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Abstract 

This thesis explores the idea that time frame is an important determinant of 
commodity trading advisor (CTA) performance.  Results allow us to reject the 
hypothesis that short-term price movements may be due only to noise, thus CTAs 
will have the same performance regardless of time frame.  Using several 
performance measures and multi-factor models we find instead that CTAs who 
focus on short-term price changes are better positioned to benefit from advances 
in financial information processing and trade execution technology. 
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1 Introduction 

Trading in futures in the United States is regulated by the Commodity Futures 

Trading Commission (CFTC).  The CFTC "protects market participants against 

manipulation, abusive trade practices and fraud... [and] enables the markets to 

serve better their important functions in the nation's economy—providing a 

mechanism for price discovery and a means of offsetting price risk" [CTC website].  

Professionals, who primarily focus their trading in futures, and in some cases 

options on futures, are known as commodity trading advisors (CTAs).  Some run 

separately managed accounts where they act as consultants, while others run their 

own fund(s).  All CTAs are required to register with the CFTC. 

     CTAs collectively comprise the alternative investment area called managed 

futures.  This area is made up of different strategies and sub-strategies.  Managed 

futures are a vital component in a portfolio because they have little or no 

correlation with stocks.  Because of this, adding futures to a portfolio of stocks, or 

even a portfolio of stocks only can increase the diversification of that portfolio. 

     In this thesis, we test the hypothesis that short-term price movements may be 

due to only noise and CTAs have equal performance regardless of time frame.  

An alternative hypothesis is that CTAs who focus on short-term price changes are 

better positioned to benefit from ongoing advances in financial information 

processing and trade execution technology.  These CTAs use models with greater 

sensitivity to changes in underlying asset prices and volatility and thus enter and 

exit positions more quickly than their longer-term, less sensitive counterparts. 
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     CTAs either explicitly or implicitly believe that market prices do not move 

randomly seek to profit from price inefficiencies.  There are various types of 

CTAs.  Most of these managers are trend-followers.  Most trend followers, in turn, 

are systematic traders, i.e., they develop models to identify trends created by 

inefficient markets and to generate entry and exit signals to capture those trends.  

The time frames in which they analyze and attempt to capture trends vary widely, 

from minutes to hours to months a year or more.  Some CTAs specialize in one 

time frame in the belief that market inefficiencies occur more frequently within it, 

whereas others run a multi-time frame set of models, believing that inefficiencies 

occur across different time frames and that time-frame diversification is vital. 

     Virtually all studies on CTAs have used monthly data, and because of the 

proprietary nature of CTA models so shall we.  However, we use a unique data set 

based on monthly CTA return data combined with survey data.  The survey 

questions are carefully designed to elicit information on the price change 

sensitivity of CTA trading models in such a way that we can classify managers and 

then evaluate their performance to identify the relationship between model 

sensitivity and returns.  We describe the various criteria used to identify different 

degrees of sensitivity, such as the percentage change in the market that triggers 

entry and/or exit signals in a trader’s model.  We also analyze Sharpe ratio, Sortino 

ratio, Calmar ratio, and two equilibrium-based factor models to determine trading 

success based on use of information flow. 

     We are interested in this issue because alongside the growth in the managed 

futures industry, investors have shown increasing interest in short-term CTAs over 
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the last several years.  However, current and prospective investors in CTAs often 

lack sufficient information or a framework within which to analyze the time frame 

sensitivity of CTAs' models.  Moreover, we believe that time sensitivity provides 

one more factor investors can use in the hope of achieving diversification among 

the managers they invest in. 

