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Sammendrag
Denne avhandlingen evaluerer og kontrollerer tekniske handelsstrategier og risiko-
styringsverktøy på vegne av Holden Capital AS. Strategiene er kvantitativt for-
mulert ved å konstruere en komplett handelsmodell. Avhandlingen evaluerer
videre om bruk av dynamisk allokering, styrt av trendgjenkjenningmetoder, kan
tilføre handelsmodellen merverdi. Handelsmodellens resultater med statisk al-
lokering er konsekvente og lønnsomme i out-of-sample periodene over ti år. Med
en sammensatt årlig vekstrate på 19 % er modellen verifisert til å kunne utnytte
trender i aktivapriser. Handelsmodellen utkonkurrerer referanseindekser kon-
sekvent over risikojusterte prestasjonsmål. En betydelig forskjell i lønnsomhet
for de ulike aktivaene indikerer at modellens rammeverk er bedre egnet for
enkelte distribusjonskarakteristika enn andre.

En trendgjenkjennings- og allokeringsmodell er bygget for å vurdere om daglig
dynamisk allokering av risikokapital forbedrer lønnsomheten til handelsmod-
ellen. Av de syv trendgjenkjenningsmetodeme evaluert, evner ikke majoriteten
å skille ut trendende aktiva, og allokerer nesten like bredt som ved statisk al-
lokering. Tre metoder gjør det bedre enn statisk allokerings månedlige avkast-
ning, samt oppnår en høyere Information Ratio i forhold til referanseindek-
sen. Ved bruk av risikojusterte prestasjonmålinger hvor avkastningen vurderes
i forhold til volatiliteten, presterer samtlige trendgjenkjenningmetoder dårligere
enn statisk allokering. Ved at færre aktiva får allokert kapital, reduseres diver-
sifiseringseffekten og volatiliteten øker utover verdien av meravkastningen.

På grunn av avhandlingens sensitive karakter, er den underlagt restriksjoner som
begrenser publisitet for en periode på fem år. En avtale om konfidensialitet har
blitt signert av forfatterne, Marked Eidsiva AS, Holden Capital AS og NTNU.
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Abstract
This thesis evaluates and verifies technical trading strategies and risk management
tools on the behalf of Holden Capital AS. The strategies are quantitatively formulated
by constructing a complete base trading model. The thesis further evaluates if the
use of dynamic allocation, governed by trend recognition methods, could add value to
the base model. The base trading model yield consistently profitable out-of-sample
results when assessed over a ten year time period with static allocation. Yielding a
compound annual growth rate of 19%, the model is verified as capable of exploiting
trends in asset prices. The model consistently outperforms benchmark indices across
risk adjusted performance measures. However, profitability differs significantly for the
distinct assets, indicating the model framework is better suited for some distribution
characteristics than others.

A trend recognition and allocation model is built to assess whether daily dynamic
allocation of risk capital enhances the profitability of the base trading model. Out
of the seven trend recognition methods evaluated, most fail to single out trending as-
sets, allocating almost as wide as static allocation. Three methods outperform static
allocation’s monthly returns as well as obtaining higher information ratio statistics
when compared to a benchmark index. When evaluated on risk adjusted performance
measures considering return relative to volatility, all trend recognition methods are
outperformed by static allocation. The loss of diversification when only allocating to
certain assets increases volatility beyond the value of excess return.

Due to the sensitive nature of this work, the thesis is subject to restrictions limiting
publicity for a time period of five years. A confidentiality agreement has been signed
by the authors, Eidsiva Marked AS, Holden Capital AS and NTNU.
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1 Introduction
Commodity futures and forwards have been around for decades and are subject
to trading in high volumes by both industrial and financial institutions. Apart
from their intrinsic value, commodities can serve as an inflation hedge as well
as a good diversifier to both bonds and equities. These characteristics have
led to a large influx of investors to the commodity market during the last two
decades. Assets under management for managed futures, managed by profes-
sional commodity trading advisors (CTAs), has in the 2000-2012 period grown
from accounting for less than USD 40bn to over USD 325bn.

The profitability of trading managed futures based on technically trend anal-
ysis has however received an unjustified small amount of empirical research,
despite the extensive use by market practitioners. Trend filtering techniques
have become a widely used tool in technical analysis and are fundamental to
most momentum strategies developed in asset management and the hedge fund
sector. As of Q1 2012, managed futures assets under management traded by
systematic traders accounts for USD 260bn, 80% of the managed futures total.

Holden Capital AS is a newly founded CTA, aiming to begin operations in Q3
2012. This thesis examines and explains the trading strategies and risk man-
agement methods considered by the Fund. The purpose of the work is twofold.
Firstly the trading strategies are quantitatively formulated by constructing a
complete base trading model (BTM), serving as test model and simulation plat-
form. The generic framework is based on well-known technical trading methods
combined in a complex model for asset trading and risk management. The
methods seek to profit from trends in asset prices, setting positions relative to
measured market risk and the capital allocated to each asset. Certain model
parameters are recalibrated on a monthly basis, to adapt the model’s configu-
rations to each asset time series considered. The asset specific parameters are
utilized as the model yields trading results over a one month out-of-sample pe-
riod. The assessment of the model is conducted using historical prices of 24
continuous future and forward contracts over a ten year time period. When
evaluated on certain risk adjusted performance measures and compared to rel-
evant benchmark indices, the model exhibits outperforming results. Yielding a
compound annual growth rate (CAGR) of 19%, the model is clearly verified as
capable of exploiting trends in asset prices. The out-of-sample returns exhibit
consistency, proving the model is able to capture and follow trends in all sample
asset prices. The profitability varies across assets, indicating the model frame-
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work is better suited for some distribution characteristics than others. However,
low volatility in the portfolio’s return series proves the valuable diversification
effect inherent in commodities as an asset class.

The second purpose of the thesis is to examine whether generalized trend recog-
nition methods can enhance trading profitability. The methods seek to identify
which assets prices are trending, and which are not. A trend recognition and
allocation model (TRAM) is built to assess whether daily dynamic allocation
of risk capital only to trending assets adds value to the base trading model.
Seven distinct methods are utilized in the model, intended to calculate the al-
location of risk capital on a daily basis. The risk capital allocated defines the
Value-at-Risk limits for each asset. The trend recognition and allocation model
is recalibrated on a monthly basis, where the parameters are generalized for all
assets to capture overall asset pool dynamics. The results of dynamic allocation
decided by the methods are evaluated in comparison to static allocation. The
assessment using historical asset prices yields mixed results, as some methods
outperform static allocation in terms of monthly returns, while other does not.
Most methods fail in being able to single out trending assets, and allocate al-
most as wide as static allocation. The ADX, Aroon and EMD filters achieve
higher monthly returns on average, as well as higher information ratio statistics
when compared to a buy-and-hold index. When using risk adjusted performance
measures considering return relative to volatility, all trend recognition methods
fail to add value to the base trading model. The loss of diversification when
only allocating to certain assets increases volatility beyond the value of excess
return.
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2 Background
Holden Capital AS, hereby referred to as “the Fund”, is a newly founded man-
aged futures CTA, aiming to begin operations in Q3 2012. The Fund plans to
raise a capital base of NOK 500 million, intended to be invested primarily in
commodity futures and forwards, with a small portion available for investments
in currencies and fixed income. The trading will mostly be controlled by au-
tomatic algorithms, based on the technical trading principle of trend following.
Most of the trading rules creating the basis of their strategy have already been
decided. Risk management principles are also set, such as the amount of risk
capital relative to capital base. The daily risk management system controlling
exposure is given using a daily Value-at-Risk approach.

Before initiating trading operations, the Fund wanted a third party assessment
of their trading and risk management strategies. As a result, this thesis is
conducted in close cooperation with the Fund.

2.1 Technical analysis and trend following
The use of technical analysis methods can be traced back to Munehisa Homna,
a rice merchant trading at the Dōjima Rice Exchange, who developed the use
of candlestick charts in the early 18th century (Nison, 1991). The first known
written articles on technical analysis are a series of articles published by Charles
H. Dow in the Wall Street Journal in the 1900-1902 period (Chen, 2010). The
series was later referred to as the Dow theory and is the foundation of most
technical analysis as the theory aims to identify long term trends in the stock
market. Dow never used the term Dow theory, but the theory became known
by several follower and associates who later collected and expanded his work,
such as Hamilton (1922), Rhea (1932), Schaefer (1960) and Russell (1961).

Technical analysts believe that the market’s causality derives from unchanging
aspects of human behavior and rely on technical indicators and models, such as
price trend, cycles and volume patterns to forecast and identify low-risk/high-
reward trading opportunities (Chen, 2010). Other methods such as momentum
readings, sentiment indicators, Elliott Waves, Edwards and Magee patterns and
Dow theory have also gained popularity among practitioners. Weissman (2005)
divides technical analysis into two distinct sub-categories; subjective technical
analysis and objective technical analysis. Whereas subjective technical analysis
attempts to capitalize on visual chart analysis, which is subject to interpreta-
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tion, objective technical analysis is based on mathematical and algorithmic rules.

Technical trend following strategies are methods of which the essence is to bene-
fit from trends in asset prices, while accepting that returns will not be generated
when markets are ranging (Bruder and Gaussel, 2011). Usually, the strategies’
probability of losing is higher than gaining due to many small losses in ranging
markets, but the average gain is much higher than the average loss. Modern
trend filtering techniques used on price time series can be dated back to Muth
(1960), who showed that the exponentially weighted moving average can be in-
terpreted as the expected value of the time series. Trend filtering techniques
have been extensively studied since the late seventies by, among others, Wilder
(1978), Beveridge and Nelson (1981), Hodrick and Prescott (1997) and Ehlers
and Way (2010). Trend filtering has as of date become a widely used tool in
technical analysis and is fundamental to most momentum strategies developed
in asset management and the hedge fund sector (Bruder et al., 2011).

There has been conducted an extensive amount of empirical research on the
profitability of technical analysis, but the results have been ambiguous about
whether or not technical analysis do add value. Among 92 modern studies, 58
studies found positive results regarding technical trading strategies, while 24
studies obtained negative results (Park and Irwin, 2004). There has however
been a lack of empirical research on technically traded futures, even though
the technique is extensively used by practitioners (Kidd and Brorsen, 2004).
As of Q1 2012 asset under management of systematic CTAs, in which technical
analysis plays a considerable part, accounting for more than 80% of all managed
futures programs with a dollar value of USD 260bn (BarclayHedge, 2012).

2.2 Commodity forwards and futures
The birth of the modern futures market can be traced to 1848 when the Chicago
Board of Trade (CBOT) begun to facilitate the trading of grain between pro-
ducers and consumers (Morgan Stanley, 2007). Through time the market place
has evolved to include more commodities and a larger variety of participants has
entered the market. Although most commodities have realized a higher traded
volume, they are still ultimately restricted by supply. However, with the intro-
duction of new products, such as cash settled futures, the potential of volume
growth has greatly increased. Over the past decade the market infrastructure
has changed significantly. Exchanges tend to go from open-outcry to electronic
trading in addition to a consolidation of derivatives exchanges (Hull, 2012; Shell,
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2007). In appendix A an overview of the largest exchanges is provided.

2.2.1 Futures and forward fundamentals

Futures and forward contracts are both an agreement to buy or sell a given
amount of an asset at a predetermined price and date. The contracts underly-
ing asset consist usually of stocks, indices, currencies or commodities, but more
exotic underlyings, such as weather are also commonly traded. While there are
several differences between futures and forwards, an important difference is how
they are settled. A forward contract is settled at the end of the contract, while
a future contract is settled daily (Hull, 2012). If the interest rate development
is known, the contracts will be priced the same, but as this is normally not the
case, the price will be different. For example, if an asset is positively correlated
with the interest rate, an increase in the interest rate is likely followed by an
increase in the asset price. As the future contract is settled daily, one can then
invest the gain with a higher return. Forward and futures contracts can be set-
tled either for physical delivery of the asset or settled in cash (Lipscomb, 2005).
Cash settlement is simply the difference between the spot price and the futures
price.

As futures and forward contracts are leveraged positions, they are subject to
credit risk. The most apparent being that one or more counterparties fail to
honor their settlement obligation (CME Group, 2011). To ensure that this will
not happen, a clearing house, a well capitalized financial institution, acts as
a counterparty guaranteeing for all cleared transactions. By pooling together
trades they can reduce the settlement risk by netting offsetting transactions.
A clearing house is responsible for settling trading accounts, clearing trades
and managing collateral. Each futures exchange has its own clearing house, in
which each member of that exchange is required to clear their trades. Exchange
traded forward contracts are also cleared, while for over-the-counter (OTC) for-
ward contracts this is not a global requirement (Hull, 2012; LCH.Clearnet, 2011).

Future and forward properties are commonly described using a set of industry
terms (Hull, 2012):

• Initial Margin: The initial deposit required to enter a future contract
• Maintenance Margin: The amount required to be in ones account to hold
a future contract



2 Background 6

• Tick Size: The minimum increment the future’s price can change. Also
known as the minimum fluctuation

• Quoted Units: The number of units for which the future price is quoted
• Traded Units: The number of units traded in a future contract. This
number is always a multiple of the number of quoted units.

When initiating a futures trade, it is required to deposit an initial margin into
a margin account. This deposit is used to debit any day-to-day market fluctua-
tions as futures contracts are marked to market each day. When the position is
liquidated, the remaining margin amount, adjusted for any losses/gains during
the time span invested, are refunded (Hull, 2012). As the initial margin is the
minimum required deposit to enter a futures contract, the maintenance margin
is the minimum amount in the margin account before one is required to post
additional collateral. When the margin account drops below the maintenance
margin, brokers make a margin call, requiring that the margin is brought back
up to the initial amount. The same dynamics apply for cleared forward con-
tracts (LCH.Clearnet, 2011).

Primarily, futures and forward contracts are traded either to hedge risk, to ex-
ploit an arbitrage opportunity, or to speculate on the future price development
(Hull, 2012). Hedgers include commodity producers and consumers seeking to
reduce the risk from future price fluctuations. A buyer can seek to avoid the
risk of rising prices of products or commodities used as raw material, while a
seller may wish to lock in a price for their product. Arbitrageurs take offsetting
positions in two or more products to lock in a profit while speculators bet on
the markets future direction. Many traders often do not wish to take physical
delivery of the underlying product. This can be done by either offsetting their
position prior to expiry, i.e. a long position can be offset by selling the equal
amount short, or by trading futures contracts with settlement in cash. If the
trader is interested in keeping his position, he can roll the contract by first off-
setting the contract that are close to expiration, and then take the same position
in the next contract nearest to expiration, called the front contract.

2.2.2 Commodities as an asset class

Today, commodities play an important role in many portfolios. Apart from
their intrinsic value, commodities can serve as an inflation hedge and as a good
diversifier in many market conditions (Morgan Stanley, 2007). As shown in
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figure 1, on a five year rolling basis compared to equities, bonds and Treasury
Inflation-Protected Securities (TIPS), commodities have been the premiere infla-
tion hedge (Morgan Stanley, 2010). The relationship has generally held through
both rising and falling inflation, in addition to when other markets failed as a
hedge. Figure 2 shows that the S&P GSCI, formerly known as the Goldman
Sachs Commodity Index, exhibits a strong positive correlation across all yield
environments (Morgan Stanley, 2010).

Figure 1: Rolling five-year correlations
with change in inflation

Figure 2: Correlation between S&P
GSCI and inflation rate y/y change

Commodities have shown low correlation with equities, other asset classes and,
in general, with other commodities (Gjolberg and Steen, 2012; Morgan Stan-
ley, 2007). In addition commodities have historically shown more resilience to
geopolitical and macro-economic shocks. It can be argued that the effects of
geopolitical instability, with uncertainty regarding the supply and demand re-
lationship, are biased to a tighter supply, resulting in higher prices. However
commodities have not been a good diversifier in market downturns (Morgan
Stanley, 2010). Downturns are often associated with declining inflation, which
may account for some of the correlation between equity-bond portfolios.

Although the commodity market has been around for centuries, it was not until
last decade that the market gained the average investor’s interest. New rules for
bank capital requirements in 2004 led to a large influx of hedge funds, pension
funds, investment banks, index trackers and, increasingly, individual investors
(Gjolberg and Steen, 2012; Morgan Stanley, 2007). As a result, a surge of
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commodity-linked products have been created, such as exchange traded com-
modities (ETCs), in addition to an increase in volumes traded on commodity
futures (Kat, 2006; The City UK, 2011). From 2005 to 2010, commodities went
from accounting less than 3% of the value of global exchange-traded derivatives,
to 9%.

Another industry fueling the demand for commodities is managed futures, an
industry comprised of commodity trading advisors (CTAs), professional money
managers who invest discretionary into futures (CME Group, 2011). With the
ability of going long and short, managed futures have the potential to profit in
both declining and increasing markets. As seen in figure 3, managed futures has
become increasingly popular over the past two decades (BarclayHedge, 2012).
Prior to year 2000, such funds were nearly non-existent, proving an enormous
growth over the last ten years.

Figure 3: Historical growth of assets under management in managed futures

Over the long term, commodities have displayed returns of similar magnitude
to equities. Figure 4 shows the development of the two commodity indices S&P
GSCI and Thomson Reuters/Jefferies CRB Index (CRB), and the equity in-
dex Morgan Stanley Capital International World Index (MSCI WI). S&P GSCI
is calculated primarily on a world production-weighted basis to reflect the rel-
ative significance of each of the constituent commodities, while the CRB is
weighted according to represent broad trends in overall commodity prices (Jef-
feries & Company, 2011; Standard & Poors, 2012). The MSCI WI is a free
float-adjusted market capitalization weighted index designed to measure the eq-
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uity market performance of developed countries.

Figure 4: Commodity and equity price development.

For the past years, insatiable demand from emerging markets’, as well as an un-
der invested supply side, has kept pressures on commodity prices (Kat, 2006).
However, the performance seen under the financial crisis suggests that com-
modities are sensitive to demand changes.
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3 Data and descriptive statistics

3.1 Adjustment of discontinuous series
As described in section 2.2, futures and forward markets comprise of a set of
individual contracts, each with a predetermined expiration date. As one con-
tract expires, another is listed and thus the markets evolve. Hence there exists
no tradable continuous series for these contracts. The limited history of each
contract makes back testing challenging. One way to assess the long term his-
tory is to merge contracts together, the simplest being always quoting the front
contract. However as contracts have different prices, primarily due to contango
and backwardation effects, the series will display discontinuities. The figure be-
low illustrates jumps that will occur when quoting the front contract.

Figure 5: Rolling front contract

Masteika et al. (2012) present several methods to remove discontinuities where
the methods of point adjusting and proportional adjusting the series are the
most relevant. These methods can be used to both forward and back adjust
series, where the back adjusted series is considered best practice for trading
activities (Masteika et al., 2012). Back adjusted series are also best suited
for time series analysis such as moving average filtering, therefore this method
is used for the data applied in the assessment. Point adjustment eliminates
the discontinuities by adding or subtracting the price gap to all relevant data,
whereas proportional adjustment adds or subtracts the proportional value of the
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price gap to all relevant data. Point adjustment is subject to the possibility of
negative prices. The two methods can be exemplified with a roll gap represented
with a front contract noted at 69.950 and the next contract noted at 62.525. The
back adjustment will be 7.425 and 11.9% for point and proportional adjustment,
respectively.

3.2 Asset pool description
24 assets are selected to be used for assessing the trading models. The assets are
selected based on data availability, trading volume, liquidity, and diversification
to match the Fund’s expected exposure and risk profile. 19 out of the 24 as-
sets are commodities while the remaining 5 are financial products. The data is
quoted on a daily basis beginning in January 1998 and ending in February 2012.
The time series are proportionally backwards adjusted, and are contributed by
Pi Trading (2012), NASDAQ OMX, and Reuters. An overview of the assets is
given in table 1. Test statistics and extensive data descriptions are provided in
appendix C.

