricit' 7535 Conventione
Electricity
7537 Alternative
Electricity
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Appendix 2: Stocks used in all five equity pools

The table below includes all stocks used in the &quity pools from which the final stock
portfolios were selected by the two algorithms, &%l DE, respectively.

Table 9: List of all stocks used in each pool for the setecof the tracking stock portfolios.

FTSE 100 (98 stocks

DJIA 65 (65

Bovespa (56

UK Energy Filter

USEnergy Filter

in total) stocksin total) stocksin total) | (54 stocksin total) | (89 stocksin
total)
3l GROUP 3M ALL AMER AFREN ALON USA
LAT UNT ENERGY
ADMIRAL GROUP AES AMBEV PN ALKANE AMERICAN OIL
ENERGY & GAS
ALLIANCE TRUST | ALCOA ARACRUZ ANDES ENERGIA | ARENA RES.
PNB
AMEC ALEX.& BANCO ASCENT ATLAS
BALDWIN BRASIL ON RESOURCES AMERICA
ANGLO AMERICAN | AMER.ELEC.F | BRADESCO BALTIC OIL ATP OIL&GAS
WR. PN TERMINALS
ANTOFAGASTA AMERICAN BRADESPAR | BORDERS & BASIC ENERGY
EXPRESS PN SOUTHERN PTL. | SVS.
ASSOCIATED AMR BRASIL BOWLEVEN BGE CAPITAL
BRIT.FOODS TELCOM TST.II
PARTP.PN
ASTRAZENECA AT&T BRASIL CDS OIL & GAS | BILL BARRETT
TELECOM PN | GROUP
AUTONOMY CORP. | BANK OF BRASKEM CERES POWEF BOARDWALK
AMERICA PNA HOLDINGS PIPELINE PTNS.
AVIVA BOEING BRF FOODS | CIRCLE OIL BRONCO
ON DRILLING
BAE SYSTEMS BURL.NTHN.SA | CCR CLIPPER CANO
NTAFEC RODOVIAS WINDPOWER PETROLEUM
ON (REGS)
BALFOUR BEATTY | CATERPILLAR | CELESC PNE | D1 OILS CHINA
NTH.ET.PTL.HD
G.
BARCLAYS CENTERPOINT | CEMIG PN DRAX GROUP CIMAREX EN.
EN.
BG GROUP CH ROBINSON | COMGAS PNA| EGDON CNX GAS
WWD. RESOURCES
BHP BILLITON CHEVRON COMPANHIA | EMPYREAN COMPLETE
BRASL.DISTB | ENERGY PRDN.SVS.
. PNA
BP CISCO COPEL PNB ENCORE OIL COPANO
SYSTEMS ENERGY
BRITISH AIRWAYS | COCA COLA COSAN ON EUROPA OIL & CROSSTEX EN
GAS (HDG.)
BRITISH CON-WAY CPFL FALKLAND OIL CROSSTEX
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AMERICAN ENERGIAON | & GAS EN.SHBI
TOBACCO
BRITISH LAND CONSOLIDATE | CYRELA FAROE CuBIC
D EDISON REALT ON PETROLEUM ENERGY
BRITISH SKY CONT.AIRL.B DURATEX PN | FORUM ENERGY | DAYSTAR
BCAST.GROUP TECHS.
BT GROUP CSX ELETROBRAS | FRONTERA DCP
ON RESOURCES MIDSTREAM
PTNS.
BUNZL DOMINION ELETROBRAS | GETECH GROUF | DELEK US
RES. PNB HOLDINGS
CABLE & DUKE ENERGY | EMBRAER ON | GLOBAL DRESSEF-
WIRELESS ENERGY DEV. RAND GROUP
CADBURY E 1 DU PONT GAFISA ON GOOD ENERGY | DTE EN.TST.lI
DE NEMOURS GROUP GTD TOPRS
CAIRN ENERGY EDISON INTL. | GERDAU PN | GULFSANDS DUNE ENERGY
PETROLEUM
CAPITA GROUP EXELON GOL PN HALLIN ENBRIDGE
MAR.SUBSEA EN.MAN.
INTL.
CARNIVAL EXPEDITOR ITAUSA PN HARDY OIL & ENCORE ACQ.
INTL.OF WASH. GAS
CENTRICA EXXON MOBIL | ITAUUNIBAN | HYDRODEC ENDEAVOUR
CO PN GROUP INTL.
COBHAM FEDEX KLABIN SA INDEPENDENT ENERGY
PN RESOURCES TRANSFER EQ.
COMPASS GROUF | FIRSTENERGY | LIGHT ON IPSA GROUF ENTERGY
MS.6%
1ST.MGE. BDS.
DIAGEO FPL GROUF LOJAS ISLAND OIL AND | ENTERPRISE
AMERIC PN GAS GROUP HDG.
FOREIGN & GATX LOJAS ITM POWER EVERGREEN
COLONIAL RENNER ON SOLAR
FRIENDS GENERAL METALURGI | LANSDOWNE EXCO
PROVIDENT GROUP| ELECTRIC CA GERDAU | OIL & GAS RESOURCES
PN
G4S HEWLETT- NATURA ON | MAX FMC
PACKARD PETROLEUM TECHNOLOGIE
S
GLAXOSMITHKLIN | HOME DEPOT | NET PN MEDITERRANEA | GASCO EN.
E N OIL & GAS
HAMMERSON HUNT JB PETROBRAS | MERIDIAN GEOPETRC
TRANSPORT ON PETROLEUM RESOURCES
SVS.
HOME RETAIL INTEL PETROBRAS | NAUTICAL GLOBAL
GROUP PN PETROLEUM ENERGY
HDG.GP.
HSBC HDG. (ORC INTERNATION | ROSSI RESIC | NOVERA GLOBAL
$0.50) AL BUS.MCHS. | ON ENERGY (LON) PARTNERS
UNITS