     The thesis is organized as follows.  In Chapter 2 we present a brief literature 

review.  Chapter 3 presents theoretical concepts and various methodologies used 

to evaluate CTA performance; it also outlines the different sources of data and 

survey details.  Chapter 4 describes empirical results and analysis, and in Chapter 

5 we conclude and make suggestions for further study. 
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2 Literature Review 

2.1 Alternative vs. Traditional Investments 

We present research that is based on the premise that time frame is an important 

determinant of CTA performance.  The conventional way traders refer to time 

frame is how long on average a trader holds a position before reversing it, exiting 

it, or going into neutral mode.  We however think of time frame in terms of the 

sensitivity of a trading model to market changes; for example, we look at what 

degree of change in price or volatility will cause an entry or exit in the model.  For 

this research we refer to 0-6 days as short-term, 7-30 days as intermediate-term, and 

greater than 30 days as long-term time frames. 

     While there has been some proprietary institutional research that suggests that 

time frame is the most important determinant of CTA performance, all things 

being equal, there is little evidence reported in the literature.  The research 

presented here is in some ways similar to the 1986 landmark study by Brinson, 

Hood, and Beebower (hereafter referred to as BHB).  BHB showed that for 91 

large U.S. pension plans where data was analyzed over the period 1974-1983, on 

average 93.6 percent of the variation in plan returns was due to asset allocation.  

In 1991 Brinson, Singer, and Beebower conducted a follow-up study.  The 

updated study used 1977-1987 data for 82 pension plans and showed that asset 

allocation determined 91.5 percent of plan return performance. 
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     Here, however, we pose the performance question in the context of managed 

futures.  We know that for pension plans and traditional mutual funds with long-

only positions and relatively passive investment strategies, that asset allocation is 

most responsible for return variation.  We want to know for CTAs, who frequently 

shift allocations among markets and sectors using futures and who take long and 

short positions extensively, and often with rapid turnover, what impacts 

performance. 

     In 1992, Sharpe produced an asset allocation model for mutual funds that 

utilized asset class factors.  Sharpe used only eight “major” asset classes to replicate 

mutual fund performance.  However, because of the differences between the 

trading strategies of mutual fund managers and those of hedge fund 

managers/CTAs, Sharpe's asset class factor model cannot be used for hedge 

funds/CTA pools without modification.  In a 1997 study Fung and Hsieh discuss 

an extension of Sharpe’s model.  They assume that the key determinants of hedge 

fund/CTA pools performance were location, trading strategy, and leverage.  Their 

asset class factor model extended Sharpe's by replacing the original eight asset 

classes with more global asset classes, adding high yield corporate bonds as a new 

asset class, and including three dynamic trading strategies: Systems/Trend 

Following, Systems/Opportunistic, and Global/Macro.  Unfortunately, Fung and 

Hsieh met with limited success.  Unlike Sharpe’s model which showed high 

correlation with nearly all mutual funds, their model is highly correlated with only 

40 percent of hedge funds/CTA pools. The main problem with their model is that 

you cannot use monthly data in a regression to figure out positions in asset classes 
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that change more frequently than monthly.  We are undertaking this study 

because of the inability of this model to ascertain key determinants of hedge 

funds/CTA pools. 

2.2 Market Efficiency 

CTAs are often classified as a type of hedge fund manager.  They apply active 

portfolio management techniques, taking long and short positions, and generally 

trade in a diverse set of markets in an attempt to capture market inefficiencies.  

The classic definition of market inefficiency implies that prices instantaneously 

and fully reflect all available information [Fama 1991].  Most academics and 

practitioners agree that markets are not fully efficient; however they have 

different views on the degree of efficiency. 

     Most theorists believe that there are three degrees, or forms, of market 

efficiency.  Weak form efficiency states that past performance is not an indicator of 

future performance, that is, all information from past prices is reflected in current 

prices.  Semi-strong form efficiency states that investors will not perform better than 

the market unless they have information other than publicly available information.  

Strong form efficiency says that even if an investor has all information including 

private information he or she still will not perform better than the market.  If an 

investor dud however manage to generate above normal returns this is due purely 

to chance. 

     However there is empirical evidence of systematic patterns in asset returns that 

challenge the theory that the market is efficient.  Among these anomalies are 
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calendar effects such as the weekend effect, the holiday effect, and the January effect.  