The original length of the return series contain 3452 data points. As the price
time series originate from different markets and exchanges there exist days with
missing prices. The days that are not consistent over all assets are either re-
placed with the average of the preceding and succeeding days’ quote, or the
entire date is deleted. However, as the assets stems from a handful of exchanges
with normally the same trading days, the problem is not extensive. The fact
that assets originate from markets across different time zones and opening hours
are ignored when evaluating the correlations. To simplify the model, series that
are not USD denominated are converted to USD, which applies for power on
Nord Pool originally quoted in EUR. The close price of the currency cross is
used for conversion.
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Table 1: Asset pool overview

Main Exchange Ticker Mean SD

Commodity
Light Crude Oil NYMEX CL 0.013% 1.32%
Heating Oil NYMEX HO 0.019% 1.35%
Natural Gas Oil NYMEX NG -0.063% 1.43%
Power NASDAQ OMX ENOQ -0.006% 2.37%
Corn CBOT C -0.010% 1.15%
Rough Rice CBOT RR -0.021% 0.93%
Soybeans CBOT S 0.026% 2.13%
Wheat CBOT W -0.021% 1.16%
Cocoa ICE (CSCE) CC -0.006% 1.53%
Coffee ICE (CSCE) KC -0.012% 1.26%
Lumber CME LB -0.036% 0.93%
Sugar ICE (CSCE) SB 0.024% 2.83%
Gold COMEX GC 0.036% 1.01%
Copper COMEX HG 0.046% 1.81%
Platinum NYMEX PL 0.045% 1.47%
Silver COMEX SI 0.036% 1.80%
Feeder Cattle CME FC 0.012% 0.70%
Live Cattle CME LC 0.001% 0.64%
Lean Hog CME LH -0.013% 0.86%
Average 0.004% 1.40%

Financial product
2 Year T-Note CBOT TU 0.007% 0.13%
10 Year T-Note CBOT TY 0.024% 0.57%
Eurodollar CME (IMM) ED 0.003% 0.05%
Japanese Yen CME (IMM) JY 0.005% 0.63%
Norwegian Kroner NOK 0.007% 0.81%
Average 0.009% 0.44%
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3.3 Descriptive statistics and subset analysis
The data are divided into two distinct subsets: One subset consist of the 19
commodities, and the other subset consists of the 5 financial products. Each
subset is further divided into three equal length subseries in order to evaluate
possible changes in each asset’s dynamics.

The average mean of the commodities’ daily return series is 0.0037% and ranges
from -0.0626% to 0.0457%. The means are small compared to the standard
deviation, which indicates that the returns are volatile. According to Taylor
(2005), typical standard deviation for stocks and stock indices varies between
0.7% and 2%. The commodities average standard deviation is 1.40%, which
may indicate that commodities are comparable to US large cap stocks as pro-
posed by Kat (2006). However, the standard deviation seem to have gradually
increased over the series duration with an average standard deviation of 0.96%,
1.19% and 1.84% for the first, second and third quantile respectively. For the
financial products, the average mean and standard deviation is 0.0092% and
0.44%.

All commodities exhibit leptokurtic distributions with the lowest kurtosis of
5.00, for lumber, and the maximum of 16.78, for gold. The existence of fat tails
is supported by extreme values of the series being on average approximately
8 standard deviations from the mean. Kat and Oomen (2006) states that the
existence of fat tails, or leptokurtic distributions, is in part generated by time-
varying volatility, but that overall the level of kurtosis and volatility persistence
is comparable to that found in US large cap stocks. None of the commodity se-
ries exhibit particular skewness. Silver exhibits the largest absolute skewness of
-0.80. The financial products show the same characteristics as the commodities.
With the exception of the Eurodollar, the kurtosis and skewness are within the
range provided by the commodities. The Eurodollar has values well above the
other assets with kurtosis of 29.88 and a skewness of 1.21.

Under the null hypothesis of normality, the Jarque-Bera test refutes the null
hypothesis at a lower than 1% level. However, for lumber in the first quantile
and lean hog in the second quantile, the null is rejected at a 45% level. This is
strongly biased, due to the selection of subseries. The augmented Dickey Fuller
test rejects the null hypothesis of a present unit root for all series and subseries.

The Ljung-Box test for autocorrelation is preformed both on the return series
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and on the squared return series with three different lags; 5, 10 and 20. For all
lags, squared returns have autocorrelation present at a high significance level.
This autocorrelation is consistent with empirical studies as the effect of volatility
clustering (Taylor, 2005). However, at a subseries level, some of the commodities
exhibit no autocorrelation for squared returns. For the return series, 5, 10 and
20 lags have correspondingly 12, 14 and 20 assets that refute the null of no
autocorrelation present at a 5% level.
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4 Trading methods and indicators

4.1 Technical trading base methods
The foundation of the BTM consists of a few technical trading methods that
are combined in a complex framework of trading rules. The methods are based
on smoothed series of different underlyings, as well as measures of intraday
fluctuations in price series.

4.1.1 Moving Average

A moving average (MA), also called a rolling average or running average, is a
filter used to analyze data points by creating a series of averages of different sub-
sets of the full data set (Farlex Inc, 2012). MA techniques form building blocks
for many technical indicators and underlays, and might be one of the most com-
monly used tools by technical traders. MA filters can be used with time series
to smooth out short-term fluctuations and highlight longer-term trends.

In financial applications, MA filters can be used on time series of prices, returns,
standard deviations and such. There exist several types of MA filters which
differ in how they weigh the observations included in the calculation of the
average. Two of the most widely used MA filters are the simple moving average
(SMA) and the exponential moving average (EMA). The filters are given on
computational form in equation (4.1) and (4.2).

SMAn,t(p
c) =

1

n

n∑
i=0

pct−i (4.1)

EMAn,t(p
c) =

{
pct for t = 1
(pct − pct−1) 2

n+1 + EMAn,t−1(pc) for t ≥ 1
(4.2)

The filters are illustrated using the close price, pct , of a time period t. The SMA
filter is a unweighted mean of the previous n data points, while the EMA fil-
ter applies weighting factors which decrease exponentially. When implementing
an MA filter there is a trade-off between the amount of smoothness required
and amount of lag that can be tolerated when choosing the length n. Massive
research has been conducted on finding filtering methods with lower lags giv-
ing the same amount of smoothness, resulting in methods such as Kaufman’s
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Adaptive MA, Jurik MA and John Ehler’s Adaptive MA (Kaufman, 1998; Jurik
Research, 2007; Ehlers, 2010). MA filters can be used separately or together
to measure the trend or the momentum of a time series, as well as define areas
of possible support and resistance in price series to support decision making
regarding trades and risk.

4.1.2 Average True Range

Average True Range (ATR) is a price-volatility indicator that was introduced by
Wilder (1978). The true range (TR) is calculated as the maximum range that
the price moved from yesterday’s close to the extreme point reached intraday.
Hence the TR is absolute, not relative to the price level as opposed to the stan-
dard deviation. This feature has made the indicator widely used in conjunction
to futures and forwards trading as it handles back adjustments of the contracts
(Siegel, 2000). The calculations are given by equations (4.3), where pht is the
high price, plt is the low price, and pct is the close price of a time period t.

TRt = max(pht , p
c
t−1)−min(plt, p

c
t−1)

ATRn,t = EMAn,t(TR)
(4.3)

To measure volatility over more than one time step, the TR is averaged using
an EMA over a certain number of periods, giving the ATR. Used as a volatility
indicator, the ATR will react fast or slow depending on the number of periods
used to obtain the average daily true range. ATR has been used as a component
of numerous other indicators and trading systems since it was introduced, such
as the ADX and the Vortex Indicator in section 4.2.1 and 4.2.7 respectively.

4.1.3 Relative Strength Index

The Relative Strength Index (RSI) was, like the ATR, introduced by Wilder
(1978). The index is based on the concept of a momentum oscillator, measuring
the velocity of directional price movements. The RSI is based on the amount
of upwards and downwards movement over a certain period and gives a value
between 0 and 100. High values indicate a positive trend, low values a negative
trend and a value around 50 indicates neither. Extreme RSI levels can indicate
an overbought or oversold market and signal the time for a correction in the
asset price, indicating a trending price to reverse (Wilder, 1978). For technical
traders seeking to exploit trends through long or short position, the index can
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be used to notify when to reduce or neutralize a trade.

The RSI concept has been further developed into several similar and popular
methods, such as the AIQ-RSI (AIQ Systems, 2001). The base trading model
utilize a modified version which is calculated using equation (4.5), where n
denotes the number of periods used in the EMA, and Ut and Dt denotes the
logarithmic return being positive or negative respectively, given in equation
(4.4).

Ut =

{
(rot + rct )/2 for (rot + rct ) > 0
0 for (rot + rct ) < 0

Dt =

{
0 for (rot + rct ) > 0
(rot + rct )/2 for (rot + rct ) < 0

(4.4)

RSn,t =
EMAn,t(U)

EMAn,t(D)

RSIn,t =100− 100

1 +RSt

(4.5)

In difference from the original RSI, the calculations are based on logarithmic
returns instead of up and down price averages. Unlike most approaches, the
calculation also considers the average between open and close prices instead of
just the close price, and smooths the returns using an EMA instead of a SMA.

4.2 Technical trend recognition methods
The TRAM consists of seven distinct trend recognition methods, each intended
to single out trending assets. None of the technical methods used for trend
recognition have a clear definition of threshold value indicating a trending or
ranging property of the underlying time series. The values are relative to each
asset and must be interpreted accordingly. Trigger levels must be set according
to the trader’s preferred trading style and risk aversion, or in combination with
an optimization process using historical data.

4.2.1 Average Directional Index

The Average Directional Index (ADX) was introduced together with the ATR
and RSI by Wilder (1978), as an attempt to quantify trend strength. The in-
dex has since its launch become a widely used tool among technical traders to
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determine whether a market is trending or non-trending (Weissman, 2005).

The ADX can be interpreted as an EMA of the rating of directional movements.
The directional movements, DM+

t and DM−t , are two components giving the
portion of the price bar that is either above the high of the previous bar or be-
low the low of the previous bar, given in equation (4.6). The directional indices,
DI+t and DI−t , are then calculated in equation (4.7) as an EMA of the direc-
tional movements as a percentage of the ATR over the same period n. Hence
the directional indices are adjusted for both the price level, and the volatility
of the time period. These form the basis for the ADX, given in equation (4.8)
and (4.9). The ADX is the EMA of the absolute value of the difference between
DI+t and DI−t , divided by their sum.

DM+
t =

{
pht − pht−1 for pht > pht−1 ∧ pht − pht−1 > plt−1 − plt
0 Otherwise

DM−t =

{
plt−1 − plt for plt < plt−1 ∧ pht − pht−1 < plt−1 − plt
0 Otherwise

(4.6)

DI+t =
EMAn,t(DM

+)

ATRn,t
× 100

DI−t =
EMAn,t(DM

−)

ATRn,t
× 100

(4.7)

DXt =
|DI+t −DI−t |
DI+t +DI−t

× 100 (4.8)

ADXn,t = EMAn,t(DX) (4.9)

The index ranges between 0 and 100, and higher value indicates a stronger
trend. The more directional movement of an asset, the greater the difference
betweenDI+t andDI−t relative to their sum. Although the ADX value itself does
not indicate the direction of the trend, the DI+t and DI−t can be interpreted
separately to illustrate if the price is trending upwards or downwards, giving
higher values for DI+t or DI−t , respectively.
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4.2.2 Aroon Indicator

The Aroon Indicator was developed by Chande (1995) and is similar to the
directional movement index, the foundation of the ADX. The main assumption
behind the Aroon indicator is that the asset price will close at higher highs in an
uptrend, and lower lows in a downtrend. The indicator is based on two ratios,
A+
t and A−t , measuring the strength of uptrend and downtrend respectively.

The indicator A+
t measures the time passed since the highest price relative to

the total time period n, and A−t measures the time passed since the lowest price.
The values are given in percentage, with higher levels indicating stronger trend
in underlying prices, and values close to zero indicating ranging prices. The
calculation given in equation (4.10), where Tn is the set of the preceding time
periods n.

A+
t =

(
1− t− supt′{pht′ : t′ ∈ Tn}

n

)
× 100

A−t =

(
1− t− inft′{plt′ : t′ ∈ Tn}

n

)
× 100

(4.10)

As an example, if a 20 period time frame is used and it has been 5 days since
the highest price in the last 20 days, the A+

t value would be 75. If it has been
16 days since the lowest price, the A−t would be 20. The difference between the
A+
t and the A−t is called the Aroon Oscillator, AO, and gives a number between
−100 and 100, given in equation (4.11).

AOt = A+
t −A−t (4.11)

High positive and negative values of AOt are indicating an uptrend and down-
trend respectively, while values around zero indicate a ranging time series.

4.2.3 Autocorrelation

Autocorrelation is the degree of similarity between a given time series and a
lagged version of itself over successive time intervals (Brooks, 2008). It is often
used in signal processing for analyzing functions or time series, and can be used
to identify repeating patterns such as a series of positive returns representing a
trend. The given value lies in the interval [1,−1], and indicates whether the two
time series are positively correlated, not correlated or negatively correlated. A
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price sample autocorrelation, ρ̂k(t), in price time series, pt, with lag, k, is given
in equation (4.12), with p̄ representing the sample mean, and s the sample
standard deviation.

ρ̂k(t) =
E[(pt − p̄t)(pt−k − p̄t−k)]

stst−k
(4.12)

To identify whether or not there is significant autocorrelation in the time series,
the Ljung-Box test is one of many autocorrelation tests that can be performed
(Brooks, 2008). The zero hypothesis of the corresponding test is that the data
is independently distributed, meaning autocorrelations in all lags are 0, and
the alternative hypothesis is that one or more are not 0 and the data is not
independently distributed. The test statistic, QLB is computed and compared
to the chi-square distribution and rejected if greater value at the appropriate
significance level, α.

QLB =n(n+ 2)

h∑
k=1

ρ̂2k
n− k

QLB ∼χ2
1−α,h

(4.13)

In equation (4.13), n represents the sample size and h the number of lags being
tested. Positive autocorrelation in returns with significance at a proper level,
such as α = 10%, indicates a trend in the price time series. As the value does not
indicate the direction of the trend, the trader can combine the autocorrelation
value with other methods to trade in the underlying asset.

4.2.4 Empirical Mode Decomposition

The use of Empirical Mode Decomposition (EMD) for recognizing trends of fi-
nancial asset prices was introduced by Ehlers and Way (2010). The method is
based on basic signal filter theory with the assumption that a time series have a
trend component and a cycle component, making it possible to identify whether
the time series is in trend mode or cycle mode.

The cycle component is extracted by bandpass filtering the data. This means
filtering out the unwanted components, both low frequency trends and the high
frequency noise, and retain only a range of frequencies over the desired swing
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period. The trend component is extracted by finding the average of the filtered
data over the two most recent periods. This averaging recovers the mean offset
of the cycle, representing a scaled and smoothed version of the trend.

The method uses the average of high and low as the price of a period: pt =
(pht + plt)/2. The input parameter, n, is the length of the assumed natural cycle
of the specific time series, ∆ is the approximate half bandwidth given as a part
of n while Θ is the factor adjusting the threshold levels of trend indication
to the time series. With a relatively more certain cycle, one can tighten the
bandwidth, and vice versa, and adjust the fraction to adapt to ones preferred
trading style. In equation (4.14), before calculating the bandpass, BPt, the a,
b and c are calculated separately to simplify the expression.

a = cos

(
2π

n

)
b = cos−1

(
4π ×∆

n

)
c =b−

√
b2 − 1

BPt =
1

2
× (1− c)× (pt − pt−2) + a× (1 + c)×BPt−1

−c×BPt−2

(4.14)

To determine if the asset price is in trend mode, the approach is to compare
the peak swings of the cycle mode to the amplitude of the trend mode. The
comparison is done by capturing local highs and lows in the BPt time series,
represented by Pt and Vt respectively, given in equation (4.15).

Pt =

{
BPt−1 for BPt−1 > BPt ∧BPt−1 > BPt−2
Pt−1 Otherwise

Vt =

{
BPt−1 for BPt−1 < BPt ∧BPt−1 < BPt−2
Vt−1 Otherwise

(4.15)

The time series of BPt, Pt and Vt are then smoothed using an EMA, creating
a trend line and a scaled upper and lower threshold, respectively. The trend
indication rules are given in equation (4.16).
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EMA2n,t(BPt) >EMA2.5n,t(Pt)×Θ → Positive trend
EMA2n,t(BPt) <EMA2.5n,t(Vt)×Θ → Negative trend

(4.16)

If the trend line is above the trigger levels set by the upper threshold, the asset
price time series is likely to be in a positive trend. Similarly, if the trend line is
below the lower threshold, the asset price time series is likely to be in a negative
trend. If the trend line is between the threshold levels, the time series is said to
be in cycle mode.

4.2.5 Fractal Dimension Indicator

The Fractal Dimension Indicator (FDI) was introduced by Ehlers (2005). The
technical indicator is based on the theory of fractals, which can be interpreted as
self-similar patters; having the same or nearly the same form at every scale. A
fractal is a mathematical set that has a fractal dimension, also known as Haus-
dorff dimension, that usually exceeds its topological dimension (Mandelbrot,
2004). Determining the fractal dimension, D, is done using equation (4.17),
with N representing the number of self-similar objects, and S representing the
length of the line defining each object.

Nb
Na

=

(
Sa
Sb

)D
, D =

log(Nb/Na)

log(Sa/Sb)
(4.17)

For sets describing ordinary geometric shapes the fractal dimension equals the
set’s familiar topological dimension; 0 for points, 1 for lines, 2 for surfaces and
3 for volumes. The simplest illustrations of determining the fractal dimension
is using a line and a square, as in figure 6.

However, the fractal dimension can take non-integer values for fractal geometry,
as exemplified with Sierpinski’s triangle in figure 7. When decreasing Sb to 1/2
of Sa, the number of self-similar objects, Nb, increases to 3.

As with Brownian Motion, charts of asset prices can be interpreted as fractals
as they look similar regardless of time frame (Ehlers, 2005). The fractal di-
mension of a time series is calculated by measuring how jagged or serrated it
is. Accounting for that price samples are uniformly spaced, the object count is
given by equation (4.18), which by definition is approximately the average slope
of the price curve.
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Figure 6: Illustration of Fractal Dimensions
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Figure 7: Non-Integer Fractal Dimensions

Ni,t =
sup{pht′ : t′ ∈ Tn} − inf{plt′ : t′ ∈ Tn}

n
(4.18)

The fractal dimension is calculated by computing Ni over two consecutive equal
intervals and over the total interval, such that N1 covers [0, n], N2 covers (n, 2n],
and N3 covers the interval [0, 2n]. The fractal dimension is then defined as in
equation (4.19) (Ehlers, 2005):

Dt =
log(N1,t +N2,t)− log(N3,t)

log(2)
(4.19)

In a two dimensional plane, as for price charts, the fractal dimension varies from
D = 1 for prices trending in a straight line, to D = 2 for prices ranging up and
down over the observation period. Hence a technical trader can use the FDI to
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identify when time series of asset prices are trending, and when they are not. As
the FDI does not indicate the direction of the trend, a trader can combine the
indicator with other methods to identify whether a long or short position should
be initiated. The fractal dimension D = 1.5 represent a Gaussian random walk
which sets the boundary between trending and ranging market, however the
boundary must not be interpreted as a clean cut, but rather as an indication
(Ehlers, 2005).

4.2.6 Vertical Horizontal Filter

The Vertical Horizontal Filter (VHF) was first introduced by Adam White
(1991) as a simple method to help identifying if a market was trending or
non-trending (Gopalakrishnan, 2000). The VHF is calculated by the difference
between the highest and lowest closing price of the n preceding trading days,
divided by the absolute returns of the close price over the same period as given
in equation (4.20). The VHF value indicates the maximum price movement over
the period, relative to its variance.

V HFt =
| sup{pct′ : t′ ∈ Tn} − inf{pct′ : t′ ∈ Tn}|∑n

i=0 |rct−i|
(4.20)

The VHF value itself does not reflect trend direction, only an indication of
whether a trend is apparent, and the strength of the indication. The values
of the VHF lies in the interval [0, 1], where values approaching 1 indicates a
trending time series, and 0 indicating a ranging series. The values given from a
random set are not symmetrically distributed, lower values are more common,
and the values must be interpreted as such.

4.2.7 Vortex Indicator

The Vortex Indicator was developed by Botes and Siepman (2009) as a new
and improved version of the ADX of Wilder (1978). The indicator is based
on the vertical movement from one time period to the next, and uses these
values to indicate a positive trend, a negative trend, or neither. The values
VM+

t and VM−t , measure the distance from yesterday’s low to today’s high
and yesterday’s high to today’s low respectively, as given in equation (4.21).

VM+
t =|pht − plt−1|

VM−t =|plt − pht−1|
(4.21)
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The values form the basis for V I+t and V I−t , which represent the indication
of positive and negative trend respectively, and is calculated as a EMA of the
movement divided by the ATR. Hence the Vortex Indicator levels are adjusted
to the price level and the volatility of the time series of the current asset price,
as given in equation (4.22).