61




ICAP JETBLUE SABESP O OFFS.HYDFOCA | GMX RES.
AIRWAYS RBON MAPPING
ICTL.HTLS.GP. JOHNSON & SADIA PN PANTHEON GRAN TIERRA
JOHNSON RESOURCES ENERGY
IMPERIAL JP MORGAN SIDER.NACIC | PETROFAC GREEN PLAINS
TOBACCO GP. CHASE & CO. NAL ON RENEW.EN.
INMARSAT KRAFT FOODS | SOUZA CRUZ | PETROLATINA HECO CAPITAL
ON ENERGY TST.1116.5%
INTERNATIONAL LANDSTAR TAM PN PLEXUS HERCULES
POWER SYSTEM HOLDINGS OFFSHORE
INTERTEK GROUFP | MCDONALDS TELE REGAL HILAND
NRLES.PARTP| PETROLEUM PARTNERS
.ON
INVENSYS MERCK & CO. | TELE RENEWABLE HOKU
NRLES.PARTP| ENERGY GNRTN. | SCIENTIFIC
.PN
JOHNSON MICROSOFT TELEMAR RENEWABLE HOLLY
MATTHEY NRLES.PNA ENERGY HDG. ENERGY PTNS.
KAZAKHMYS NISOURCE TELESP PN RHEOCHEM HORNBECK
OFFS.SVS.
KINGFISHER NORFOLK TIM PART ON | ROCKHOPPEF HOUSTON
SOUTHERN EXPLORATION AMERICAN EN.
LAND SECURITIES | OVERSEAS TIM PART PN | RURELEC ITC HOLDINGS
GROUP SHIPHLDG.GP.
LEGAL & GENERAL | PFIZER TRAN SERICA ENERGY | KINDER
PAULIST PN | (LON) MORGAN MAN.
LIBERTY INTL. PG&E ULTRAPAR SOVEREIGN LINN ENERGY
PARTP.PN OILFIELD GP.
LLOYDS BANKING | PROCTER & USIMINAS ON | VENTURE MAGELLAN
GROUP GAMBLE PRODUCTION MIDSTREAM
HDG.
LONDON STOCK PUB.SER.ENTI | USIMINAS VICTORIAOIL & | MAGELLAN
EX.GROUP R.GP. PNA GAS MIDSTREAM
PTNS. UTS.
LONMIN RYDER VALE ON WOOD GROUF MARINER
SYSTEM (JOHN) ENERGY
MAN GROUP SOUTHERN VALE PNA MARTIN
MIDSTREAM
PTNS.
MARKS & SPENCER | SOUTHWEST VIVO PN MIRANT
GROUP AIRLINES
MORRISON(WM)SF | TRAVELERS MMC ENERGY
MKTS. COS.
NATIONAL GRID UNION NATURAL GAS
PACIFIC SVS.GP.
NEXT UNITED NEW
PARCEL SER. GNRTN.BIFL.H
DG.
OLD MUTUAL UNITED NORTHWESTE
TECHNOLOGIE RN
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S

PEARSON VERIZON NRG ENERGY
COMMUNICAT
IONS
PENNON GROUF WAL MART NUSTAR
STORES ENERGY LP
PETROFAC WALT DISNEY OCEAN POWEFR
TECHS.
PRUDENTIAL WILLIAMS OIL STS.INTL.
COS.
RANDGOLD YRC OILSANDS
RESOURCES WORLDWIDE QUEST
RECKITT ORMAT TECHS.
BENCKISER GROUP
REED ELSEVIER PLAINS EXP.&
PRDN.
REXAM PORTLAND
GEN.ELEC.
RIO TINTO RAM ENERGY
RESOURCES
ROLLS-ROYCE RASER TECHS
GROUP
ROYAL BANK OF REGENCY
SCTL.GP. ENERGY PTNS.
ROYAL DUTCH RIO VISTA
SHELL A(LON) EN.PTNS.LP.
ROYAL DUTCH ROSETTA
SHELL B RESOURCES
RSA INSURANCE RRI ENERGY

GROUP

SABMILLER SOUTH TEXAS
OIL
SAGE GROUF SUNOCO

LOGIST.PTNS.L
p

SAINSBURY (J) SUNPOWER ‘A
SCHRODERS SUPERIOR
WELL SVS.
SCHRODERS N\ TEEKAY LNG
PARTNERS
SCOT.& SOUTHERN TETON
ENERGY ENERGY
SERCO GROUE TRANSMONTAI
GNE PTNS.

SEVERN TRENT

TRICO MARINE
SVS.

SHIRE ULTRA PTL.
SMITH & NEPHEW UNION
DRILLING
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SMITHS GROUF

W&T

OFFSHORE
STANDARD WARREN
CHARTERED RESOURCES
TESCO WESTERN

REFINING
THOMAS COOK WHITING PTL.
GROUP
TUI TRAVEL WILLIAMS

PARTNERS
TULLOW OIL

UNILEVER (UK)

UNITED UTILITIES
GROUP

VEDANTA
RESOURCES

VODAFONE GROUF

WOLSELEY

WPP

XSTRATA
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