In the weekend effect, formerly known as the Monday effect, researchers noted 

that returns on Mondays were more likely to be negative than returns on other 

days of the week.  In the holiday effect mean stock returns are high on the day 

prior to the start of the holiday.  Of all these calendar effects, the January effect is 

the most studied, and researchers have found that returns in January tend to be 

much higher than those in the rest of the year [Arsad and Coutts 1993; see 

Wilkens (2000) for a review of these and other patterns in return and volatility in 

cash and futures markets]. 
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3 Data and Methodology 

3.1 Risk Measures 

In simple terms, risk is the exposure to unexpected change.  For investors it could 

be considered the exposure to unexpected returns.  But risk is hard to define and 

even more difficult to measure [Jaeger 2000].  Below are several measures that are 

used in the industry to estimate risk. 

3.1.1 Standard Deviation 

Standard deviation (σ ) is one of the most common measures of historical volatility, 

and is often used as a proxy for risk.  It is the square root of variance, which 

measures the average squared difference between actual returns and average 

returns. 

σ =

qPn
i=1(Ri−R̄)2
n−1σ =

qPn
i=1(Ri−R̄)2
n−1  

where σ  is the standard deviation 

 iR  is the actual return at time  i

 
1

1 n

i
i

R R
n =

= ∑  is the average return 

 is the length of the time period n

     As a risk measure standard deviation fails to distinguish between risk and 

uncertainty.  In addition it penalizes upside volatility, though investors are averse 

to poor performance not overperformance [Markowitz 1992]. 
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3.1.2 Downside Deviation 

Downside deviation DDσ  is the standard deviation of below target semivariance, 

which measures the dispersion of returns about a minimum acceptable return 

( MAR ).  Unlike standard deviation, downside deviation differentiates between risk 

and uncertainty, penalizes only for underperformance, and does not imply a 

symmetric, normal return distribution. 

σDD =

qP
T
i=1(Ri−MAR)2

TσDD =

qP
T
i=1(Ri−MAR)2

T  

where T  is the number of periods where iR MAR≤ , and nT ≤ . 

3.1.3 Drawdown 

Drawdown ( ) is the percentage loss in the program’s asset value from a peak to 

a subsequent trough.  The maximum drawdown is the maximum cumulative loss 

over the entire investment record (or for a particular period), and it is often used 

as a “key measure of track record quality and strategy ‘riskiness’” [Harding, Nakou, 

Nejjar 2002].  For a particular time period we look at the net asset value (NAV) we 

determine the peaks or high-water points.  The drawdown is then computed as the 

percentage change between the current NAV and the high-water mark. 

DD

DDt =
NAVt−Highwater

Highwater
DDt =

NAVt−Highwater
Highwater  
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3.1.4 Average True Range 

Average true range is an indicator of volatility.  It was introduced by J. Welles 

Wilder in his book New Concepts in Technical Trading Systems.  True range is the 

maximum of the following: 

 the difference between the current high and the current low 

 the absolute value of the difference between the current high and the 

previous close 

 the absolute value of the difference between the current low and the 

previous close 

The average true range is the moving average of the true ranges over a 14 day 

period.  Although we do not go on to compute average true range in this research, 

it is not because we are using monthly instead of daily data.  In fact, average true 

range is used for underlying data, so CTA data frequency is not an issue.  True 

range and implied volatility are not commonly used on CTA data, instead CTAs 

use these risk measures to make their trades. 