V I+t =
EMAt,n(VM+

t )

ATRt,n

V I−t =
EMAt,n(VM−t )

ATRt,n

(4.22)

A large V I+t value indicates a strong upward trend, and a large V I−t value
indicates a strong downward trend. For a more easily interpretation of the
Vortex Indicator, a technical trader can use some value, Γ, representing the
threshold for the difference between V I+t and V I−t , as given by equation (4.23).

V I+t > V I−t × (1 + Γ)→ Positive trend

V I−t > V I+t × (1 + Γ)→ Negative trend
(4.23)

If the difference between the two indicators is greater than the threshold set
by the trader, the Vortex Indicator signals that the underlying time series is
trending.

4.3 Risk assessment methods
The risk assessment methodology is set by the Fund’s risk management strat-
egy, and includes both a Value-at-Risk model and a Conditional Value-at-Risk
model, in addition to ATR based position scaling. The methods are used to
assess position risk as well as measures during parameter calibration.

4.3.1 Value-at-Risk

Value-at-Risk (VaR) has during the last two decades become a widely used risk
measure in financial risk management, and following the lead from both regu-
lators and large international banks during the mid-1990s, almost all financial
institutions now use some form of VaR as a risk metric (Alexander, 2008a). The
function V aRht,α gives a single value at time t, such that for a given probability,
(1-α), losses will not exceed this value over the next time interval, h, given that
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the portfolio is hold static. Using h = 1, the daily Value-at-Risk (dVaR) is
obtained. As the risk measure is intuitively easy and widely used, the numerical
value is easy to compare across portfolios.

Equation (4.24) defines the random variable Xt as the present value of the
portfolio return over one period (Alexander, 2008a). The dVaR is then estimated
as a percentage of the portfolio value by equation (4.25), where xt,α represents
the α quantile of the return distribution.

Xt =
e−rf × pt+1 − pt

pt
(4.24)

dV aRt,α = −xt,α
P (Xt < xt,α) = α

(4.25)

There are two major issues that are imperative to be aware of before utiliz-
ing VaR. The first issue is the calculation of the probability distribution. The
second issue is that, conditional on the event that one has exceeded the thresh-
old value, VaR says nothing about the severity of the movements or tail risks.
Alexander (2008a) distinguish between three basic methods for estimating VaR,
each handling the first issue in a separate way; normal linear VaR model, his-
torical simulation model and Monte Carlo VaR model. Normal linear models
assume that the asset returns are normally distributed, and that the portfolio
returns are linear. Historical simulations models calculate the distributions out
of a historical sample, whereas Monte Carlo VaR models can make a wide range
of assumptions incorporating many different distributions.

The method used for controlling daily position risk in the base trading model
is similar to the normal linear VaR model. The portfolio dV aRt,α, measured
as percentage of portfolio value, is given by equation (4.26). It is calculated
using the standard normal α quantile value of the portfolio return distribution,
multiplied by the weighted returns’ daily volatility given in equation (4.27)
(Hull, 2012).

V aRt,α = Φ−1(1−α)st (4.26)
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st =

√√√√(1−Θ)

n∑
i=1

Θi−1(rt−i − r̄)2 + Θns2t−n (4.27)

The degree of exponential decrease in the EMAt,n is given by Θ. For large n,
the term Θns2t−n converge to zero and can be ignored (Hull, 2012).

4.3.2 Conditional Value-at-Risk

While VaR says nothing about the severity of the incurred loss, given that one
exceeds the VaR, Conditional Value-at-Risk (CVaR) does. CVaR provides the
average expected tail loss defined by Alexander (2008a) in equation (4.28).

CV aRt,α = −E[Xt|Xt < −V aRt,α] (4.28)

The calculation of the CVaR used in the base trading model is given in equation
(4.29). The function rmt represents the rolling monthly return at time t whereas
P10(rm) denotes the lowest 10th percentile of monthly returns in the lookback
period Tn of length n.

CV aRt,α =
1

n

∑
t∈Tn

∣∣rmt × 1{rmt <P10(rm)}
∣∣ (4.29)

As the normal linear VaR model is based on simplified assumptions regarding
the risk factors and that the portfolio returns are linear, it is not a coherent risk
measure, or in particular, VaR is not sub additive (Alexander, 2008a). Opposed
to VaR, CVaR is always a coherent risk measure, meaning that portfolio CVaR
is less than or equal to the sum of each asset’s CVaR.
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5 Risk adjusted performance measures
Risk adjusted performance measures (RAPMs) are used for performance evalu-
ation and for decision on capital allocation within financial institutions (Alexan-
der, 2008b). The RAPMs are supposed to bridge the gap between maximizing
the investor’s utility and optimally allocate risk capital. RAPMs make it possi-
ble for investors to rank investment opportunities, but only some RAPMs have
a direct link to a utility function. The other RAPMs may still be used to rank
investments but nothing can be deduced about investors’ preferences from these
rankings.

Traditional RAPMs such as Sharpe ratio and Information ratio were developed
to compare long-only strategies and can be argued not to be suitable for dynamic
trading strategies as they exhibit non-normal returns and non-linear exposure
to risk factors (Alexander, 2008b). However, such methods are among the most
widely used, even for dynamic trading strategies, and are therefore included. In
the nineties, practitioners and academics developed alternative models such as
Sortino, Kappa and Omega ratios which have become very popular for analyz-
ing the performance of hedge funds and managed futures strategies.

All RAPMs should be interpreted in relation to a fund’s Margin-to-Equity
(M/E) ratio. The M/E ratio describes the sum of margin required to hold
a portfolio of futures and forwards, relative to total capital base (Melin, 2010).
The calculation of historical M/E ratio is simplified by using present margins,
and its percentage of the contract value, adjusted back in time. Due to asset
correlation within the portfolio, the actual required margins will be significantly
lower than the estimates. However, this is not accounted for due to complexity
and time consuming calculations. Hence the simplification will provide a worst
case estimate for assessment.

5.1 Sharpe ratio
The Sharpe ratio was introduced by Sharpe (1966) and has become one of the
most referenced risk/return measures in finance (Alexander, 2008b). The ratio
is defined by equation (5.1) and measures the risk premium relative to the risk
incurred in achieving it. The ratio is expressed by the excess expected return
on an asset over the risk free rate, E[R]− rf , divided by the standard deviation
of the asset returns distribution.
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Sharpe =
E[R]− rf

σ
(5.1)

By using the Sharpe ratio to compare assets or portfolios, there is assumed that
investors preferences can be represented by exponential utility and that returns
are normally distributed (Alexander, 2008b). As such, the Sharpe ratio can be
a good measure for large, diversified liquid investments. While for smaller hedge
funds, the ratio should not be used exclusively as it does not accommodate fat
tails, kurtosis and skewness. However, the major advantage of using the Sharpe
ratio is its simplicity and the extensive use by practitioners, which yields a good
base for comparison between funds and indices (Bruder and Gaussel, 2011).

5.2 Information ratio
The information ratio (IR) is a RAPM that seeks to evaluate an actively traded
portfolio against a passive benchmark portfolio. It is built on the Markowitz
mean-variance paradigm, which states that the mean and variance is sufficient
to evaluate a portfolio’s performance (Goodwin, 1998). The ratio is given in
equation (5.2), and expresses the average excess return per unit volatility in
the excess return distribution. Rp denotes the return on the portfolio while Rb
denotes the return on the benchmark.

IR =
E[Rp −Rb]√
V AR[Rp −Rb]

(5.2)

If confined to the benchmark’s asset universe, the active manager can only
add value by underweighting or overweighting individual assets. The different
weighting represent the active manager’s skill or the special information the
manager possess (Goodwin, 1998). When utilizing the IR it is important to
be aware that it does not include information on correlations between asset
classes and that it ignores the investor’s risk preference. Another factor that
can affect the IR significantly is the choice of benchmark, thus making it easy
to manipulate if compared to an inappropriate index. The IR represents a
different methodology compared to the other RAPMs mentioned, and thus gives
a valuable diversity effect when evaluating the performance of trading strategies.
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5.3 Omega statistic
The Omega statistic was introduced by Keating and Shadwick (2002), and ex-
press the probability weighted ratio of gains to losses, relative to the investor
chosen threshold τ . The Omega statistic is defined by equation (5.3), and is cal-
culated from the expected return over τ divided by the lower partial movement
(LPM) of first order. The LPM is an asymmetric risk measure that calculates
the probability-weighted deviations of those returns falling below the specified
threshold, and is given in equation (5.4). The threshold, τ , is usually referred to
as the minimum acceptable return (MAR), and should be set so that investors
consider return above τ as gains, and below as losses.

Ω(τ) =
E[max(R− τ, 0)]

LPM1(τ)
(5.3)

LPM1(τ) = E[max(0, τ −R)] (5.4)

By introducing MAR and accounting only for the downside variability, the
Omega statistic does not penalize returns that are above the threshold. How-
ever, there are several caveats to be aware of when calculating the downside
deviation using the LPM. The most important are the annualization of the ob-
served values, and time horizon of the sample (Kidd, 2012). The Omega statistic
can be highly vulnerable to biased data sets if the ex-post estimation is based on
a period of upwardly trading returns. The downside deviation underestimates
the two sided risk if loss periods are not included, and vice versa.

The Omega statistic incorporates all the characteristics of a return distribution
and does not need any assumptions about risk preference or utilities (Keating
and Shadwick, 2002). At any given τ , a higher value of Omega statistic is
preferred to a lower one. Hence it is easily computed and interpreted, and
the common use among practitioners makes it a valuable RAPM (Alexander,
2008b).

5.4 Sortino ratio
The Sortino ratio is similar to the Sharpe ratio except that the standard devi-
ation in the denominator is replaced by the square root of the LPM of second
order (Sortino and Satchell, 2001). The ratio is given in equation (5.5), and
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is calculated as the expected excess return over the investor’s chosen MAR, τ ,
divided by LPM2, which is given in equation (5.6).

Sortino =
E[R]− τ√
LPM2(τ) (5.5)

LPM2(τ) = E[max(0, τ −R)2] (5.6)

Similar to the Omega statistic, the Sortino ratio does not penalize returns above
the MAR. It can be argued that this ratio is a more realistic measure of risk-
adjusted return than the Sharpe ratio as investors are generally not averse
against high positive returns as indicated by the standard deviation (Alexander,
2008b). The Sortino ratio is by many considered an improvement of the Sharpe
ratio, and has therefore gained popularity since its introduction, making it a
good RAPM for comparisons.

5.5 Kappa indices
Kaplan and Knowles (2004) introduced a generalized downside RAPM with the
Kappa indices. The formulation is given by equation (5.7), and shows that both
the Sortino ratio and the Omega statistic are special cases of Kappa indices.

Kα(τ) =
E[R]− τ

LPMα(τ)
1
α

(5.7)

The function Kα is defined for any value of α exceeding zero. The index of α=2
represents the Sortino ratio described in section 5.4. The Kappa index of first
order is closely related to the Omega statistic as given in equation (5.9) and
(5.8).

LPMα(τ) = E[max(0, τ −R)α] (5.8)

K1(τ) = Ω(τ)− 1 (5.9)
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Despite for its popularity, practitioners have not found an applicable rule for
choosing the appropriate Kappa index and threshold value in order to rank dif-
ferent investment opportunities (Alexander, 2008b). This follows from that the
indices cannot be linked to a standard utility function. At any given threshold,
a higher value of the distinctive Kappa index is preferred to a lower one, but the
ranking of a given investment alternative can change according to the Kappa in-
dex chosen. All Kappa indices are negative for τ > E[R], zero for τ = E[R], and
positive for τ < E[R]. Higher order Kappa indices are more sensitive to skew-
ness and excess kurtosis due to the fact that they are more sensitive to extreme
returns. Risk adverse investors can therefore rank portfolios using higher order
Kappa indices while investors less risk adverse could rank portfolios using lower
order Kappa indices. Higher order LPMs are also more sensitive to the choice
of the threshold value. Higher order Kappa indices supplement the lower order
indices, such as Omega statistic and Sortino ratio, by bringing diversification
into the performance evaluation.
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6 Asset allocation and trading procedure
A complete base trading model (BTM) is constructed to be able to assess the
Fund’s technical trading strategies. The model manages trading positions and
risk for each of the assets in the asset pool, based on the amount of risk capital
allocated to each asset. The model is assessed using historical time series data
over a 14 year period.

As the second purpose of the thesis is to assess whether dynamic allocation adds
value to the trading model, a separate trend recognition and allocation model
(TRAM) is constructed. The TRAM analyzes all asset time series with the
purpose of only allocating risk capital to the assets which time series is believed
to be trending. The model uses a set of technical trend recognition methods,
which are assessed separately on the value added compared to a static capital
allocation.

Both models use a set of parameters which are recalibrated on a monthly basis
during the assessment period.

6.1 The Base Trading Model
The base trading model increases and decreases the long and short positions
in each of the assets. The model operates on a daily basis, basing decisions
on technical analysis of the assets’ price time series. The model framework is
primarily based on three fixed EMAs and a RSI rule, as introduced in section
4.1. A volatility based position scaling function and a dVaR limitation rule is
implemented to control risk. The framework is kept unchanged, but certain
trigger levels and time period lengths, given in table 2, are recalibrated on a
monthly basis. The BTM is calibrated separately for each asset, to adapt its
trading rules and trigger levels to each asset’s time series dynamics.

To assess the profitability of the BTM framework, the model is evaluated over
the time period from January 1998 to February 2012. The monthly recalibration
is based on an optimization process, which is further discussed in section 6.3.3.
The BTM uses the parameters yielded by the optimization in a set of trading
rules, which determines the timing of trades and the risk exposure by setting
long or short positions. The positions, Pt, are expressed in the interval [−1, 1],
but ultimately scaled to the actual number of futures that should be traded.
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Table 2: Monthly recalibrated BTM parameters

Parameter categories Notation

ATR20 band width α
High/Low significance level β
RSI: EMA length γ
RSI: Extreme levels δ
RSI: Duration of reduction ε
MA10 RSI: look back period ζ
MA10 RSI: Extreme levels η

6.1.1 Defining direction and sizing a position - the EMA50 rule

A 50-day EMA of the one period lagged close price, EMA50, creates the base of
the model, defining the direction of any position as long or short. Basically the
model is long in an asset if the price is above the EMA50, and short if it drops
below. To prevent noise from creating mistrades, a band of a given percentage,
α, of a 20-day one period lagged ATR, ATR20, is added to the EMA50 as given
in equation (6.1).

EMA+
50 = EMA50 + α×ATR20

EMA−50 = EMA50 − α×ATR20

(6.1)

The highest high and the lowest low of prices since a change of position direction,
is defined as phht and pllt respectively. The definitions are given in equation (6.2).
The set TP comprises of the time periods elapsed since initiation of the current
long or short position.

phht = sup{pht′ : t′ ∈ TP }
pllt = inf{plt′ : t′ ∈ TP }

(6.2)

The initiation of new position direction is described in equation (6.3), where
P 50
t represents the size of the position set by the EMA50 rule.

P 50
t =

{
1/3 for pct ≥ EMA+

50,t ∧ pct−1 < EMA+
50,t−1

−1/3 for pct ≤ EMA−50,t ∧ pct−1 > EMA−50,t−1
(6.3)
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Given no change of position direction in the current time period, t, the increase
of the current position is given in equation (6.4). The EMA50 rule increases
the exposure with steps of 1⁄3 each time the price reaches a higher high when
long, or a lower low when short. The stepwise increment is used to minimize
exposure in ranging markets. The higher high and lower low is only registered
if they are more than a certain percentage, β, higher and lower respectively, to
ensure they are significant enough for increased exposure. This percentage is
set to reduce excess trading and as an insurance of trend strength.

P 50
t =

{
min(P 50

t−1 + 1/3, 1) for pht > (1 + β)× phht−1 ∧ P 50
t−1 > 0

max(P 50
t−1 − 1/3,−1) for plt < (1− β)× pllt−1 ∧ P 50

t−1 < 0

(6.4)

An example of the EMA50 rule is illustrated over a few time periods in figure
8.

Figure 8: The EMA50 trading rule

As the price reaches above EMA+
50 in t = 2, a long position of 1⁄3 is initiated.

The position is increased with steps of 1⁄3 on each significant new high, until full
exposure. As the price drops below EMA−50 in t = 8, the position is neutralized
and a short position of 1⁄3 is initiated.
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6.1.2 Reducing position as prices reverse - the EMA20 rule

As the BTM is increasing the exposure to assets based on the EMA50 rule, a
20-day EMA of the preceding close price, EMA20, is used to decrease exposure
when asset prices start to reverse their trending movement. As in equation
(6.1), the EMA+

20 and EMA−20are given with the same percentage, α, of the
ATR20 to reduce the impact of noise in time series. The EMA20 rule is given
in equation (6.5), where P 20

t is the reduction of the P 50
t in absolute terms,

assuming P 50
t > 0.

P 20
t =


0 for P 50

t 6= P 50
t−1

∨ (pct > (1 + β)× phht−1 ∧ pct > EMA+
20,t)

1/3 for pct < EMA−20,t
1/6 for (P 20

t−1 > 0 ∧ pct > EMA+
20,t)

∨ P 20
t−1 = 1/6

(6.5)

The conditions are ranked after cardinality. As the rule is symmetric for long
and short positions, the contrary applies when P 50

t < 0. In figure 9 the EMA20

rule is illustrated with such an example.

Figure 9: The EMA20 trading rule

While a short position is active, the price rises above the EMA+
20 in t = 2, and

P 20
t is set to 1⁄3. The adjustment lasts until the price drops below the EMA−20

in t = 4, as it changes to 1⁄6. The adjustment is completely removed as the price
reaches a lower low in t = 8.
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6.1.3 Reducing position due to extreme momentum - the RSI rule

To further control risk, the BTM uses an RSI rule to decrease the positions when
an asset is believed to be overbought or oversold. The variable representing the
length of the EMA of the RSI is denoted γ. The RSI value is defined as extreme
when above the upper threshold, δ ,when P 50

t > 0, or below the lower threshold,
(100 − δ), when P 50

t < 0. As the value reaches such levels, the position P 50
t is

reduced in absolute terms. The reduction caused by the RSI rule is denoted
PRSIt . The reduction is changed if prices see a significant higher high or lower
low while the RSI value is no longer on extreme levels. The PRSIt is set to
zero after a certain number of time periods, ε, after seeing extreme RSI values,
or when P 50

t changes direction. The reduction, PRSIt , is given for P 50 > 0 in
absolute terms in equation (6.6).

PRSIt =


0 for P 50

t 6= P 50
t−1

∨ t− sup{t′ : t′ ∈ (RSIt′ > δ)} > ε
1/3 for RSIt > δ

∨ (PRSIt−1 > 0 ∧ pct < (1 + β)× phht−1)
1/6 for PRSIt−1 > 0 ∧ pct > (1 + β)× phht−1 ∧RSI < δ

(6.6)

The conditions are ranked after cardinality. As the rule is symmetric for long
and short positions, the contrary applies when P 50

t < 0.

If the EMA20 rule has decreased a position to less than 1⁄3, the RSI rule will not
create a position in the opposite direction of what is indicated by the EMA50

rule, but remain passive. In figure 10 the RSI rule is illustrated with an example.

While a short position is active, the RSI value drops below the trigger level
(100− δ) in t = 2, and PRSIt is set to 1⁄3. The adjustment changes to 1⁄6 as the
RSI returns to normalized values and the price reaches a lower low in t = 6. The
reduction is completely removed in t = 8 as the number of time periods since
last extreme RSI value exceeds the example limit: (t = 8)− (t = 3) > (ε = 4).

6.1.4 Increasing sensitivity to extreme momentum - the EMA10 rule

A 10-day EMA of the preceding close price, EMA10, is used to add sensitivity
to oversold and overbought markets. The EMA10 rule is defined the exact same
way as the EMA20 in equation (6.5), but conditional on observing one or more
extreme RSI values in a last certain number of time periods, ζ. The RSI values
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Figure 10: The RSI trading rule

are defined as extreme if they are above the upper threshold, η, when P 50
t > 0,

or below the lower threshold, (100− η) when P 50
t < 0. The parameter η is not

necessarily equal to δ. However if the EMA20 and RSI rules have decreased
a position to less than 1⁄3, the EMA10 rule will not create a position in the
opposite direction of what is indicated by the EMA50 rule, but remain passive.
An illustration of the EMA10 rule is given in figure 11, where P 10

t represents
the reduction due to the EMA10 rule.

Figure 11: The EMA10 trading rule
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While a short position is active, the price rises above the EMA+
10 in t = 2. P 10

t

is set to 1⁄3 as a RSI value below (100 − η) is observed in t = 1, which is less
than ζ = 10 periods ago. The adjustment lasts until the price drops below the
EMA−10 in t = 6, where it changes to 1⁄6. The adjustment is completely removed
as the price reaches a lower low in t = 8.

6.1.5 Managing allocated risk capital - position scaling and the dV aR
rule

The position including all the introduced trading rules is denoted PRt , and is
given in equation (6.7). The base position, P 50

t , initialized by the EMA50 rule,
is adjusted by the EMA20, RSI, and the EMA10 rules, giving PRt a value in
the interval [−1, 1].

PRt = P 50
t + P 20

t + PRSIt + P 10
t (6.7)

To determine the actual number of future or forward contracts to be traded,
SP , the positions are scaled such that the position dVaR at a time t, is adapted
to the dVaR limit allocated to the asset. The scaling function S is converting
the position value from [−1, 1] to the actual number of contracts, and is given
in equation (6.8). As the position is dependent on a 100-day ATR, the scaling
function becomes an important risk control tool, adjusting to smaller positions
when volatility increases in the underlying asset. As the ATR is calculated per
quoted unit and the scaling function yields traded units, the function is divided
by the ratio TU⁄QU.

St =
dV aRLt

ATR100,t × TU/QU
× c (6.8)

The factor c, called the scaling factor, is constant for all assets and all time pe-
riods. The factor is optimized to find a scaling function suitable for the Fund’s
preferred risk profile, a process described in section 6.3.2. The number of con-
tracts are rounded down the nearest integer, as fractions of contracts are not
traded.

As a final risk control tool, the dV aRt of a position at time t is limited by the
dV aRLt . The total amount of dV aRL across all assets at a time t is determined
by the Fund’s risk and trading strategy, and accounts for 3% of the total capital
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base of the Fund.

If the volatility of an asset reaches high levels while BTM has fully accumulated
a long or short position, the dV aRt might exceed the limit of allowed maximum
risk. The dVaR is calculated with a 100-day weighted moving volatility measure.
As given in equation (6.9), the final number of contracts, SPAt , is adjusted to
the maximum position satisfying the risk limitation, SPMt . The position is
readjusted if the difference between SPAt−1 and SPMt exceeds 5% while the
dV aRt > dV aRLt .

SPAt =


PRt × St for dV aRt < dV aRLt
SPMt for dV aRt > dV aRLt ∧ dV aRt−1 < dV aRLt−1

∨ dV aRt > dV aRLt ∧
∣∣∣ SPMtSPAt−1

− 1
∣∣∣ > 5%

SPAt−1 for dV aRt > dV aRLt ∧
∣∣∣ SPMtSPAt−1

− 1
∣∣∣ < 5%

(6.9)

|SPMt | = min

(
dV aRLt

pct × st × Φ−15% × TU/QU
, St

)
(6.10)

The maximum position satisfying the risk limitation, SPMt , is given in equation
(6.10), as the inverse dV aRt function given in section 4.3.1. The trailing volatil-
ity is denoted st, and Φ−15% represents the inverse standard normal distribution
at a 5% level. The scaling function and the dV aR rule is illustrated with an
example in figure 12.

In the example, the model reaches maximum exposure in t = 3. As the volatility
increases faster than captured in St , the dV aRt exceeds the dV aRLt in t = 4,
and SPAt is set to SPMt . As SPMt moves more than 5% from where SPAt−1 was
adjusted, the SPAt is readjusted in times t = 5, 6 and 7. As the dV aRt drops
below dV aRLt in t = 8, SPAt is set to PR × St.

6.1.6 Profit, transaction costs and mistrades

As the model only interprets open, high, low and close prices of each trading day,
some assumptions regarding intraday price moves are implemented. On days
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Figure 12: The dV aR risk control

when a position is increased, decreased or fully reversed, the model assumes that
the price move causing the decision only happen once during the day. Therefore,
the monetary profit is calculated as the exposed amount of dollars multiplied by
the change in close prices from one period to the next, and adjusted using the
open, high and low prices. The adjustments, A, handles the difference between
the close prices, and the trigger levels on where the trades are assumed to have
been executed. The formula for calculating the monetary profit is given in
equation (6.11), where M represents mistrades caused by the various trading
rules, and TC denotes the transaction costs given in equation (6.12).

ProfitUSDt = SPAt−1 × (pct − pct−1)

+A50
t +A20

t +A10
t +M50

t +M20
t +M10

t − TCt
(6.11)

TCt = |SPAt − SPAt−1| × (pht − plt)× 5% (6.12)

As the Fund does not have access to the historical orderbook for an asset, the
actual cost per transaction is impossible to determine. The transaction costs
will vary from asset to asset, depending on general contract liquidity as well as
time specific volatility. The transaction cost itself is only a small cost compared
to the spread cost and liquidity cost, which are also incorporated in TC. As
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both spread and liquidity are somewhat dependent on volatility, the TC is for-
mulated as a function of the intraday volatility, scaled by 5%, to best possibly
estimate the total costs.

The profit adjustments, A, apply to all trades triggered by the close price cross-
ing a certain level, such as the EMA50, EMA20 and EMA10 rules. For the
EMA50 rule, the adjustment of the profit is given in equation (6.13).

A50
t =



[pct −min(pot , EMA−50,t)]× (P 50
t − P 50

t−1)× St
for P 50

t < 0 ∧ P 50
t−1 > 0

[pct −max(pot , EMA+
50,t)]× (P 50

t − P 50
t−1)× St

for P 50
t > 0 ∧ P 50

t−1 < 0
[pct −min(pot , p

ll
t−1)]× 1/3× St

for |P 50
t | > |P 50

t−1| ∧ P 50
t−1 6= 0 ∧ P 50

t < 0
[pct −max(pot , p

hh
t−1)]× 1/3× St

for |P 50
t | > |P 50

t−1| ∧ P 50
t−1 6= 0 ∧ P 50

t > 0
0 Otherwise

(6.13)

The corresponding adjustments made for the trades initiated by the EMA20 and
EMA10 rules are found in Appendix D. Similarly, when prices cause intraday
trades that are reversed the same day, i.e. mistrades, the model assumes these
trades to only happen once during the day. Mistrades, M , happen as intraday
prices, pht and plt, cross trigger levels and initiate trades, while the close price
does not cross the same levels. The calculation of mistrades caused by the
various rules are given in appendix D. The daily asset specific return, rAt , is
then calculated as in equation (6.14), using the monetary profit and the allocated
capital in the preceding time period.

rAt =
ProfitUSDt

100/3× dV aRLt−1
(6.14)

As the Fund’s dVaR limit is 3% of the capital base, the allocated capital is
found by multiplying the dV aRLt by 100⁄3. The return of the entire portfolio
is calculated relative to the total capital base, regardless of any non-allocated
amount of capital.
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6.2 The Trend Recognition and Allocation Model
The trend recognition and allocation model is built up of seven technical meth-
ods intended to recognize trends among assets’ price time series. Each of the
methods are described in section 4.2. Utilizing one of the seven methods at a
time, the model gives a daily binary indication of whether an asset’s price is
trending or not. The TRAM allocates risk capital on a daily basis, in terms
of dVaR limits to be invested in each of the trending assets. The TRAM is
intended to to add value to the underlying trading operated by the BTM, by
computing an enhanced dynamic capital allocation rather than allocating an
equal amount of risk capital to all assets.

As the TRAM uses the results of the BTM assessment, each of the trend recog-
nition methods is evaluated over the time period from February 2000 to 2012.

6.2.1 Trend recognition

Each of the seven trend indication methods used in the TRAM has a separate
set of parameters, properties such as MA lengths and trigger levels, described
in table 3 and explained in section 4.2. As each of the seven trend indication
methods are utilized separately, each asset’s time series is interpreted separately
by each method. Unlike the BTM, the methods used in the TRAM evaluate
all assets using the same configurations to consider each asset. Although the
parameters may change from one time period to the next, they are equal for a
time t regardless of which asset’s time series is being analyzed, in line with the
concept of a generalized configuration.

Similarly to the BTM, the TRAM is recalibrated each month through an op-
timization process of these parameters, which is further discussed in section
6.3.4. The optimization provides possibly unique values each month, and fits
the methods to the current asset pool dynamics.

6.2.2 Allocation

The sum of trend signals among all assets is used to split the total risk capital
among the trending assets on a daily basis. The risk capital is then exposed
in long and short positions through the BTM in the next time period. If the
TRAM changes an asset’s allocated risk capital time t, the position is adjusted
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Table 3: Monthly recalibrated TRAM parameters

Method Parameter Notation

Autocorrelation Sample length θ
Significance level ι

ADX Time period length κ
Trend indication level λ
Trend indication limit µ

Aroon Indicator Time period length ν
Trend indication level ξ

EMD Total time period length o
Bandwidth factor π
Trend indication level ρ

FDI Total interval length σ
Trend indication level τ

VHF Time period length υ
Trend indication level φ
Trend indication limit χ

Vortex Time period length ψ
Trend indication level ω

by the BTM in time t+ 1.

The following allocation rules and constraints apply at all times to each of the
trend recognition methods:

• dVaR limit of 3% of total capital base.
• Maximum of 20% capital allocation in financial instruments.
• Maximum of 20% capital allocation in one asset.

The constraint of maximum 20% capital allocated to financial instruments is
due to the fact that the Fund wishes to define itself as a commodity fund. The
constraint of maximum 20% allocation in each asset is set according to MiFID
directives. The directives presently only apply to equity and fixed income funds,
but are implemented to follow the intended risk diversification.

As there are different restrictions on commodities and financial futures, the allo-
cation keys are slightly different. The allocation to a single trending commodity
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asset is described in equation (6.15). The factors NC
t , NF

t and NT
t represents

the number of assets indicated to be in a trend, among the commodity assets,
financial products and all assets respectively. The factor DT

t represents the total
amount of risk capital available, equal to 3% of the Funds total capital base.

DC
t =

 DT
t ×min

(
1
NTt

, 20%
)

for NFt
NTt
≤ 20%

DT
t ×min

(
(1−20%)

NCt
, 20%

)
for NFt

NTt
> 20%

(6.15)

The allocation to a single financial product indicated to have a trending time
series at time t, is described in equation (6.16).

DF
t =

 DT
t ×min

(
1
NTt

, 20%
)

for NFt
NTt
≤ 20%

DT
t ×min

(
20%
NFt

, 20%
)

for NFt
NTt

> 20%
(6.16)

As given from the equations, the sum of DC
t and DF

t will be less than DT
t if

few assets are indicated to trend. The total risk capital, DT
t , is set constant

through the entire time period during the historical assessment, assuming profits
are used for dividends and that losses are replaced. This is done to be able to
compare the results of the various trend indication methods to each other and
to benchmark indices, creating an index from monthly returns.

6.3 Optimization
The recalibration during the historical assessment is performed separately for
the BTM and the TRAM. A pre-stage optimization set to find the appropriate
scaling function of the BTM is conducted prior to the historical assessment.
For all optimizations, an evolutionary algorithm method is used, as described in
section 6.3.1. The choice of method is due to the sensitive nature of the prob-
lems as well as the input of time changing data. Hence good stable solutions
are preferred to globally optimal, but possibly less stable, solutions. In addition
to using an evolutionary optimization algorithm, all variables are given a finite
and appropriately small set of allowed solutions to further avoid the effect of
overfitted variables, and to handle the optimization process within a manage-
able time limit.
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The monthly optimization of the parameter recalibration for both the BTM
and the TRAM uses a two year lookback period, and yield one month out-of-
sample results. The BTM interprets data series starting on January 1998. The
historical TRAM recalibration is dependent on the results of the BTM process,
hence the TRAM lookback period starts in 2000, and yields results from 2002.

6.3.1 Evolutionary optimization method

The method of evolutionary optimization is used in optimizing parameters for
the BTM and the TRAM. Unlike Simplex-methods and nonlinear methods such
as Generalized Reduced Gradient, evolutionary optimization algorithms can
handle both nonlinearity and non-smooth problems (FrontlineSolvers, 2010a).
This allows the optimization problem to include discontinuous functions such
IF-statements and LOOKUP-searches, which the models are widely dependent
on.

An evolutionary optimization algorithm is a nondeterministic population-based
algorithm, using mechanisms inspired by biological evolution such as inheri-
tance, mutation, selection, and crossover. More specifically, the software used
for the optimization, the Frontline Risk Platform Solver, combines methods from
genetic algorithms with classical linear and nonlinear optimization methods. A
genetic algorithm is a subset of evolutionary algorithms, a metaheuristic where
a population encodes candidate solutions to an optimization problem, which
evolves toward better solutions.

The evolution starts from a population of randomly generated individuals and
happens in generations (Ashlock, 2010). In each generation, the fitness of every
individual in the population is evaluated; multiple individuals are stochastically
selected from the current population, and modified to form a new population.
The new population is then used in the next iteration of the algorithm, described
in table 4 as of Ashlock (2010).

A drawback of evolutionary algorithms is that the algorithm has no concept
of optimality, or how to test whether a solution is optimal (FrontlineSolvers,
2010b). A solution is only compared to other possible presently known solu-
tions. This also implicates that an evolutionary algorithm does not know for
certain when to stop, and must run for a given length of time, number of it-
erations or to a satisfactory fitness level has been reached. A typical criterion
for a final solution is a certain number of trials without improving the current
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Table 4: Genetic optimization algorithm

Generate a population of structures
Loop

Test the structures for fitness
Select structures to reproduce
Produce new variations of selected structures
Replace old structures with new ones

Until satisfied

possible solution. If the algorithm terminates due to time or iteration limits, a
satisfactory solution may or may not have been reached. Also, as the algorithm
relies in part on random sampling, it may yield different solutions on different
runs. However, an evolutionary algorithm is more likely to faster find stable
solutions satisfying all constraints. Hence the method is very well suited for
problems where good stable solutions with low sensitivity to variable change
are preferred, rather than finding the global optimum.

6.3.2 Position scaling of the BTM

Before running the monthly parameter recalibration process of the BTM, a pre-
stage optimization is conducted. This involves the optimization of the scaling
function, which is performed in one single optimization over all assets over the
entire time interval of data. The scaling function transforms the final position
value given by the BTM, from the interval [−1, 1] to the actual number of futures
being traded. The scaling function, St, is repeated in equation (6.17).

St =
dV aRLt

ATRt × TU/QU
× c (6.17)

The factor c is optimized such that the BTM violates the dVaR limit a preferred
number of times during a time period, i.e. the dVaR limit violation frequency.
A certain violation frequency is preferred to make sure the model takes on the
proper amount of risk. The optimization is performed with a set of base param-
eters for the BTM, given in table 5.
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Table 5: Base parameters during scaling factor optimization

Parameter i Base value

ATR20 band width, α 1 15 %
High/Low significance level, β 2 6 %
RSI: EMA length, γ 3 25
RSI: Extreme levels, δ 4 15 & 85
RSI: Duration of reduction, ε 5 5
MA10 RSI: look back period, ζ 6 5
MA10 RSI: Extreme levels, η 7 30 & 70

The base parameters, as well as the dV aRL, are constant for all time periods
and assets. The goal function is set as the minimization of the absolute differ-
ence between the number of times the dV aR of a position exceeds dV aRL and
the ideal occurrence of violation. The optimization is run simultaneously over
all assets, k, over all time periods, t. The optimization problem is formulated
in table 6. The ideal occurrence of violation is set to 7.5 %, in accordance with
the Fund’s preferred risk profile.

The dV aRt is expressed as a function of the scaling factor, Fkt(c). The function
is non smooth due to the extensive set of IF-statements and other non-smooth
elements of the calculation. The scaling factor is chosen from a set of allowed
values, C = {0.06, 0.12, ...1.20}, defined as a finite set of appropriate size to
minimize the effect of overfitted variables.

The result of the optimization yields a scaling factor value of c = 0.72. This
implies a goal function value of 1.18%, meaning the calculated dVaR of a po-
sition rises above the dVaR limit 6.32% on average for all assets through the
time period. This represents an average number of 15.48 dVaR limit violations
annually per asset. Although the scaling function is adapted to each time series
using a 100-day ATR, the results vary slightly among the assets. A goal func-
tion value of 9.42%, equivalent of 41.71 violations annually, represents the most
extreme result. However, the value is far within the acceptable range of risk
taking according to the Fund. The rolling monthly limit violation is illustrated
in figure 13.
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Table 6: Scaling factor optimization problem

minimize
c∈C

A =
∑
k∈K

∣∣v −∑t∈T 1{Fkt(c)>dV aRL}
∣∣

Sets
C : Set of allowed variable values
K : Set of assets
T : Set of time periods
Indices
k : Asset
t : Time period
Constants
v : Violation target
dV aRL : Daily Value-at-Risk limit
Functions
Fkt() : Calculated daily Value-at-Risk
Varibles
c : Scaling factor

Figure 13: Occurrences of dV aR exceeding allocated limit

The scaling factor is used over the same time period when running the historical
parameter recalibration process of the BTM, as over which it was optimized.
This might cause the pre-stage optimization to bias the results leading to better
to risk control. However, the frequency of dVaR limit violation shows stability
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on an annual basis over the time period, justifying the use of a constant scaling
factor.

6.3.3 BTM monthly parameter recalibration

Many of the parameters used in the BTM are set explicitly, decided according
to the Fund’s preferences of trading or risk strategy. The parameters that are
recalibrated each month represent MA lengths, trigger levels and other factors
adjusting the model to the dynamics of each time series for each month. The
parameters used as variables in the optimization process are given in table 7
along with the finite sets, Di, of allowed values for each variable category. The
ranges of the sets are decided partly from the results of a short restriction free
test run, which are then decreased to finite sets to limit the computational time
of the entire process. Some ranges are also limited on purpose, for reasons such
as decreasing the possibility of frequent intraday trading, which is unobservable
due to daily data observations.

Table 7: Categories of optimization variables

Categories of variables i Di

ATR20 band width, α 1 {5%, 10%, ...30%}
High/Low significance level, β 2 {2%, 4%, ...10%}
RSI: EMA length, γ 3 {15, 20, ...30}
RSI: Extreme levels, δ 4 {5 & 95, 10 & 90, ...25 & 75}
RSI: Duration of reduction, ε 5 {3, 5, 7}
MA10 RSI: look back period, ζ 6 {3, 4, ...6}
MA10 RSI: Extreme levels, η 7 {20 & 80, 25 & 45, ...40 & 60}

The optimization process is conducted separately for each asset on the last day
of each month. The BTM optimization problem is formulated in table 8.

The goal function, Rkm is expressed as the average of rolling monthly returns
divided by the CV aR10% function of the monthly returns. Both the numera-
tor and the denominator assess the time period of the two years prior to each
recalibration. Monthly rather than daily returns are used to avoid consecutive
periods of negative values, as in compliance with an investor’s evaluation of the
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Table 8: BTM optimization problem

maximize Rkm = 1
|Bm|

∑
t′∈Bm Gkt′(xkt′)

|Hkm(Gkt : t∈Bm)| k ∈ K, m ∈M

subject to:
xkt = [xkt1, xkt2 . . . xktn] k ∈ K, t ∈ T
xkti ∈ Di k ∈ K, t ∈ T , i ∈ I

Sets
K : Set of assets
T : Set of all time periods
Bm ⊂ T : Sets of past two years time periods
M ⊂ T : Set of the last time period of each month
I : Set of categories of variables
Di : Set of allowed values for categories of variables
Indices
k : Asset
t : Daily time period
m : Monthly time period
i : Variable category
Constants
n = |I| : Number of variable categories
Functions
Gkt() : Rolling monthly return
Hkm() : CV aRm,10%
Varibles
xkt : Vectors of trigger levels and lengths



6 Asset allocation and trading procedure 52

Fund’s performance. Also, rolling monthly returns show lower volatility than
daily returns as they are smoothed, making the optimization favor stable re-
turns rather than positive spikes. The CVaR risk measure encapsulates most
of the undesired extreme downside returns, even during volatile periods. Hence
the goal function is set to increase returns relative to downside risk.

The development of the the goal function values over the time period from 2000
to 2012 is illustrated in figure 14. The average of all the assets is rather stable
over the total period, while the range varies significantly. Although there are
large differences in the asset time series, a diversification effect stabilizes the
average.

Figure 14: Development of the goal function

Table 9 summarizes the variable development of the optimization process. Each
asset requires a computational time of 18 hours, making the total computational
time 432 hours1.