3.1.5 Implied Volatility and VIX 

If we calculate the value of an option using the Black-Scholes model it would 

differ from the market price of the option.1  The implied volatility is the value of 

                                                 
1 Non-dividend paying European options are priced using the Black-Scholes model as 

)()( 210 dNKedNSc rT−−=  and  )()( 102 dNSdNKep rT −−= −

where  is the European call price c
p  is the European put price 

( )
T

TrKS
d

σ
σ 22

0
1

++
=

)ln(
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volatility that would equate the current option price with the Black-Scholes price 

[Hull 2002].  VIX is the ticker symbol for the Chicago Board Options Exchange 

(CBOE) Volatility Index.  Prior to September 2003 VIX was calculated by taking a 

weighted average of the implied volatility from eight calls and puts from the 

Standard and Poor's 100 Index (OEX).  The options were weighted by their time 

to maturity and how far in or out of the money they are, leading resulting in a 

hypothetical at-the-money option that would expire in 30 days.  Since the 

introduction of VIX in 1993 there have been many changes in the way both 

practitioners and theoreticians view volatility [CBOE 2003].  Because of this a new 

way to calculate stock market volatility was introduced.  This new index has ticker 

VIX while the old index is now referred to by the ticker symbol VXO. 

     The new VIX differs from the old in many ways2.  The two most important are: 

 Calculation of implied volatility is not based on the Black-Scholes pricing 

model, does not depend on any model, and involves options with a wider 

range of strike prices than does VXO [CBOE 2003]. 

 VXO used OEX options for its calculations because they were the most 

traded and most liquid index options on the CBOE.  However the new VIX 

uses options on the Standard and Poor’s 500 Index (SPX) which is highly 

correlated with the OEX, is a common benchmark for U.S. stocks, and is 

                                                                                                                                                       
Tdd σ−= 12

( )

 , and 

dyeN
x y

∫
∞−

−=⋅ 2
2

2
1
π

, is the standard cumulative normal distribution  

2 For more details about the new VIX you can read the CBOE VIX white paper.  It can be found at 
http://www.cboe.com/micro/vix/vixwhite.pdf. 
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comprised of  many of the most traded assets for which options are created 

[CBOE 2003]. 

     VIX is useful because it has an inverse relationship with the underlying stock 

market index, this is illustrated in Figure 1 below. 

Figure 1: Plot of daily S&P 500 and VIX values over the period January 2002 -- December 2003. 
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VIX is considered to be the ‘investor’s fear gauge’, this is so because “VIX is based 

on real-time option prices, which reflect investors' consensus view of future 

expected stock market volatility.  Historically, during periods of financial stress, 

which are often accompanied by steep market declines, option prices - and VIX - 

tend to rise.  The greater the fear, the higher the VIX level.  As investor fear 

subsides, option prices tend to decline, which in turn causes VIX to decline” 

[CBOE 2003]. 
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3.1.6 Lookback straddle 

A straddle involves the purchase of an equal number of call and put options with 

the same terms, i.e., with the same strike price and expiration date, at the same 

time.  A straddle allows an investor to make a profit from expected volatility in the 

market even if he or she is uncertain in which direction the market will move. 

     When Fung and Hsieh extended the Sharpe (1992) asset allocation model they 

realized that dynamic trading strategies better explained hedge fund/CTA pools 

returns than did traditional static strategies.  In the course of their research they 

“showed that the returns from trend-following strategies can be replicated by a 

dynamically managed option-based strategy” [Fung and Hsieh 2002].  The option 

that best models these strategies is a lookback straddle.  A lookback straddle 

involves the purchase of an equal number of lookback calls and puts with the same 

strike price and expiration date.  A lookback call allows its owner to purchase an 

asset at its lowest price, while a lookback put allows its owner to sell an asset at its 

highest price within some given period.  The payoff from the lookback straddle is 

therefore pays the difference between the maximum and the minimum value of 

the asset in question [Hull; Kolb].  That is, 

  1

1

0
0

max( , min( , , , ))

max( ,max( , , , ) )
T t t

t t T T

LBC S S S S
LBP S S S S

+

+

= −
= −

…
…

T

where  is the payoff for a lookback call, LBC LBP  is the payoff for a lookback put, 

and  is the price of the underlying asset at time . tS t
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3.2 Performance Measures 

There are many measures to evaluate how well a CTA is performing.  Among 

them are the Sharpe ratio, Sortino ratio, Calmar ratio, and alphas from single- and 

multi-factor models. 