The variables given in one month are also optimal for the subsequent period
in 27% to 60% over the time span. Except for β and ζ, the variables change
less than one step on average each optimization. Conditioned on a change from
one month to the next, the average steps of change were well below two for all
variables. This could suggest that the selection of lookback period and recali-

1Using the Frontline Risk Platform Solver 2010 on a 64-bit Windows 7, 16GB RAM, 8 core
3.4GHz computer.
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Table 9: Summary of parameter recalibrations

Cont. Avg. Avg. steps,
variable Median Mean Mode change given change

α 60% 0.08 0.10 0.05 0.03 1.70
β 27% 0.06 0.06 0.04 0.03 1.68
γ 58% 19.58 19.57 20 2.65 1.26
δ 46% 79.38 80.99 75 4.17 1.57
ε 45% 5.00 5.08 5 1.31 1.19
ζ 28% 4.79 4.56 5 1.01 1.42
η 37% 65.21 65.65 65 4.63 1.48

bration frequency has mostly been fitting for the model at hand. Arguably the
variable sample space can be too small and the resolution too low, thus forcing
more stable variables than inherent in the return series.

For β, ε, and ζ, the distributions given in appendix E.1 imply that the sample
range is fitting. For α and δ the most occurring variable is located at the
lower bound of the range. The two distributions are heavily skewed to the
left, suggesting that shifting the sample set lower or using a higher resolution
around the lower bound could be beneficial. However, for α representing the
ATR-band, the lower bound is set to avoid possible intraday trading. For δ the
lower bound is set to limit the RSI impact, as mistrades due to high frequency
of trading related to the RSI rule are unobservable using daily data. For γ and
η the results are more dubious. The distributions suggest that the sample space
is suitable thou shifted towards the lower end. However, for respectively ten
and eight assets the most occurring variable is located on the lower bound, and
the results could benefit from a sample space with additional lower values. The
asset specific results are given in appendix E.1.

6.3.4 TRAM monthly parameter recalibration

Similar to the BTM, the parameters of the trend recognition methods used in
the TRAM are recalibrated each month during the assessment of the model.
The parameters that are decided through the optimization represent smoothing
lengths, trigger levels and other factors adjusting the model to the dynamics
of the asset pool for each month. The parameters are used as variables in the
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optimization process, and are given in table 10 along with the sets of allowed
values for each variable category, Ejl.

Table 10: Categories of optimization variables

Method j Variabel category l Ejl

Autocorrelation 1 Sample length, θ 1 {5, 10, ...50}
Significance level, ι 2 {0.05, 0.1, ...0.5}

ADX 2 Time period length, κ 1 {10, 15, ...30}
Trend indication level, λ 2 {5, 10, ..., 30}
Trend indication limit, µ 3 {30, 35, ..., 95}

Aroon Indicator 3 Time period length, ν 1 {10, 15, ...50}
Trend indication level, ξ 2 {15, 20, ...95}

EMD 4 Total time period length, o 1 {30, 40, ...100}
Bandwidth factor, π 2 {0.05, 0.1, ..., 0.5}
Trend indication level, ρ 3 {0.01, 0.02, ...0.2}

FDI 5 Total interval length, σ 1 {4, 6, ...50}
Trend indication level, τ 2 {1.4, 1.5, ...1.9}

VHF 6 Time period length, υ 1 {5, 10, ...30}
Trend indication level, φ 2 {0.05, 0.1, ...1}
Trend indication limit, χ 3 {0.55, 0.6 ...1}

Vortex 7 Time period length, ψ 1 {5, 10, ...30}
Trend indication level, ω 2 {0.02, 0.04, ...0.4}

The optimization process is conducted separately for each trend recognition
method on the last day of each month. The TRAM optimization problem is
formulated in table 11.

The goal function, Rjm is exactly equal to the goal function of the BTM recal-
ibration optimization found in table 8. However the optimization is performed
for each trend recognition method, rather than for each asset. The optimization
yield the enhanced variable values for each month, which are used as parameters
when assessing the value added by the TRAM.

Figure 15 depicts the goal function development over the total time period. The
methods exhibit a large variation in amplitude, while the form is more similar.
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Table 11: TRAM optimization problem

maximize Rjm = 1
|Bm|

∑
t′∈Bm Gjt′(yjt′)

|Hjm(Gjt : t∈Bm)| j ∈ J , m ∈M

subject to:
yjt = [yjt1, yjt2 . . . yjtpj ] j ∈ J , t ∈ T
yjtl ∈ Ejl j ∈ J , t ∈ T , l ∈ Lj

Sets
T : Set of all time periods
Bm ⊂ T : Sets of past two years time periods
M ⊂ T : Set of the last time period of each month
J : Set of trend indication methods
Lj : Sets of categories of variables for each method
Ejl : Set of allowed values for categories of variables
Indices
t : Daily time period
m : Monthly time period
j : Trend indication method
l : Variable category
Constants
pj = |Lj | : Number of variable categories for each method
Functions
Gkt() : Rolling monthly return
Hkm() : CV aRm,10%
Varibles
ykt : Vectors of trigger levels and lengths
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The goal function is highly sensitive to changes in the monthly returns. The
returns affect both the nominator and the denominator, so periods with few
large negative returns will reduce the CVaR as well as increase the sum of re-
turns in the nominator. On average, and consistently over the percentiles, the
optimization of the AC and Vortex filters yields the lowest goal function values,
while the VHF filter yields the highest.

Figure 15: Development of the goal function

For the variables ι, κ, λ, τ and ω, the most occurring variable is a boundary
value. As all variables are given a wide sample set of feasible solutions, this sug-
gests that either the resolution is too low, or that the filter is ineffective where
the boundary values allow the base model to allocate capital most widely. From
table 12, for the ADX, VHF, Vortex, FDI and EMD filters, the latter is clearly
the case where they on average indicate that well above 85% of the assets are
trending over the time span.

The AC and Aroon filters indicate trending assets respectively 62% and 69%
of the time, which accounts for the lowest values of the filters. However, 30%
of the time, the AC variable ι is at its upper boundary of 50%. Obviously an
autocorrelation with 50% significance level is not very reliable and should be
discarded. The Aroon filter seems to better include the multivariate nature
of the assets. The current sample set of ν and ξ appear to be well suited to
encapsulate the underlying dynamics. The Aroon filter’s continuous variable
occurrences suggests that the variables are stable over the period.



6 Asset allocation and trading procedure 57

Table 12: Summary of TRAM parameter recalibrations

Cont. Avg. steps,
variable Median Mean Mode Avg. change given change

θ 45% 35.00 35.74 35 6.54 2.38
ι 27% 0.45 0.41 0.5 0.08 2.15
κ 52% 15.00 14.09 10 3.88 1.60
λ 40% 10.00 8.35 5 3.79 1.26
µ 26% 75.00 74.26 65 8.54 2.30
ν 48% 30.00 32.60 30 4.71 1.82
ξ 38% 25.00 26.57 20 7.79 2.53
o 33% 35.00 36.24 35 8.04 2.41
π 13% 0.35 0.34 0.3 0.10 2.32
ρ 18% 0.05 0.05 0.05 0.03 3.58
σ 38% 38.00 33.40 50 9.88 8.01
τ 80% 1.90 1.86 1.9 0.03 1.42
υ 42% 20.00 19.17 20 4.50 1.54
φ 37% 0.15 0.12 0.15 0.05 1.47
χ 30% 0.75 0.74 0.8 0.09 2.67
ψ 58% 10.00 9.59 10 3.96 1.90
ω 58% 0.02 0.04 0.02 0.03 3.28
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7 Results
The assessment of the BTM profitability, and the value added by the TRAM
methods, yield comparable results over a ten year period. The comparable
return series consist of 2450 data points starting in March 2002 and ending
in February 2012. For both models, the results are taken from the one month
out-of-sample period following the lookback period for the recalibration process.

Although the BTM and TRAM utilize and considerate a constant capital base,
monthly accumulated returns and indices are calculated to include interest ef-
fects, to better compare and benchmark results.

7.1 Base trading model assessment
Under constant risk capital allocation, the BTM performance index has a com-
pound annual growth rate (CAGR) of 19.02%. The rolling monthly returns
averages on 1.55% over all assets, as given in table 13. The largest monthly
loss, i.e. the worst draw down (WDD) of the model during the period repre-
sents 3.10% of the total capital base.

For commodities, the BTM yield significantly better returns in addition to lower
standard deviation than for financial products. The higher volatility among fi-
nancial products reflects the diversification effect due to a higher number of
commodity assets and lower intercorrelation. Although financial products show
higher maximum daily and monthly returns, large losses result in a lower av-
erage as well as a lower CAGR. The financial products have a WDD of 5.90%
compared to 2.50% for commodities.

All monthly return series exhibit leptokurtic distributions, indicating high peaks
and fat tails. A positive skewness is present in all return series, yielding an
overall value of 1.16. As the mode of the return distribution is positive, posi-
tive skewness indicates that large positive returns occur more often than large
negative returns. All series refutes the null hypothesis of a normal return dis-
tribution. The complete return statistics for each asset are given in appendix
F.1.

In both a daily settled and accumulative environment the most profitable as-
sets were feeder cattle, copper, sugar and platinum and the least profitable
where Japanese Yen, live cattle, Norwegian Kroner and gold, respectively. As-
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Table 13: Profit and loss statistics for the BTM model

All assets Commodities Financial products

Monthly accumulated statistics
Average 1.6% 1.6% 1.4%
SD 1.5% 1.6% 2.9%
Min -3.1% -2.5% -5.9%
Max 10.9% 11.7% 14.8%
Kurtosis 7.2 8.3 4.0
Skewness 1.2 1.4 0.6

Other statistics
Index CAGR 19.0% 19.5% 16.7%
Min daily -1.8% -1.7% -5.5%
Max daily 2.5% 2.1% 4.7%

set volatility and profitability are correlated with a coefficient of 0.37. The four
most volatile assets are found among the top seven most profitable, inclining
volatile assets yield more profitable returns using the BTM.

The development of the simplified portfolio Margin-to-Equity (M/E) ratio is
illustrated in figure 16.

The ratio is higher for commodities then for financial products through the first
half of the period, however a switch occurs in the period from 2006 to 2009.
As the portfolio is weighted towards commodities, the ratio of the total follows
tightly. The ratio ranges in the interval between 3% and 13% with an average
of 8%. Compared to most funds, an average of 8% is considered relatively low,
categorizing the BTM as conservative among CTAs (Melin, 2010).

7.2 Dynamic allocation assessment
The trend recognition methods utilized in the TRAM yield mixed return statis-
tics compared to static allocation. As given in table 14, the ADX, Aroon and
EMD enhance the average monthly returns to 1.56%, 1.69% and 1.56%, respec-
tively. However, all methods yield a higher standard deviation and the majority
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Figure 16: ME ratio development of the portfolio

exhibits larger extreme values. Most methods, except FDI, have higher WDD
than static allocation, where the highest WDD of 4.48% is found among Aroon’s
returns. The cumulative return indices of the dynamic allocation methods are
given in figure 17, illustrating their deviation from static allocation.

Figure 17: Cumulative return indices for static allocation and dynamic alloca-
tion methods

Similar to static allocation, most trend recognition methods, apart from AC,
yield better returns for commodity assets than for financial products. For com-



7 Results 61

Table 14: Accumulated monthly profit and loss

Static
AC ADX Aroon EMD FDI VHF Vortex alloc.

All assets
Avg. 1.27% 1.56% 1.69% 1.56% 1.47% 1.50% 1.40% 1.55%
SD 1.89% 1.57% 2.07% 1.64% 1.59% 1.55% 1.61% 1.54%
Min -4.26% -4.24% -4.48% -3.25% -3.01% -3.44% -3.31% -3.10%
Max 12.15% 11.04% 10.74% 10.99% 10.87% 11.04% 10.65% 10.92%
Kurt. 5.89 7.36 4.36 6.16 6.92 6.87 6.95 7.19
Skew. 0.92 1.09 0.63 1.03 1.12 1.07 1.14 1.16

Commodities
Avg. 1.22% 1.60% 1.67% 1.54% 1.49% 1.50% 1.42% 1.58%
SD 1.96% 1.63% 2.08% 1.72% 1.67% 1.61% 1.68% 1.63%
Min -4.14% -2.59% -5.03% -2.64% -2.44% -2.56% -2.81% -2.50%
Max 12.16% 11.48% 11.28% 11.47% 11.33% 11.51% 11.65% 11.36%
Kurt. 6.51 8.47 4.36 7.27 7.92 7.74 8.29 8.25
Skew. 1.07 1.42 0.54 1.33 1.33 1.28 1.40 1.39

Financial products
Avg. 1.42% 1.33% 1.57% 1.52% 1.30% 1.36% 1.18% 1.36%
SD 4.38% 3.24% 5.00% 3.56% 3.29% 3.12% 3.34% 2.88%
Min -8.69% -11.63% -15.79% -7.56% -6.50% -7.46% -14.59% -5.90%
Max 20.19% 16.07% 35.35% 16.94% 15.69% 16.26% 15.89% 14.79%
Kurt. 4.95 4.58 8.21 3.56 3.56 3.96 4.55 3.98
Skew. 1.00 0.28 1.29 0.59 0.59 0.58 0.25 0.63
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modities, ADX and Aroon outperform static allocation with average monthly
returns of 1.60% and 1.67% respectively. ADX’s monthly returns also exhibit
lower standard deviation. Most methods, except ADX and VHF, yield more
extreme returns than static allocation.

Among financial products, AC, Aroon and EMD outperform the static alloca-
tion on average monthly return. However, the returns of all methods exhibit
higher standard deviation. Aroon yields the most extreme returns, with a max-
imum monthly return of 35.35% and a WDD of 15.79%.

ADX is the only method exhibiting higher kurtosis than static allocation, while
no method have higher skewness. All trend recognition methods show similar
monthly return distributions as the static allocation. However, Aroon yields
remarkably lower kurtosis and skewness. A complete overview of the return
statistics for each method is given in appendix F.

As described in section 6.3.4, the optimization variables representing trend in-
dication level take values located on the boundary for most methods, indicating
they are not able to isolate a few assets in favor of allocating widely. The indi-
cation is verified in table 15, where the methods provide trend indication of a
fairly high number of assets over the time period. AC and Aroon are the only
two methods that manage to allocate to less than 85% of the total asset pool
on average.

Table 15: Average number of indicated trending assets

AC ADX Aroon EMD FDI VHF Vortex

All assets (24) 14.94 23.18 16.65 20.81 22.14 23.20 22.52
Commodities (19) 11.77 18.37 13.09 16.38 17.49 18.39 17.83
Financial products (5) 3.17 4.82 3.56 4.42 4.65 4.81 4.69

7.3 Benchmarking and performance evaluation
Benchmark indices are selected on the basis of data availability and relevance
in terms of asset pool, size, and fund category. Both static and dynamic al-
location methods are compared to the Thomson Reuters/Jefferies CBR Index
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(CRB), the Newedge CTA Index (NEIXCTA) and the IASG CTA Trend Fol-
lowing Strategy Index (IASG). The CRB is a buy-and-hold index used due to
the composition of commodities, which matches the asset pool used for the as-
sessment of the model. The Newedge CTA Index tracks the 20 largest CTAs
globally (Newedge, 2012). The IASG CTA Trend Following Strategy Index is
an equally weighted index consisting of approximately 100 CTAs trading on a
trend following strategy similar to the Fund (IASG, 2012). The composition of
the indices are further described in appendix G.

The BTM’s accumulated return index, under static allocation, is compared to
the respective benchmark indices is figure 18. The BTM exhibits similar profit
pattern as the other two CTA indices, but with a considerable larger magnitude
and lower volatility. The BTM and the CTA indices do not experience CRB’s
draw down during 2008 as they are able to take short positions.

Figure 18: Static allocation compared to benchmark indices

The static allocation outperforms the benchmarks and the dynamic allocation
when compared using RAPMs for most assets. The only exception is for IR,
where ADX, Aroon and EMD score higher than the static allocation when eval-
uated against the CRB index. Table 16 shows that the top four performers on
RAPMs for all assets are static allocation, ADX, EMD and VHF. ADX out-
perform static allocation on all RAPMs for commodities, but is only the fourth
best performer for financial products. Even though Aroon exhibits consider-
able larger average return than static allocation and the other filters, the high
volatility and WDD penalize the filter when assessed on the RAPMs.
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Table 16: RAPM values2

IR
Sharpe Omega Sortino Kappa3 (CRB)

All assets
AC 1.91 4.96 1.95 1.42 0.50
ADX 2.83 12.56 4.34 2.71 0.68
Aroon 2.32 8.92 3.60 2.54 0.78
EMD 2.69 10.98 4.27 2.93 0.69
FDI 2.65 10.23 3.85 2.68 0.63
VHF 2.75 10.99 4.13 2.76 0.64
Vortex 2.44 8.35 3.27 2.29 0.58
St. Alloc. 2.89 13.03 4.78 3.19 0.68

Commodities
AC 1.66 4.01 1.57 1.17 0.46
ADX 2.76 12.16 4.96 3.46 0.71
Aroon 2.18 8.16 3.40 2.40 0.78
EMD 2.46 9.70 4.14 2.98 0.68
FDI 2.52 9.43 3.88 2.80 0.65
VHF 2.57 9.67 4.01 2.88 0.64
Vortex 2.33 7.85 3.24 2.35 0.60
St. Alloc. 2.74 11.92 4.88 3.42 0.70

Financial
AC 1.05 3.26 1.21 0.91 0.47
ADX 1.23 3.47 1.22 0.80 0.46
Aroon 0.97 3.37 1.26 0.96 0.49
EMD 1.28 3.79 1.52 1.18 0.54
FDI 1.15 3.04 1.16 0.91 0.44
VHF 1.30 3.64 1.40 1.04 0.48
Vortex 0.99 2.57 0.79 0.55 0.37
St. Alloc. 1.40 3.92 1.58 1.20 0.49

Benchmarks
IASG 0.72 1.90 0.51 0.39
CTA 0.42 0.35 -0.40 -0.31
CRB 0.18 0.60 -0.19 -0.12
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7.4 Discussion
The fact that monthly return series of the BTM exhibit leptokurtic distribu-
tions and positive skewness coincides with the trend following concept of the
fund. The distributions can arguably be a good characteristic of a fund seek-
ing to capture trends in asset prices. Large positive returns occur more often
than large negative returns, indicating the model is able to follow trends on a
monthly basis, while cutting losses in a ranging market. Considering that the
BTM outperforms benchmark indices on total return and RAPM values with a
conservative M/E ratio, the trend following framework is verified to perform as
intended over the period assessed.

The simplified calculations of transaction costs and model mistrades reduce
gross profits in the approximate range of 9-25% and 11-35% respectively. The
averages of 16% and 23% is considered high enough to verify that the assump-
tions implemented in the models are not understating such costs.

Comparing the indices of the BTM’s asset specific returns with the time series
of each asset3, the trend following ability of the model is further verified. The
model is clearly able to follow trends, where especially short- to mid-term trends
are profitable. This coincides with the use of 50 days EMA period. For long
term trends, as in natural gas and gold, the model appears to be less profitable.
The difference in returns between assets can be related to the difference in price
series properties. Even though the model uses parameters fit to each asset time
series, assets with higher volatility tend to be more profitable, indicating the
model framework is better fit for some distribution characteristics than for oth-
ers.

In assessment of the BTM’s risk management efficiency, the main concern is
washing losses. The model design is vulnerable to losses in ranging markets,
so whether or not the ATR bands manage to minimize the degree of washing
is a critical factor. When examining the WDD of monthly return series, it is
apparent that in ranging markets, a sudden increase in volatility is punished
hard. Eurodollar is accountable for the largest WDD of 23% of the asset spe-
cific allocation. Given the funds allocation limit of maximum 20% to a single

2The Sharpe ratio uses a risk free rate of 3%, while the Omega, Sortino and Kappa3 uses
an annual MAR of 9%. The parameters are set in accordance with industry practice (JP
Morgan).

3Detailed information given in appendix F.1
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asset, such a worst case loss is manageable.

The fact that most trend recognition methods fail to add significant value
through dynamic allocation can be contributed to several factors. The ma-
jority of the methods fail to single out trending assets, and allocate almost as
widely as static allocation, arguably due to the multivariate nature of the asset
pool. Hence a generalized recalibration is insufficient for an enhanced allocation.
Further, the optimization considers the same goal function as for the BTM. This
causes the TRAM to optimize on already enhanced values adapted to each time
series. The process may also be performed too seldom to adapt to changing
asset price dynamics crucial for recognizing trends.

ADX, Aroon and EMD are the only filters that yield higher average returns,
but the results from dynamic allocation yield higher standard deviation as the
capital allocated is not equally distributed over the assets, thus reducing the
diversification effect. The diversification effect is however exaggerated in our
sample compared to the Fund, as the Fund’s asset universe consist of a consid-
erable higher number of assets.

Static allocation consistently outperforms the dynamic allocation methods for
Sharpe, Omega, Sortino and Kappa measures. As the difference in profit is
marginal compared to the volatility, the diversification effect becomes apparent.
Across the board, the AC filter produces the worst scores, followed by Aroon
and Vortex. As the AC and Aroon filter on average allocates to least assets, the
volatility is correspondingly high, yielding low RAPMs. Although the volatil-
ity is lower for Vortex, it generates the lowest CAGR, which in turn produces
unfavorable RAPMs. The ADX filter produces the highest scores of the meth-
ods, and even outperforms the static allocation for commodity assets. However,
ADX fails to single out trending assets as it allocates to over 95% on average.

The profitability of both static and dynamic allocation is somewhat limited by
the process of monthly recalibration. Unlimited parameter sample spaces or
wider boundaries, as well as more parameters and more frequent optimization
may increase returns, but also lead to over fitting and higher risk of unobserv-
able intraday trading. The formulation of the goal function may also limit the
intention of the optimization, in cases of positive CVaR being minimized in the
expression.
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8 Conclusion
The base trading concepts considered by the Fund are constructed as a com-
plete trading model and simulation platform. The generic framework is based
on moving average rules, as well as other well-known technical trading methods
and risk management tools. For each asset, selected parameters are recalibrated
on a monthly basis to adapt to changing asset price dynamics. Through an as-
sessment using historical data of 24 different assets, the model is verified to
outperform comparable benchmarks in terms of total return and risk adjusted
performance measures. Over a ten year period, the model yields a CAGR of
19%, giving a monthly average return of 1.6%. The out-of-sample returns are
consistent across all sample assets prices, proving the model’s ability to capture
and follow trends. However, profitability differs significantly for the distinct
assets, with the most profitable represented by feeder cattle, copper, sugar and
platinum, indicating the model framework is better suited for some distribution
characteristics than others.

A trend recognition and allocation model is built to assess whether daily dy-
namic allocation of risk capital enhances the profitability of the base trading
model, using general configurations for all assets. The trend recognition meth-
ods intend to improve trading performance, compared to a static allocation to
each asset, by only allocating risk capital to assets with trending time series.
The model is recalibrated each month, where the parameters are generalized
for all assets to capture overall asset pool dynamics. The assessment yields
mixed results, as most fail to single out trending assets; allocating almost as
wide as static allocation. The ADX, Aroon and EMD filters outperform static
allocation’s monthly returns as well as obtaining a higher information ratio
when compared to a buy-and-hold index. However, when evaluated on risk ad-
justed performance measures considering return relative to volatility, all trend
recognition methods fail to add value to the base trading model. The loss of
diversification when only allocating to certain assets increases volatility beyond
the value of excess return.
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9 Acknowledgments
The scope of this thesis is limited when compared to the full set of trading
rules and risk management tool considered by the Fund. The thesis considers
a pool of 24 assets where only the continuous contracts are examined. Hence
a significant amount of tradable assets are excluded. Expanding the underly-
ing commodity pool in addition to including more contracts for each commodity
will enable greater flexibility and robustness in assessment of the trading models.

The approximation of transaction costs including spread costs and liquidity
costs is fairly simple. The actual cost would depend on the market of the spe-
cific asset, its volatility and orderbook depth. The market effect of each trade,
especially in less liquid assets, could prove considerable for large positions, but
is impossible to calculate for past data without the historical orderbook.

The consequences of correlation among asset prices are an interesting subject
of research, having high impact on allocation. Considering correlations and
calculating VaR on groups or portfolio level, would give more accurate risk han-
dling, as well as allowing larger allocations. Portfolio correlations will also lower
margin requirements from clearing houses, decreasing the amount of required
capital for the Fund’s strategies.

The optimization process has several aspects of improvement. Optimization
specific factors such as assigned time limit or accuracy requirements would im-
prove the results, although be more computational demanding. With small
parameter sets the parameters appear more stable than inherent. Setting more
parameters as variables, and increasing the set of allowed values in addition
to more frequent recalibration can enhance the model performance, although
computational time increases drastically. A test of various goal function formu-
lations before choosing an appropriate one, could also improve the recalibration
process. For the TRAM, parameter calibration to each asset, or by asset group,
could improve the adaptability of the trend recognition methods.

Creating an intraday framework would give a more realistic and accurate as-
sessment, as well as simplify the model structure by removing mistrades and
adjustment assumptions and calculations. However, an intraday assessment
would require massive amounts of data, and increase computational demands
considerably. Other framework adjustments of the base trading model could
include the implementation of methods to better capture longer trends, such as
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a 200-day EMA based trading rule.

Verifying trading frameworks and strategies through backtesting does not guar-
antee future profit making, no matter the length of the time period or the
diversification of the dataset. Thou it is more likely that a trading strategy that
has consistently yielded a profit using an out-of-sample evaluation will continue
to do so in the future. However, trading opportunities from well known filters
could decrease due to their popularity. Further work could include newer and
less common filters.
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A List of derivative exchanges

Major exchanges trading futures and options75

Australian Securities Exchange (ASX) www.asx.com.au
BM&FBOVESPA (MBF) www.bmfbovespa.com.br
Bombay Stock Exchange (BSE) www.bseindia.com
Boston Option Exchange (BOX) www.bostonoptions.com
Bursa Malaysia (BM) www.bursammalaysia.com
Chicago Board Options Exchange (CBOE) www.cboe.com
China Financial Futures Exchange (CFFEX) www.cffex.com.cn
CME Group www.cmegroup.com
Dalian Commodity Exchange (DCE) www.dce.com.cn
Eurex www.eurexchange.com
Hong Kong Futures Exchange (HKFE) www.hkex.com.hk
IntercontinentalExchange (ICE) www.theice.com
International Securities Exchange (ISE) www.iseoptions.com
Kansas City Board of Trade (KCBT) www.kcbt.com
London Metal Exchange (LME) www.lme.co.uk
MEFF Renta Fija and Variable, Spain www.meff.es
Mexican Derivatives Exchange (MEXDER) www.mexder.com
Minneapolis Grain Exchange (MGE) www.mgex.com
Montreal Exchange (ME) www.m-x.ca
NASDAQ OMX www.nasdaqomx.com
National Stock Exchange, Mumbai (NSE) www.nseindia.com
NYSE Euronext www.nyse.com
Osaka Securities Exchange (OSE) www.ose.or.jp
Shanghai Futures Exchange (SHFE) www.shfe.com.cn
Singapore Exchange (SGX) www.sx.com
Tokyo Grain Exchange (TGE) www.tge.or.jp
Tokyo Financial Exchange (TFX) www.tfx.co.jp
Zengzhou Commodity Exchange (ZCE) www.zce.cn

75(Hull, 2012)
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B Price and volume development of the asset pool
The figures below shows the price and volume development for the Fund’s commodity universe. For
power traded on Nord Pool, volume was not available. The asset based performance is more varied
than what figure 4 in section 2.2.2 depicts. However, all figures plunge around the financial crisis
which further verifies that commodities serve as a poor diversifier in market downturns. Another
observation is that, between groups, commodities seem to have a low degree of correlation whereas
the contrary appears to be true within the groups. This can be verified in appendix C where the
correlations are given.

The figures also show that the volume traded has overall increased significantly the past 14 years.
Some commodities appear to have large seasonal variations, which may be argued, is due to the
cyclicality of the production process.

Price; energy futures Price; metal futures

Price; softs futures Price; grains futures
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Price; meat futures Volume; energy futures

Volume; metal futures Volume; softs futures

Volume; grain futures Volume; meat futures
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C Descriptive statistics
The table below summarize the time series included. The following tables describes, first, the entire
time span thereafter describing the 1st, 2nd and 3rd Quantile, respectively. All statistics were
calculated using R with the exception of the p-values where excel was used due to a higher accuracy.

Summary time series

Return series Start date End date Data points

All 07-Jan-98 03-Feb-12 3452
1st Quantile 07-Jan-98 07-Oct-02 1150
2nd Quantile 08-Oct-02 28-Jun-07 1151
3rd Quantile 29-Jun-07 03-Feb-12 1151
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Correlations

CL HO NG ENOQ C RR S W CC KC LB SB

CL 1.00 0.86 0.28 0.13 0.33 0.20 0.28 0.29 0.20 0.23 0.11 0.23
HO 0.86 1.00 0.31 0.12 0.30 0.19 0.28 0.25 0.18 0.21 0.09 0.21
NG 0.28 0.31 1.00 0.05 0.14 0.11 0.13 0.12 0.09 0.11 0.02 0.11
ENOQ 0.13 0.12 0.05 1.00 0.05 0.03 0.04 0.03 0.07 0.06 0.04 0.03
C 0.33 0.30 0.14 0.05 1.00 0.29 0.54 0.65 0.17 0.25 0.11 0.27
RR 0.20 0.19 0.11 0.03 0.29 1.00 0.27 0.30 0.13 0.17 0.06 0.15
S 0.28 0.28 0.13 0.04 0.54 0.27 1.00 0.40 0.15 0.20 0.06 0.21
W 0.29 0.25 0.12 0.03 0.65 0.30 0.40 1.00 0.16 0.23 0.10 0.23
CC 0.20 0.18 0.09 0.07 0.17 0.13 0.15 0.16 1.00 0.23 0.05 0.17
KC 0.23 0.21 0.11 0.06 0.25 0.17 0.20 0.23 0.23 1.00 0.10 0.25
LB 0.11 0.09 0.02 0.04 0.11 0.06 0.06 0.10 0.05 0.10 1.00 0.06
SB 0.23 0.21 0.11 0.03 0.27 0.15 0.21 0.23 0.17 0.25 0.06 1.00
GC 0.29 0.26 0.10 0.06 0.20 0.15 0.19 0.18 0.19 0.16 0.03 0.14
HG 0.37 0.34 0.11 0.09 0.26 0.18 0.26 0.22 0.18 0.22 0.11 0.23
PL 0.29 0.27 0.11 0.08 0.22 0.19 0.21 0.19 0.18 0.20 0.05 0.17
SI 0.36 0.31 0.13 0.07 0.26 0.19 0.24 0.23 0.23 0.22 0.08 0.18
FC 0.12 0.09 0.05 0.04 -0.05 0.02 -0.02 -0.01 0.05 0.08 0.06 0.05
LC 0.17 0.14 0.07 0.04 0.17 0.07 0.13 0.15 0.09 0.13 0.06 0.11
LH 0.11 0.10 0.03 0.03 0.09 0.04 0.09 0.09 0.06 0.05 0.07 0.07
TU -0.08 -0.06 -0.01 -0.02 -0.05 -0.02 -0.07 -0.05 -0.02 -0.05 -0.07 -0.03
TY -0.14 -0.10 -0.02 -0.04 -0.08 -0.03 -0.09 -0.08 -0.06 -0.08 -0.09 -0.04
ED 0.00 0.01 -0.01 -0.01 0.02 -0.01 -0.01 -0.01 0.01 0.02 -0.04 0.02
JY -0.07 -0.06 0.00 -0.05 -0.05 -0.02 -0.02 -0.02 0.01 -0.02 -0.03 -0.05
NOK 0.36 0.33 0.12 0.06 0.24 0.18 0.22 0.20 0.21 0.19 0.08 0.17

GC HG PL SI FC LC LH TU TY ED JY NOK

CL 0.29 0.37 0.29 0.36 0.12 0.17 0.11 -0.08 -0.14 0.00 -0.07 0.36
HO 0.26 0.34 0.27 0.31 0.09 0.14 0.10 -0.06 -0.10 0.01 -0.06 0.33
NG 0.10 0.11 0.11 0.13 0.05 0.07 0.03 -0.01 -0.02 -0.01 0.00 0.12
ENOQ 0.06 0.09 0.08 0.07 0.04 0.04 0.03 -0.02 -0.04 -0.01 -0.05 0.06
C 0.20 0.26 0.22 0.26 -0.05 0.17 0.09 -0.05 -0.08 0.02 -0.05 0.24
RR 0.15 0.18 0.19 0.19 0.02 0.07 0.04 -0.02 -0.03 -0.01 -0.02 0.18
S 0.19 0.26 0.21 0.24 -0.02 0.13 0.09 -0.07 -0.09 -0.01 -0.02 0.22
W 0.18 0.22 0.19 0.23 -0.01 0.15 0.09 -0.05 -0.08 -0.01 -0.02 0.20
CC 0.19 0.18 0.18 0.23 0.05 0.09 0.06 -0.02 -0.06 0.01 0.01 0.21
KC 0.16 0.22 0.20 0.22 0.08 0.13 0.05 -0.05 -0.08 0.02 -0.02 0.19
LB 0.03 0.11 0.05 0.08 0.06 0.06 0.07 -0.07 -0.09 -0.04 -0.03 0.08
SB 0.14 0.23 0.17 0.18 0.05 0.11 0.07 -0.03 -0.04 0.02 -0.05 0.17
GC 1.00 0.33 0.52 0.76 -0.02 0.04 0.03 0.12 0.07 0.03 0.18 0.34
HG 0.33 1.00 0.32 0.42 0.10 0.15 0.11 -0.11 -0.14 0.02 -0.04 0.29
PL 0.52 0.32 1.00 0.53 0.04 0.07 0.05 0.00 -0.05 0.03 0.06 0.27
SI 0.76 0.42 0.53 1.00 0.04 0.09 0.07 0.04 0.00 0.03 0.11 0.35
FC -0.02 0.10 0.04 0.04 1.00 0.78 0.29 -0.09 -0.09 -0.02 -0.06 0.06
LC 0.04 0.15 0.07 0.09 0.78 1.00 0.34 -0.07 -0.07 -0.01 -0.06 0.08
LH 0.03 0.11 0.05 0.07 0.29 0.34 1.00 -0.04 -0.05 -0.02 -0.02 0.05
TU 0.12 -0.11 0.00 0.04 -0.09 -0.07 -0.04 1.00 0.84 0.58 0.28 0.08
TY 0.07 -0.14 -0.05 0.00 -0.09 -0.07 -0.05 0.84 1.00 0.47 0.25 0.02
ED 0.03 0.02 0.03 0.03 -0.02 -0.01 -0.02 0.58 0.47 1.00 0.16 0.12
JY 0.18 -0.04 0.06 0.11 -0.06 -0.06 -0.02 0.28 0.25 0.16 1.00 0.14
NOK 0.34 0.29 0.27 0.35 0.06 0.08 0.05 0.08 0.02 0.12 0.14 1.00
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1st Quantile: Correlations

CL HO NG ENOQ C RR S W CC KC LB SB

CL 1.00 0.88 0.21 -0.03 0.06 0.06 0.00 0.06 0.00 0.00 0.04 0.04
HO 0.88 1.00 0.31 -0.05 0.07 0.06 0.01 0.06 0.00 -0.01 0.05 0.03
NG 0.21 0.31 1.00 -0.06 0.09 0.08 0.09 0.08 -0.04 0.01 0.01 0.02
ENOQ -0.03 -0.05 -0.06 1.00 0.00 -0.04 -0.05 0.01 0.01 0.04 0.02 0.03
C 0.06 0.07 0.09 0.00 1.00 0.18 0.69 0.62 0.03 0.03 0.01 0.07
RR 0.06 0.06 0.08 -0.04 0.18 1.00 0.19 0.19 0.03 0.02 0.06 0.02
S 0.00 0.01 0.09 -0.05 0.69 0.19 1.00 0.50 0.05 0.04 -0.02 0.07
W 0.06 0.06 0.08 0.01 0.62 0.19 0.50 1.00 -0.01 0.06 0.03 0.05
CC 0.00 0.00 -0.04 0.01 0.03 0.03 0.05 -0.01 1.00 0.07 0.01 0.06
KC 0.00 -0.01 0.01 0.04 0.03 0.02 0.04 0.06 0.07 1.00 0.02 0.11
LB 0.04 0.05 0.01 0.02 0.01 0.06 -0.02 0.03 0.01 0.02 1.00 0.02
SB 0.04 0.03 0.02 0.03 0.07 0.02 0.07 0.05 0.06 0.11 0.02 1.00
GC 0.09 0.08 0.03 0.02 0.06 0.00 0.13 0.08 0.12 0.04 0.02 0.03
HG 0.07 0.08 0.03 -0.02 0.09 0.04 0.10 0.06 0.01 0.02 0.04 0.03
PL 0.11 0.09 0.03 0.03 0.07 0.01 0.10 0.04 0.04 0.09 0.00 0.04
SI 0.07 0.08 0.01 0.02 0.06 0.03 0.06 0.09 0.11 0.04 0.03 0.05
FC 0.01 -0.02 0.00 0.01 -0.20 0.00 -0.13 -0.07 -0.03 -0.01 0.06 -0.03
LC 0.02 0.01 0.02 0.02 0.04 0.02 0.04 0.04 -0.01 -0.03 0.01 -0.03
LH 0.05 0.05 0.03 -0.01 0.07 0.05 0.07 0.06 0.04 -0.04 0.04 0.03
TU -0.07 -0.06 -0.03 0.02 -0.01 -0.03 -0.02 -0.02 0.02 -0.03 -0.12 0.00
TY -0.08 -0.05 0.00 0.00 0.00 0.01 -0.02 -0.01 0.02 -0.03 -0.11 0.01
ED -0.04 -0.05 -0.01 0.03 -0.03 -0.04 0.01 -0.04 0.05 -0.01 -0.14 0.00
JY 0.07 0.07 0.01 -0.04 0.08 0.02 0.12 0.06 0.06 0.05 0.02 0.02
NOK 0.05 0.03 0.04 0.00 0.02 0.01 0.06 0.03 0.09 -0.04 -0.02 0.04

GC HG PL SI FC LC LH TU TY ED JY NOK

CL 0.09 0.07 0.11 0.07 0.01 0.02 0.05 -0.07 -0.08 -0.04 0.07 0.05
HO 0.08 0.08 0.09 0.08 -0.02 0.01 0.05 -0.06 -0.05 -0.05 0.07 0.03
NG 0.03 0.03 0.03 0.01 0.00 0.02 0.03 -0.03 0.00 -0.01 0.01 0.04
ENOQ 0.02 -0.02 0.03 0.02 0.01 0.02 -0.01 0.02 0.00 0.03 -0.04 0.00
C 0.06 0.09 0.07 0.06 -0.20 0.04 0.07 -0.01 0.00 -0.03 0.08 0.02
RR 0.00 0.04 0.01 0.03 0.00 0.02 0.05 -0.03 0.01 -0.04 0.02 0.01
S 0.13 0.10 0.10 0.06 -0.13 0.04 0.07 -0.02 -0.02 0.01 0.12 0.06
W 0.08 0.06 0.04 0.09 -0.07 0.04 0.06 -0.02 -0.01 -0.04 0.06 0.03
CC 0.12 0.01 0.04 0.11 -0.03 -0.01 0.04 0.02 0.02 0.05 0.06 0.09
KC 0.04 0.02 0.09 0.04 -0.01 -0.03 -0.04 -0.03 -0.03 -0.01 0.05 -0.04
LB 0.02 0.04 0.00 0.03 0.06 0.01 0.04 -0.12 -0.11 -0.14 0.02 -0.02
SB 0.03 0.03 0.04 0.05 -0.03 -0.03 0.03 0.00 0.01 0.00 0.02 0.04
GC 1.00 0.12 0.31 0.54 -0.02 0.01 0.02 0.10 0.06 0.13 0.19 0.23
HG 0.12 1.00 0.08 0.22 0.00 0.01 0.02 -0.09 -0.09 -0.05 0.06 0.05
PL 0.31 0.08 1.00 0.29 -0.04 -0.05 0.02 -0.02 -0.04 0.03 0.15 0.07
SI 0.54 0.22 0.29 1.00 -0.02 0.03 0.07 0.04 0.01 0.05 0.19 0.19
FC -0.02 0.00 -0.04 -0.02 1.00 0.78 0.30 -0.07 -0.05 -0.06 0.00 0.01
LC 0.01 0.01 -0.05 0.03 0.78 1.00 0.30 -0.02 0.00 -0.02 0.01 0.00
LH 0.02 0.02 0.02 0.07 0.30 0.30 1.00 -0.05 -0.07 -0.04 -0.01 0.01
TU 0.10 -0.09 -0.02 0.04 -0.07 -0.02 -0.05 1.00 0.84 0.72 0.01 0.15
TY 0.06 -0.09 -0.04 0.01 -0.05 0.00 -0.07 0.84 1.00 0.58 -0.04 0.09
ED 0.13 -0.05 0.03 0.05 -0.06 -0.02 -0.04 0.72 0.58 1.00 0.05 0.16
JY 0.19 0.06 0.15 0.19 0.00 0.01 -0.01 0.01 -0.04 0.05 1.00 0.23
NOK 0.23 0.05 0.07 0.19 0.01 0.00 0.01 0.15 0.09 0.16 0.23 1.00
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2nd Quantile: Correlations