3.2.1 Sharpe Ratio 

The Sharpe ratio for a given CTA program is defined as the ratio of excess return 

to standard deviation.  That is 

Sharpe Ratio =
R̄−R̄f
σSharpe Ratio =

R̄−R̄f
σ  

where R  is the average return 

 fR  is the monthly return of the 90-day Treasury bill 

 σ  is the standard deviation of the returns 

     The Sharpe ratio was devised by William Sharpe in 1966 for use in deciding 

how desirable an investment was.  Since then it has become very widely used 

because it is easy to calculate and what is represents is easy for investors to 

understand.  However, the Sharpe ratio has drawbacks which stem from its 

dependence on standard deviation as a measure of risk.  The standard deviation 

takes into account the distance of each return from the mean, and as such can be 

overly influenced by outliers in the data set.  Because of this, large positive returns 

are treated no differently from large negative returns, causing penalization of 

those CTA programs with above average return.  This is direct contrast to the fact 

that investors are loss averse and view large positive returns and large negative 

returns very differently. 

 14



3.2.2 Sortino Ratio 

To improve upon the Sharpe ratio the Sortino ratio was designed.  It replaces the 

benchmark return with the minimum acceptable return (MAR) and replaces the 

standard deviation with the downside deviation ( DDσ ): 

Sortino Ratio = R̄−MAR
σDD

Sortino Ratio = R̄−MAR
σDD  

The problem with the Sortino ratio is that while it only penalizes for negative 

returns, each program can have different Sortino ratio depending on the value of 

MAR . 

3.2.3 Calmar ratio 

Another risk/return ratio is the Calmar ratio.  It is defined as 

Calmar Ratio = ROR
|max(DD)|Calmar Ratio = ROR
|max(DD)|  

where  is the compounded annualized rate of return.  The problems with the 

Calmar ratio stem from its dependence on drawdown as a statistical measure of 

risk.  If a manager reports daily data he is expected to have more drawdowns than 

a manager who reports weekly data, and so on.  In addition the longer a program 

is active, the larger its maximum drawdown is likely to be.  If there is no correction 

for these two issues the Calmar ratio is likely to penalize for this. 

ROR

3.2.4 Single-factor Models 

The last two performance measures we look at are two linear unconditional factor 

models.  The first is a single factor model while the second is a multi-factor model.  

The single factor model is expressed as 
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[ ] [ ]( )fmiifi RRERRE −+=− βα , ???≤≤ i1  

where  is the total random return on the i th CTA program,  is the one 

period (monthly?) total return on the riskless asset (we use the Bloomberg Generic 

Treasury 3-month bill rate),  represents the total return on the benchmark (we 

use the Barclay CTA Index and the S&P Managed Futures Index), 

iR fR

mR

iα  is the 

abnormal performance of the th CTA program, and i iβ  is a measure of the 

volatility of the th CTA program relative to the benchmark. i

     The single factor model we use is based on the Capital Asset Pricing Model 

(CAPM).  CAPM describes the relationship between risk and expected return 

for ???.  Its theoretical form is 

[ ] [ ]( )fmifi RRERRE −=− β  

The empirical form is 

[ ] [ ]( )fmiifi RRERRE −+=− βα , 0iα ≠  

where iα  is a measure of the excess return over what CAPM predicts. 

     CAPM was developed by William Sharpe, John Litner, and Jan Mossin.  It 

provides a simple way to think of risk and reward, as it quantifies the tradeoff 

between risk and reward by providing a “precise prediction of the relationship 

between an asset’s risk and its expected return.”  CAPM is based on the idea that: 

 investors are risk averse and have a one-period investment horizon, 

 investors are mean-variance  optimizers i.e. they use mean and standard 

deviation as criteria to decide where to invest their money, 

 mean and standard deviation data is available, 
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 assets are perfectly divisible and investors are price-takers, i.e., there are 

many investors and they cannot influence the market, 

 there is unlimited borrowing and lending at the risk free rate, 

 all assets are marketable, 

 there are complete markets, 

 investors have the same information so they have the same expectations re 

mean, variance, covariance, etc., and 

 there are zero taxes and no transaction costs. 