CL HO NG ENOQ C RR S W CC KC LB SB

CL 1.00 0.84 0.42 0.11 0.14 0.00 0.14 0.13 0.05 0.10 -0.02 0.13
HO 0.84 1.00 0.46 0.11 0.14 0.00 0.14 0.14 0.05 0.11 0.01 0.14
NG 0.42 0.46 1.00 0.06 0.06 -0.01 0.10 0.03 0.02 0.01 -0.07 0.07
ENOQ 0.11 0.11 0.06 1.00 -0.01 0.01 0.03 -0.03 0.03 0.06 0.01 0.00
C 0.14 0.14 0.06 -0.01 1.00 0.18 0.56 0.59 0.01 0.11 0.06 0.09
RR 0.00 0.00 -0.01 0.01 0.18 1.00 0.22 0.15 0.00 0.00 -0.03 0.02
S 0.14 0.14 0.10 0.03 0.56 0.22 1.00 0.38 0.01 0.10 0.02 0.08
W 0.13 0.14 0.03 -0.03 0.59 0.15 0.38 1.00 0.00 0.08 0.04 0.12
CC 0.05 0.05 0.02 0.03 0.01 0.00 0.01 0.00 1.00 0.13 0.09 0.09
KC 0.10 0.11 0.01 0.06 0.11 0.00 0.10 0.08 0.13 1.00 0.09 0.12
LB -0.02 0.01 -0.07 0.01 0.06 -0.03 0.02 0.04 0.09 0.09 1.00 0.01
SB 0.13 0.14 0.07 0.00 0.09 0.02 0.08 0.12 0.09 0.12 0.01 1.00
GC 0.26 0.25 0.12 0.05 0.18 0.10 0.13 0.14 0.11 0.11 0.02 0.11
HG 0.19 0.15 0.10 0.05 0.11 0.05 0.11 0.12 0.07 0.10 0.03 0.16
PL 0.14 0.14 0.08 0.03 0.09 0.07 0.07 0.10 0.08 0.10 0.01 0.10
SI 0.22 0.21 0.10 0.03 0.19 0.08 0.15 0.13 0.11 0.14 0.05 0.11
FC -0.01 -0.04 0.03 0.02 -0.19 -0.03 -0.11 -0.11 0.02 0.02 0.02 -0.05
LC 0.02 0.00 0.04 -0.02 -0.02 -0.02 -0.01 -0.01 0.04 0.06 0.04 -0.01
LH 0.04 0.04 0.03 0.03 0.01 -0.07 0.04 0.01 0.00 0.05 0.03 -0.01
TU 0.07 0.08 0.02 -0.02 0.00 0.02 -0.04 -0.04 0.01 0.00 -0.04 0.01
TY 0.05 0.06 0.03 -0.02 -0.02 0.01 -0.04 -0.04 -0.01 0.00 -0.06 0.00
ED 0.08 0.12 0.03 -0.02 0.02 0.01 -0.03 -0.02 0.00 0.03 -0.02 0.03
JY 0.04 0.05 0.02 -0.04 0.00 0.03 0.03 0.03 0.05 0.04 -0.03 0.00
NOK 0.18 0.18 0.06 0.01 0.08 0.08 0.11 0.05 0.10 0.11 0.01 0.08

GC HG PL SI FC LC LH TU TY ED JY NOK

CL 0.26 0.19 0.14 0.22 -0.01 0.02 0.04 0.07 0.05 0.08 0.04 0.18
HO 0.25 0.15 0.14 0.21 -0.04 0.00 0.04 0.08 0.06 0.12 0.05 0.18
NG 0.12 0.10 0.08 0.10 0.03 0.04 0.03 0.02 0.03 0.03 0.02 0.06
ENOQ 0.05 0.05 0.03 0.03 0.02 -0.02 0.03 -0.02 -0.02 -0.02 -0.04 0.01
C 0.18 0.11 0.09 0.19 -0.19 -0.02 0.01 0.00 -0.02 0.02 0.00 0.08
RR 0.10 0.05 0.07 0.08 -0.03 -0.02 -0.07 0.02 0.01 0.01 0.03 0.08
S 0.13 0.11 0.07 0.15 -0.11 -0.01 0.04 -0.04 -0.04 -0.03 0.03 0.11
W 0.14 0.12 0.10 0.13 -0.11 -0.01 0.01 -0.04 -0.04 -0.02 0.03 0.05
CC 0.11 0.07 0.08 0.11 0.02 0.04 0.00 0.01 -0.01 0.00 0.05 0.10
KC 0.11 0.10 0.10 0.14 0.02 0.06 0.05 0.00 0.00 0.03 0.04 0.11
LB 0.02 0.03 0.01 0.05 0.02 0.04 0.03 -0.04 -0.06 -0.02 -0.03 0.01
SB 0.11 0.16 0.10 0.11 -0.05 -0.01 -0.01 0.01 0.00 0.03 0.00 0.08
GC 1.00 0.42 0.53 0.77 -0.01 0.03 0.03 0.15 0.13 0.16 0.29 0.43
HG 0.42 1.00 0.31 0.42 0.03 0.06 0.09 -0.01 -0.04 0.02 0.17 0.16
PL 0.53 0.31 1.00 0.49 0.03 0.06 0.00 0.10 0.05 0.11 0.15 0.22
SI 0.77 0.42 0.49 1.00 0.01 0.05 0.02 0.12 0.07 0.13 0.23 0.33
FC -0.01 0.03 0.03 0.01 1.00 0.81 0.26 -0.07 -0.07 -0.08 0.00 -0.02
LC 0.03 0.06 0.06 0.05 0.81 1.00 0.29 -0.08 -0.08 -0.07 0.02 0.00
LH 0.03 0.09 0.00 0.02 0.26 0.29 1.00 -0.03 -0.03 -0.04 -0.01 0.01
TU 0.15 -0.01 0.10 0.12 -0.07 -0.08 -0.03 1.00 0.90 0.76 0.31 0.32
TY 0.13 -0.04 0.05 0.07 -0.07 -0.08 -0.03 0.90 1.00 0.64 0.27 0.28
ED 0.16 0.02 0.11 0.13 -0.08 -0.07 -0.04 0.76 0.64 1.00 0.33 0.26
JY 0.29 0.17 0.15 0.23 0.00 0.02 -0.01 0.31 0.27 0.33 1.00 0.42
NOK 0.43 0.16 0.22 0.33 -0.02 0.00 0.01 0.32 0.28 0.26 0.42 1.00
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3rd Quantile: Correlations

CL HO NG ENOQ C RR S W CC KC LB SB

CL 1.00 0.87 0.25 0.20 0.40 0.27 0.47 0.34 0.31 0.33 0.16 0.31
HO 0.87 1.00 0.25 0.18 0.38 0.27 0.49 0.31 0.29 0.32 0.12 0.30
NG 0.25 0.25 1.00 0.06 0.17 0.15 0.18 0.14 0.15 0.17 0.04 0.15
ENOQ 0.20 0.18 0.06 1.00 0.10 0.05 0.10 0.06 0.12 0.08 0.06 0.05
C 0.40 0.38 0.17 0.10 1.00 0.32 0.62 0.66 0.24 0.33 0.13 0.35
RR 0.27 0.27 0.15 0.05 0.32 1.00 0.35 0.34 0.21 0.26 0.08 0.22
S 0.47 0.49 0.18 0.10 0.62 0.35 1.00 0.49 0.30 0.35 0.12 0.35
W 0.34 0.31 0.14 0.06 0.66 0.34 0.49 1.00 0.24 0.31 0.13 0.29
CC 0.31 0.29 0.15 0.12 0.24 0.21 0.30 0.24 1.00 0.33 0.05 0.25
KC 0.33 0.32 0.17 0.08 0.33 0.26 0.35 0.31 0.33 1.00 0.13 0.36
LB 0.16 0.12 0.04 0.06 0.13 0.08 0.12 0.13 0.05 0.13 1.00 0.08
SB 0.31 0.30 0.15 0.05 0.35 0.22 0.35 0.29 0.25 0.36 0.08 1.00
GC 0.33 0.30 0.10 0.08 0.23 0.19 0.27 0.21 0.24 0.20 0.03 0.18
HG 0.54 0.51 0.14 0.18 0.35 0.28 0.47 0.30 0.31 0.36 0.17 0.35
PL 0.42 0.41 0.15 0.16 0.31 0.29 0.37 0.26 0.31 0.29 0.09 0.26
SI 0.44 0.39 0.16 0.12 0.30 0.25 0.36 0.27 0.31 0.30 0.09 0.24
FC 0.24 0.22 0.08 0.08 0.02 0.05 0.14 0.03 0.11 0.16 0.08 0.15
LC 0.28 0.26 0.10 0.10 0.28 0.12 0.28 0.23 0.17 0.22 0.09 0.22
LH 0.15 0.14 0.03 0.05 0.12 0.08 0.13 0.12 0.09 0.09 0.09 0.11
TU -0.16 -0.16 -0.02 -0.04 -0.09 -0.04 -0.13 -0.08 -0.07 -0.09 -0.06 -0.08
TY -0.27 -0.25 -0.05 -0.09 -0.14 -0.07 -0.21 -0.14 -0.14 -0.16 -0.10 -0.10
ED -0.01 0.00 -0.02 -0.02 0.03 -0.01 -0.02 -0.01 0.00 0.03 0.00 0.03
JY -0.15 -0.16 -0.01 -0.07 -0.10 -0.05 -0.15 -0.05 -0.03 -0.08 -0.06 -0.11
NOK 0.51 0.49 0.16 0.13 0.34 0.25 0.39 0.28 0.32 0.31 0.14 0.26

GC HG PL SI FC LC LH TU TY ED JY NOK

CL 0.33 0.54 0.42 0.44 0.24 0.28 0.15 -0.16 -0.27 -0.01 -0.15 0.51
HO 0.30 0.51 0.41 0.39 0.22 0.26 0.14 -0.16 -0.25 0.00 -0.16 0.49
NG 0.10 0.14 0.15 0.16 0.08 0.10 0.03 -0.02 -0.05 -0.02 -0.01 0.16
ENOQ 0.08 0.18 0.16 0.12 0.08 0.10 0.05 -0.04 -0.09 -0.02 -0.07 0.13
C 0.23 0.35 0.31 0.30 0.02 0.28 0.12 -0.09 -0.14 0.03 -0.10 0.34
RR 0.19 0.28 0.29 0.25 0.05 0.12 0.08 -0.04 -0.07 -0.01 -0.05 0.25
S 0.27 0.47 0.37 0.36 0.14 0.28 0.13 -0.13 -0.21 -0.02 -0.15 0.39
W 0.21 0.30 0.26 0.27 0.03 0.23 0.12 -0.08 -0.14 -0.01 -0.05 0.28
CC 0.24 0.31 0.31 0.31 0.11 0.17 0.09 -0.07 -0.14 0.00 -0.03 0.32
KC 0.20 0.36 0.29 0.30 0.16 0.22 0.09 -0.09 -0.16 0.03 -0.08 0.31
LB 0.03 0.17 0.09 0.09 0.08 0.09 0.09 -0.06 -0.10 0.00 -0.06 0.14
SB 0.18 0.35 0.26 0.24 0.15 0.22 0.11 -0.08 -0.10 0.03 -0.11 0.26
GC 1.00 0.35 0.62 0.78 -0.02 0.05 0.04 0.12 0.06 -0.03 0.15 0.33
HG 0.35 1.00 0.45 0.48 0.22 0.26 0.15 -0.20 -0.27 0.05 -0.20 0.45
PL 0.62 0.45 1.00 0.67 0.10 0.15 0.08 -0.03 -0.10 0.01 -0.03 0.40
SI 0.78 0.48 0.67 1.00 0.08 0.14 0.09 0.02 -0.05 0.00 0.05 0.41
FC -0.02 0.22 0.10 0.08 1.00 0.76 0.33 -0.12 -0.14 0.05 -0.15 0.14
LC 0.05 0.26 0.15 0.14 0.76 1.00 0.39 -0.11 -0.13 0.03 -0.15 0.17
LH 0.04 0.15 0.08 0.09 0.33 0.39 1.00 -0.03 -0.05 -0.01 -0.04 0.08
TU 0.12 -0.20 -0.03 0.02 -0.12 -0.11 -0.03 1.00 0.78 0.41 0.52 -0.09
TY 0.06 -0.27 -0.10 -0.05 -0.14 -0.13 -0.05 0.78 1.00 0.32 0.54 -0.19
ED -0.03 0.05 0.01 0.00 0.05 0.03 -0.01 0.41 0.32 1.00 0.19 0.06
JY 0.15 -0.20 -0.03 0.05 -0.15 -0.15 -0.04 0.52 0.54 0.19 1.00 -0.03
NOK 0.33 0.45 0.40 0.41 0.14 0.17 0.08 -0.09 -0.19 0.06 -0.03 1.00
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D Profit adjustments and mistrade calculations

A50
t =



[pct −min(pot , EMA−
50,t)]× (P 50

t − P 50
t−1)× St

for P 50
t < 0 ∧ P 50

t−1 > 0
[pct −max(pot , EMA+

50,t)]× (P 50
t − P 50

t−1)× St

for P 50
t > 0 ∧ P 50

t−1 < 0

[pct −min(pot , pllt−1)]× 1/3× St

for |P 50
t | > |P 50

t−1| ∧ P 50
t−1 6= 0 ∧ P 50

t < 0

[pct −max(pot , phht−1)]× 1/3× St

for |P 50
t | > |P 50

t−1| ∧ P 50
t−1 6= 0 ∧ P 50

t > 0
0 Otherwise

(D.1)

A20
t =



[min(pot , EMA−
20,t)−min(pot , EMA−

50,t)]× 1/3× St

for P 50
t < 0 ∧ P 50

t−1 > 0
[max(pot , EMA+

20,t)−max(pot , EMA+
50,t)]× 1/3× St

for P 50
t > 0 ∧ P 50

t−1 < 0
[min(pot , EMA−

20,t)− pct ]× (P 20
t−1 − P 20

t )× St

for P 20
t < P 20

t−1 ∧ sign(P 50
t ) = sign(P 50

t−1)
[pct −max(pot , EMA+

20,t)]× (P 20
t − P 20

t−1)× St

for P 20
t > P 20

t−1 ∧ sign(P 50
t ) = sign(P 50

t−1)
0 Otherwise

(D.2)

A10
t =



[min(pot , EMA−
10,t)−min(pot , EMA−

50,t)]× 1/3× St

for P 50
t < 0 ∧ P 50

t−1 > 0
[max(pot , EMA+

10,t)−max(pot , EMA+
50,t)]× 1/3× St

for P 50
t > 0 ∧ P 50

t−1 < 0
[min(pot , EMA−

10,t)− pct ]× (P 10
t−1 − P 10

t )× St

for P 10
t < P 10

t−1 ∧ sign(P 50
t ) = sign(P 50

t−1)
[pct −max(pot , EMA+

10,t)]× (P 10
t − P 10

t−1)× St

for P 10
t > P 10

t−1 ∧ sign(P 50
t ) = sign(P 50

t−1)
0 Otherwise

(D.3)

M50
t =



−2(pht − plt)× (|P 50
t |+ 1/3)× St × 5%

for sign(P 50
t ) = sign(P 50

t−1) ∧ [(plt < EMA−
50,t

∧pct > EMA−
50,t ∧ P 50

t > 0) ∨ (pht > EMA+
50,t

∧pct < EMA+
50,t ∧ P 50

t < 0) ∨ (pht > EMA+
50,t

∧plt < EMA−
50,t)]

0 Otherwise

(D.4)
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M20
t =



−2(pht − plt)×max(|P 20
t−1|, 1/3− |P 20

t−1|)× St × 5%

for P 20
t = P 20

t−1 ∧ [(plt < EMA−
20,t

∧pct−1 > EMA−
20,t−1 ∧ pct > EMA−

20,t ∧ P 50
t > 0)

∨(pht > EMA+
20,t ∧ pct < EMA+

20,t

∧pct−1 < EMA+
20,t−1 ∧ P 50

t < 0)

∨(pht > EMA+
20,t ∧ plt < EMA−

20,t)]
0 Otherwise

(D.5)

M10
t =



−2(pht − plt)×max(|P 10
t−1|, 1/3− |P 10

t−1|)× St × 5%

for P 10
t = P 10

t−1 ∧ [(plt < EMA−
10,t

∧pct−1 > EMA−
10,t−1 ∧ pct > EMA−

10,t ∧ P 50
t > 0)

∨(pht > EMA+
10,t ∧ pct < EMA+

20,t

∧pct−1 < EMA+
10,t−1 ∧ P 50

t < 0)

∨(pht > EMA+
10,t ∧ plt < EMA−

10,t)]
∧t− sup{t : t ∈ (RSIt > δ)} > ε

0 Otherwise

(D.6)
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E Optimization variable distribution

E.1 BTM monthly recalibration

Summary of BTM parameter recalibrations

Cont. variable Avg. steps changed
occurency Median Mean Mode Avg. change cond. on change

α 0.6036 0.0792 0.102783 0.05 0.0333 1.7001
β 0.2686 0.0596 0.059863 0.04 0.0245 1.6841
γ 0.5759 19.583 19.57477 20 2.6451 1.2568
δ 0.4595 79.375 80.99458 75 4.1724 1.5715
ε 0.4486 5 5.084475 5 1.3098 1.1913
ζ 0.2822 4.7917 4.559075 5 1.0098 1.4159
η 0.3653 65.208 65.65068 65 4.6293 1.4797
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ATR20 band width, α

ATR20 band width, α CL HO NG NP C RR S W

Cont. variable occ. 63% 59% 75% 47% 49% 60% 58% 59%
Median 0.100 0.100 0.050 0.100 0.100 0.100 0.050 0.100
Mean 0.100 0.100 0.091 0.134 0.128 0.124 0.093 0.123
Mode 0.05 0.1 0.05 0.05 0.05 0.05 0.05 0.05
Avg. change 0.031 0.035 0.022 0.056 0.039 0.039 0.031 0.033
Avg. steps changed
cond. on change 1.70 1.72 1.78 2.12 1.54 1.96 1.52 1.64

CC KC LB SB GC HG PL SI

Cont. variable occ. 62% 51% 51% 58% 68% 64% 65% 49%
Median 0.050 0.100 0.050 0.050 0.050 0.050 0.100 0.100
Mean 0.091 0.109 0.088 0.086 0.071 0.074 0.120 0.123
Mode 0.05 0.05 0.05 0.05 0.05 0.05 0.15 0.1
Avg. change 0.035 0.046 0.033 0.034 0.024 0.029 0.029 0.042
Avg. steps changed
cond. on change 1.87 1.88 1.38 1.61 1.52 1.60 1.66 1.66

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 55% 64% 63% 60% 63% 66% 76% 62%
Median 0.100 0.050 0.050 0.100 0.050 0.100 0.050 0.150
Mean 0.114 0.071 0.076 0.110 0.088 0.109 0.078 0.166
Mode 0.05 0.05 0.05 0.05 0.05 0.05 0.05 0.05
Avg. change 0.041 0.029 0.023 0.032 0.034 0.025 0.022 0.035
Avg. steps changed
cond. on change 1.88 1.67 1.26 1.65 1.87 1.52 1.91 1.89
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High/Low significance level, β

High/Low level, β CL HO NG NP C RR S W

Cont. variable occ. 23% 22% 28% 37% 30% 36% 27% 28%
Median 0.040 0.060 0.060 0.060 0.060 0.060 0.060 0.060
Mean 0.057 0.055 0.057 0.064 0.063 0.059 0.059 0.054
Mode 0.04 0.04 0.06 0.1 0.06 0.04 0.04 0.06
Avg. change 0.030 0.024 0.025 0.026 0.025 0.020 0.025 0.022
Avg. steps changed
cond. on change 1.96 1.54 1.77 2.07 1.80 1.58 1.70 1.54

CC KC LB SB GC HG PL SI

Cont. variable occ. 29% 23% 35% 18% 21% 27% 17% 25%
Median 0.060 0.060 0.060 0.060 0.060 0.060 0.060 0.060
Mean 0.060 0.058 0.060 0.061 0.059 0.058 0.062 0.063
Mode 0.06 0.04 0.06 0.08 0.04 0.04 0.06 0.06
Avg. change 0.025 0.023 0.023 0.030 0.027 0.024 0.027 0.024
Avg. steps changed
cond. on change 1.74 1.52 1.76 1.85 1.69 1.66 1.66 1.60

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 23% 39% 32% 24% 28% 24% 25% 25%
Median 0.060 0.050 0.080 0.060 0.060 0.060 0.060 0.060
Mean 0.061 0.052 0.068 0.065 0.059 0.061 0.060 0.065
Mode 0.08 0.04 0.08 0.08 0.04 0.06 0.04 0.06
Avg. change 0.028 0.018 0.020 0.022 0.024 0.024 0.024 0.026
Avg. steps changed
cond. on change 1.84 1.50 1.52 1.45 1.71 1.57 1.64 1.76
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RSI: EMA length, γ

RSI: EMA length, γ CL HO NG NP C RR S W

Cont. variable occ. 58% 55% 47% 66% 68% 44% 60% 65%
Median 20 20 20 20 20 20 15 15
Mean 20.7 18.4 20.9 19.3 20.0 21.4 17.8 17.4
Mode 20 15 25 15 20 25 15 15
Avg. change 2.55 2.62 3.66 2.00 1.83 3.28 2.34 2.10
Avg. steps changed
cond. on change 1.21 1.17 1.39 1.21 1.15 1.17 1.19 1.22

CC KC LB SB GC HG PL SI

Cont. variable occ. 52% 68% 56% 58% 47% 63% 60% 64%
Median 20 20 20 20 20 20 20 20
Mean 19.9 18.3 21.1 20.0 21.1 19.7 18.9 19.1
Mode 20 20 20 20 20 15 15 15
Avg. change 2.83 1.79 2.72 2.48 3.24 2.45 2.69 2.07
Avg. steps changed
cond. on change 1.19 1.16 1.25 1.20 1.24 1.34 1.37 1.15

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 53% 58% 57% 64% 58% 56% 49% 56%
Median 15 20 20 20 20 20 20 25
Mean 18.0 19.6 19.2 19.1 19.8 18.9 19.0 22.3
Mode 15 20 20 20 15 15 20 25
Avg. change 3.10 2.52 2.52 2.28 3.03 2.83 3.31 3.24
Avg. steps changed
cond. on change 1.34 1.20 1.18 1.27 1.46 1.30 1.30 1.50
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RSI: Extreme levels, δ

RSI: Extreme levels, δ CL HO NG NP C RR S W

Cont. variable occ. 44% 47% 28% 40% 57% 42% 52% 40%
Median 80.0 80.0 80.0 80.0 80.0 85.0 75.0 80.0
Mean 80.0 80.8 81.6 80.7 80.2 83.6 79.2 80.2
Mode 75 75 85 75 75 85 75 75
Avg. change 4.66 4.07 5.34 4.62 2.86 4.38 3.62 4.10
Avg. steps changed
cond. on change 1.68 1.55 1.50 1.55 1.39 1.51 1.50 1.38

CC KC LB SB GC HG PL SI

Cont. variable occ. 56% 73% 48% 46% 44% 41% 44% 53%
Median 75.0 75.0 80.0 75.0 80.0 80.0 80.0 85.0
Mean 77.6 77.2 82.2 79.4 82.9 81.0 79.7 83.5
Mode 75 75 75 75 75 75 75 85
Avg. change 3.10 2.10 4.31 4.55 3.55 5.10 4.41 3.52
Avg. steps changed
cond. on change 1.42 1.61 1.70 1.70 1.29 1.76 1.58 1.63

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 51% 53% 29% 47% 38% 47% 35% 47%
Median 80.0 75.0 80.0 80.0 80.0 80.0 80.0 80.0
Mean 79.8 80.4 82.5 81.9 82.4 81.7 82.5 83.2
Mode 75 75 80 80 75 80 80 80
Avg. change 4.21 4.41 4.86 4.45 5.21 3.90 5.07 3.72
Avg. steps changed
cond. on change 1.74 1.92 1.39 1.71 1.74 1.48 1.58 1.44
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RSI: Duration of reduction, ε

RSI: Duration, ε CL HO NG NP C RR S W

Cont. variable occ. 52% 47% 43% 40% 44% 54% 42% 42%
Median 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0
Mean 5.2 5.2 5.4 5.0 5.3 5.2 5.0 5.0
Mode 5 5 5 5 5 5 5 5
Avg. change 1.12 1.17 1.42 1.45 1.48 1.14 1.41 1.21
Avg. steps changed
cond. on change 1.17 1.12 1.26 1.21 1.32 1.26 1.23 1.05

CC KC LB SB GC HG PL SI

Cont. variable occ. 43% 47% 40% 60% 37% 33% 45% 57%
Median 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0
Mean 5.2 4.7 5.2 5.5 5.1 5.4 5.1 4.7
Mode 5 5 7 5 5 5 5 5
Avg. change 1.34 1.35 1.52 0.87 1.54 1.53 1.31 0.91
Avg. steps changed
cond. on change 1.18 1.27 1.28 1.09 1.23 1.14 1.20 1.06

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 45% 38% 45% 52% 43% 42% 48% 38%
Median 5.0 5.0 5.0 5.0 5.0 5.0 5.0 5.0
Mean 4.7 4.8 5.4 4.8 5.1 5.2 4.9 5.0
Mode 5 5 7 5 5 5 5 5
Avg. change 1.26 1.59 1.38 1.13 1.31 1.39 1.09 1.52
Avg. steps changed
cond. on change 1.15 1.28 1.25 1.19 1.16 1.20 1.05 1.24
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MA10 RSI: look back period, ζ

MA10 RSI: look back, ζ CL HO NG NP C RR S W

Cont. variable occ. 29% 27% 28% 31% 27% 29% 23% 34%
Median 4.0 4.0 5.0 5.0 4.0 5.0 5.0 5.0
Mean 4.5 4.4 4.5 4.6 4.5 4.5 4.6 4.6
Mode 4 5 4 5 4 4 5 5
Avg. change 0.97 1.07 0.97 1.07 1.10 0.96 1.10 0.83
Avg. steps changed
cond. on change 1.36 1.46 1.35 1.56 1.50 1.35 1.47 1.26

CC KC LB SB GC HG PL SI

Cont. variable occ. 18% 31% 29% 31% 24% 31% 22% 25%
Median 5.0 5.0 5.0 5.0 5.0 5.0 4.5 5.0
Mean 4.6 4.5 4.7 4.5 4.5 4.7 4.5 4.6
Mode 5 4 4 5 5 5 4 5
Avg. change 1.11 1.01 0.98 0.99 1.08 0.98 1.14 1.08
Avg. steps changed
cond. on change 1.36 1.48 1.40 1.43 1.43 1.42 1.46 1.43

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 27% 29% 31% 29% 34% 30% 31% 29%
Median 5.0 5.0 5.0 4.0 5.0 5.0 4.5 5.0
Mean 4.7 4.5 4.5 4.5 4.5 4.6 4.4 4.6
Mode 5 4 5 4 5 5 5 5
Avg. change 1.09 0.84 0.97 1.06 0.94 1.01 0.94 0.98
Avg. steps changed
cond. on change 1.51 1.21 1.40 1.50 1.44 1.45 1.37 1.38
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MA10 RSI: Extreme levels, η

MA10 RSI: Levels, η CL HO NG NP C RR S W

Cont. variable occ. 33% 25% 38% 45% 38% 34% 34% 39%
Median 65.0 65.0 65.0 65.0 65.0 65.0 65.0 65.0
Mean 65.5 66.3 64.5 65.4 66.2 64.1 66.1 66.5
Mode 60 65 60 65 65 60 60 65
Avg. change 5.31 5.97 4.31 4.10 4.55 4.14 5.31 4.24
Avg. steps changed
cond. on change 1.59 1.59 1.41 1.49 1.47 1.28 1.62 1.42

CC KC LB SB GC HG PL SI

Cont. variable occ. 30% 31% 34% 39% 34% 37% 42% 40%
Median 65.0 65.0 65.0 65.0 65.0 65.0 65.0 65.0
Mean 65.9 66.1 65.3 65.7 64.9 65.6 66.7 64.1
Mode 65 60 60 65 65 60 65 65
Avg. change 5.14 5.17 4.45 4.38 4.59 5.17 4.31 3.55
Avg. steps changed
cond. on change 1.48 1.58 1.40 1.44 1.42 1.72 1.52 1.18

FC LC LH TU TY ED JY USDNOK

Cont. variable occ. 39% 45% 31% 48% 35% 32% 34% 42%
Median 65.0 65.0 65.0 65.0 65.0 65.0 65.0 70.0
Mean 65.8 65.0 66.3 64.2 66.2 65.9 65.2 68.2
Mode 60 65 65 60 65 65 65 70
Avg. change 4.24 3.62 6.17 3.17 4.52 5.55 5.07 4.07
Avg. steps changed
cond. on change 1.40 1.37 1.85 1.24 1.43 1.65 1.55 1.41
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E.2 TRAM monthly recalibration

Summary of TRAM parameter recalibrations

Cont. Avg. steps Variable Variable
variable Avg. changed cond. on lower on upper

occurency Median Mean Mode change on change bound bound

θ 45% 35.00 35.74 35 6.54 2.38 0% 7%
ι 27% 0.45 0.41 0.5 0.08 2.15 1% 30%
κ 52% 15.00 14.09 10 3.88 1.60 50% 0%
λ 40% 10.00 8.35 5 3.79 1.26 50% 0%
µ 26% 75.00 74.26 65 8.54 2.30 0% 3%
ν 48% 30.00 32.60 30 4.71 1.82 0% 8%
ξ 38% 25.00 26.57 20 7.79 2.53 20% 0%
o 33% 35.00 36.24 35 8.04 2.41 2% 14%
π 13% 0.35 0.34 0.3 0.10 2.32 0% 8%
ρ 18% 0.05 0.05 0.05 0.03 3.58 17% 0%
σ 38% 38.00 33.40 50 9.88 8.01 9% 13%
τ 80% 1.90 1.86 1.9 0.03 1.42 0% 76%
υ 42% 20.00 19.17 20 4.50 1.54 0% 6%
φ 37% 0.15 0.12 0.15 0.05 1.47 18% 0%
χ 30% 0.75 0.74 0.8 0.09 2.67 4% 2%
ψ 58% 10.00 9.59 10 3.96 1.90 39% 2%
ω 58% 0.02 0.04 0.02 0.03 3.28 67% 0%



F Monthly return statistics 106

F Monthly return statistics

Return dist. AC Return dist. ADX

Return dist. Aroon Return dist. EMD

Return dist. FDI Return dist. VHF
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Return dist. Vortex Return dist. static allocation

Return dist. AC, commodities Return dist. ADX, commodities

Return dist. Aroon, commodities Return dist. EMD, commodities
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Return dist. FDI, commodities Return dist. VHF, commodities

Return dist. Vortex, commodities Return dist. static allocation, commodities

Return dist. Aroon, financial Return dist. ADX, financial
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Return dist. Aroon, financial Return dist. EMD, financial

Return dist. FDI, financial Return dist. VHF, financial

Return dist. Vortex, financial Return dist. static allocation, financial
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F.1 Asset specific cumulative performance of the BTM

Crude Oil Heating Oil

Natural Gas Power (Nord Pool)

Corn Rough Rice
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Descriptive statistics of the trend recognition methods monthly return series

Min. Median Mean Max. SD Kurt Skew ADF JB

All assets
AC -4.26% 1.13% 1.27% 12.15% 1.89% 5.89 0.92 -10.10 1,197
ADX -4.24% 1.44% 1.56% 11.04% 1.57% 7.36 1.09 -8.36 2,420
Aroon -4.48% 1.53% 1.69% 10.74% 2.07% 4.36 0.63 -7.59 353
EMD -3.25% 1.39% 1.56% 10.99% 1.64% 6.16 1.03 -8.49 1,452
FDI -3.01% 1.37% 1.47% 10.87% 1.59% 6.92 1.12 -8.05 2,079
VHF -3.44% 1.38% 1.50% 11.04% 1.55% 6.87 1.07 -8.20 1,994
Vortex -3.31% 1.28% 1.40% 10.65% 1.61% 6.95 1.14 -8.48 2,123
St. alloc. -3.10% 1.41% 1.55% 10.92% 1.54% 7.19 1.16 -8.34 2,336

Commodities
AC -4.14% 1.10% 1.22% 12.16% 1.96% 6.51 1.07 -10.40 1,727
ADX -2.59% 1.48% 1.60% 11.48% 1.63% 8.47 1.42 -8.73 3,874
Aroon -5.03% 1.56% 1.67% 11.28% 2.08% 4.36 0.54 -8.53 311
EMD -2.64% 1.32% 1.54% 11.47% 1.72% 7.27 1.33 -8.72 2,581
FDI -2.44% 1.38% 1.49% 11.33% 1.67% 7.92 1.33 -8.27 3,197
VHF -2.56% 1.40% 1.50% 11.51% 1.61% 7.74 1.28 -8.79 2,960
Vortex -2.81% 1.28% 1.42% 11.65% 1.68% 8.29 1.40 -9.00 3,649
St. alloc. -2.50% 1.45% 1.58% 11.36% 1.63% 8.25 1.39 -8.79 3,608

Financial
AC -8.69% 0.99% 1.42% 20.19% 4.38% 4.95 1.00 -8.67 795
ADX -11.63% 1.09% 1.33% 16.07% 3.24% 4.58 0.28 -9.25 287
Aroon -15.79% 1.01% 1.57% 35.35% 5.00% 8.21 1.29 -7.48 3,448
EMD -7.56% 1.18% 1.52% 16.94% 3.56% 3.56 0.59 -8.39 174
FDI -6.50% 0.95% 1.30% 15.69% 3.29% 3.56 0.59 -9.11 173
VHF -7.46% 1.07% 1.36% 16.26% 3.12% 3.96 0.58 -8.64 232
Vortex -14.59% 1.05% 1.18% 15.89% 3.34% 4.55 0.25 -9.00 271
St. alloc. -5.90% 1.13% 1.36% 14.79% 2.88% 3.98 0.63 -8.69 262
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Soybeans Wheat

Cocoa Coffee

Lumber Sugar
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Gold Copper

Platinum Silver

Feeder Cattle Live Cattle
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Lean Hog Two year US treasury note

Ten year US treasury note Eurodollar

Japanese Yen Norwegian Kroner
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Descriptive statistics of the BTM’s monthly return series

Min. Median Mean Max. SD Kurt Skew ADF JB

Total -3.10% 1.41% 1.55% 10.92% 1.54% 7.19 1.16 -8.34 2,336
Commodities -2.50% 1.45% 1.58% 11.36% 1.63% 8.25 1.39 -8.79 3,608
Financial -5.90% 1.13% 1.36% 14.79% 2.88% 3.98 0.63 -8.69 262
CL -10.36% 0.88% 1.44% 19.34% 4.49% 3.27 0.51 -9.84 113
HO -11.36% 0.63% 1.22% 25.86% 4.61% 4.93 0.97 -8.92 763
NG -10.16% 0.61% 1.34% 31.06% 4.28% 8.34 1.48 -8.54 3,806
ENOQ -13.91% 0.50% 1.71% 34.93% 5.22% 10.25 1.93 -8.23 6,895
C -11.36% 0.76% 1.26% 22.36% 4.70% 4.68 0.83 -9.15 572
RR -18.81% 0.78% 1.44% 29.54% 5.85% 5.33 0.88 -9.14 872
S -13.27% 0.72% 1.74% 24.49% 4.94% 4.10 0.84 -9.10 410
W -15.58% 0.85% 1.38% 24.67% 5.07% 5.26 0.88 -9.85 841
CC -9.79% 0.58% 1.23% 18.84% 4.32% 3.59 0.69 -9.59 232
KC -8.87% 0.64% 1.12% 15.78% 3.96% 3.42 0.58 -10.54 155
LB -16.29% 1.14% 1.52% 25.09% 5.27% 3.80 0.48 -10.44 158
SB -12.08% 0.91% 1.89% 28.26% 5.65% 5.08 1.09 -9.26 923
GC -20.71% 0.45% 1.00% 20.71% 4.66% 4.64 0.40 -9.83 341
HG -10.63% 1.15% 1.99% 37.44% 5.51% 8.28 1.67 -8.91 3,976
PL -11.03% 0.99% 1.85% 42.21% 5.31% 10.23 1.77 -9.32 6,615
SI -19.39% 0.90% 1.63% 29.77% 4.90% 4.65 0.85 -9.29 574
FC -15.13% 1.53% 1.97% 21.28% 5.07% 3.44 0.52 -8.50 131
LC -17.50% 0.33% 0.91% 19.71% 4.54% 4.47 0.56 -8.59 347
LH -11.10% 0.89% 1.41% 18.11% 4.33% 3.41 0.48 -11.21 111
TU -13.68% 1.30% 1.71% 19.13% 4.88% 3.10 0.35 -8.98 51
TY -12.26% 1.21% 1.68% 21.73% 4.79% 4.09 0.64 -10.01 290
ED -23.60% 1.60% 1.46% 34.73% 5.41% 7.85 0.42 -9.48 2,472
JY -11.58% 0.17% 0.46% 19.19% 3.91% 4.06 0.58 -9.47 251
USDNOK -10.37% 0.56% 1.11% 31.78% 4.57% 5.27 0.88 -9.04 840
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G Benchmark indices

G.1 Thomson Reuters/Jefferies CRB Index
The original CRB Index was created in 1957 and included 28 commodities. Over the past 50 years
it has evolved in order to maintain the critical role of the Index, which is to remain a leading, trans-
parent and widely available benchmark for the performance of commodities as an asset class.

The Thomson Reuters/Jefferies CRB Index (”TRJ/CRB”) reflects the tenth revision to the original
CRB Index. In keeping with previous revisions, it is designed to provide a liquid and economically
relevant benchmark that provides a timely and accurate representation of commodities as an asset
class.

web: http:www.jefferies.com

CRB weighting as of December 30, 2010

Group I – Incl. only petroleum products
WTI Crude Oil 23%
Heating Oil 5%
RBOB Gasoline 5%

Group II – Highly liquid
Natural Gas 6%
Corn 6%
Soybeans 6%
Live Cattle 6%
Gold 6%
Aluminum 6%
Copper 6%

Group III – Highly liquid, but lower weighted
Sugar 5%
Cotton 5%
Coffee 5%
Cocoa 5%

Group IV – Meaningful diversification
Nickel 1%
Wheat 1%
Lean Hogs 1%
Orange Juice 1%
Silver 1%
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G.2 Newedge CTA Index
The Newedge CTA Index is equal-weighted and reconstituted annually and has become recognized as
the key managed futures performance benchmark. The index calculates the net daily rate of return
for a pool of CTAs selected from the largest managers open to new investment. Assets under man-
agement must be greater than one standard deviation above the mean (minimum of 20 managers;
Cutoff for 2012 = USD1.57 bn)

Website: www.newedgegroup.com

Newedge CTA Index constituents, as of 2012

Winton Capital (Diversified)
Man Investments (AHL Diversified)
Transtrend (Enhanced Risk)
Aspect Capital (Diversified)
Brummer and Partners (Lynx)
Graham Capital (K4D-15V)
Quantitative Investment Mgmt. (Global)
FDO Partners (Emerging Markets Quant Currency)
Ortus Capital (Currency)
FX Concepts (Multi-Strategy)
Capital Fund Management (Discus)
PE Investments (FX Aggressive)
FX Concepts (GCP)
Campbell & Co. (FME Large)
IKOS Futures Fund
Skandinaviska Enskilda (SEB Asset Sel.)
Boronia Capital (Diversified)
Graham Capital Mgmt. (Discretionary - 6V)
Cantab Capital (Aristarchus)
Armajaro Commodities Fund

G.3 IASG CTA Trend Following Stretagy Index
IASG Indexes are generated daily based on CTA manager-supplied sector focus, investment strategy
and performance. To participate in the IASG CTA index, a program must have a minimum track
record of 3 year’s performance. Other indexes require a minimum two year track record. Strategy-
based indexes require the program’s composition be more than 50% of the specific strategy.

Website: www.iasg.com