     We do not use a single-factor model in this research.  While there are some 

CTAs who invest in only one market sector, most CTAs trade in several markets.  

Our decision not to use a single-factor model is okay because determining what 

could be an appropriate market proxy would be quite difficult. 

3.2.5 Multi-factor Models 

The multi-factor model we are using grew out of the fact that the CAPM β  does 

not completely explain the expected returns for the asset in question.  The model 

is based on the Arbitrage Pricing Theory (APT) introduced in 1976 by Sheldon A. 

Ross.  The APT is based on the idea that there are no arbitrage opportunities in 

the marketplace.  In everyday terms this is the assumption that “there is no such 

thing as a free lunch.”  What this means in financial terms is that one cannot make 

a profit without incurring some risk. 

     The APT is intended to overcome some of the limitations of CAPM.  Like 

CAPM, the APT assumes that markets are frictionless with no taxes and zero 
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transaction costs.  Unlike CAPM however, the APT does not require us to identify 

the market portfolio and gives only an “approximate relationship between an 

asset’s risk and its expected return.”  It is based on the premise that an asset’s 

expected return is based on different factors, that is, 

 [ ] 1 1 2 2i f i i i in nE R R F F Fα β β β− = + + + +"  

where ijβ  is a measure of the sensitivity of the returns of the i th asset to the th 

factor, and 

j

jF  is the th factor. j

     The multi-factor model is expressed as 

[ ] [ ]( )∑
=

−+=−
m

j
fjijifi RRERRE

1

βα , 

where  is the total random return on the i th CTA program,  is the one 

period (monthly?) total return on the riskless asset,  represents the total return 

on the th benchmark, 

iR fR

jR

j iα  is the abnormal performance of the i th CTA program, 

and ijβ  is a measure of the volatility of the i th CTA program relative to the th 

benchmark. 

j

     We assess  for different time frames.  CTAs programs fall into anyone of 

three time frames: short-term, intermediate-term, and long-term.  For the multi-

factor model the additional factors are the S&P 500 Total Return Index for 

equities; the Lehman U.S. Aggregate for fixed income; the GSCI Energy, GSCI 

Metal, and GSCI Non-energy indices for commodities, and the NEXN for foreign 

exchange. 

jR
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     Using the multi-factor model we also try to determine the relation between 

CTA returns and volatility proxies for our basic market sectors.  The volatility 

proxies all represent the return on a straddle using options with one month to 

maturity.  The series is calculated by the CISDM using historical implied 

volatilities and a risk free rate of 5%.  The indices used are the S&P 100 Index 

(OEX), the future on the 5-year (Treasury) note, the GSCI Euro-currency futures 

contract, and the GSCI futures contract for equities, fixed income, foreign 

exchange, and commodities respectively. 

3.3 Data and Survey Details 

CTAs have three trading approaches: they are either systematic traders, 

discretionary traders, or employ some combination of the two approaches 

[Lungarella 2002].  Systematic traders develop computer-based mathematical 

models to analyze historical prices to identify trends created by inefficient markets 

that can be used to forecast market movements and generate entry and exit signals 

[Ghaleb-Harter 2004].  Discretionary traders in the other hand rely on 

fundamental analysis of market conditions to determine their trading strategies. 

     There are three overall trading styles: trend following, counter trend following, 

and non-trend following.  Most CTAs are trend-followers.  An overview of the 

various investment approaches of CTAs is shown in Figure 2 below: 
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Figure 2: Overview of the various investment strategies used by CTAs. (adapted from 
[Lungarellla 2002]). 

 

Investors in the managed futures industry need a way to evaluate the performance 

of managers.  To this end we implemented a survey aimed at determining the 

impact of time frame and related style factors on CTA performance. 

     Since most of the models used by systematic managers are proprietary, 

information on these models is kept close to the vest.  Consequently, we carefully 

composed the questions in the survey, with suggestions from industry practitioners, 

to learn as much as possible.  Some of the questions in the survey are typical due 

diligence questions, while the others are specifically formulated to extract as much 

information as possible about the price and/or volatility sensitivity of the managers’ 

models.  The complete survey can be found in Appendix A. 

     We obtained the contact information for the CTA firms listed in the 

International Traders Research, Inc. (ITR) database.  We then contacted them by 

email, sent follow-up emails, and requested that they complete the online survey.  

As an incentive we promised a copy of the final research write-up to each CTA 

Trading Approach Systematic Discretionary Systematic/Discretionary 

Analysis Technical Fundamental Technical/Fundamental 

Time frame 0-6 days 7-30 days > 30 days 

Trading Style Countertrend follower Non trend follower Trend follower 
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that completed the survey.  Of the 202 CTAs listed, only 21 completed the survey, 

a response rate of 10.4 percent. 

     Such a low response by the CTAs was unexpected even after we had taken into 

account the fact that the survey was aimed towards systematic traders whereas the 

database contained the names of both systematic and discretionary traders.  After 

waiting an additional week to see if more results would come in and making 

several calls to CTAs, we decided to reduce the number of questions we asked.  

Since we felt that firms were concerned about the proprietary nature of their data 

we asked instead that they respond to the following three questions for each of 

their programs: 

1. What market sectors do you trade?  
Equities  Percent of trading ___% 
Fixed Income Percent of trading ___% 
Foreign Exchange Percent of trading ___% 
Commodities Percent of trading ___% 

  
2.  What is the frequency of the data you use to generate trading signals? (e.g. 5-min, 

daily, weekly) ______________ 
  

3.  What is your average holding period?  
Overall  _______________ 
For winning trades _______________ 
For losing trades  _______________ 

 
     Once this follow-up email was sent we received replies from an additional 22 

CTA programs.  Of these 43 CTA programs only 30 had returns for the period 

January 2002 to December 2003 and had not changed their trading strategy within 

that period such that it led to a change in their average holding period.  We were 

able to access monthly returns data for these eligible CTAs in the ITR CTA 

database.  We chose this sampling frequency because of the unavailability of daily 

returns data from a large enough number of CTAs to make results statistically 
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significant and representative of the larger CTA population.  Summary statistics 

of the monthly returns for the eligible CTAs are shown in Table 1. 

Table 1: Summary Statistics for the 30 eligible CTA programs 

Program 
Mean 
ROR 

Minimum 
ROR 

Maximum 
ROR 

Standard 
Deviation 

Downside 
Deviation 

Maximum 
Drawdown 

A 4.28% -13.55% 32.78% 10.15% 3.60% -20.24% 
B 0.46% -13.83% 10.59% 5.08% 4.08% -14.40% 
C 1.70% -9.73% 13.90% 6.22% 2.99% -5.15% 
D 2.03% -15.59% 12.99% 7.30% 4.68% -29.73% 
E 0.86% -3.49% 5.20% 2.11% 1.05% -8.93% 
F 0.85% -2.90% 5.30% 2.08% 0.95% -16.67% 
G 0.29% -8.07% 7.74% 4.99% 2.26% -85.55% 
H 1.10% -3.09% 3.31% 1.70% 0.36% -28.14% 
I 0.28% -3.90% 3.47% 1.89% 1.27% -23.08% 
J 0.70% -5.62% 6.62% 3.38% 1.75% -27.01% 
K 1.71% -13.38% 39.56% 12.90% 3.92% -34.49% 
L 0.01% -1.72% 3.76% 1.44% 0.54% -92.04% 
M -0.29% -2.95% 4.39% 1.86% 0.96% -66.00% 
N 1.27% -7.69% 14.90% 4.87% 3.01% -27.67% 
O 0.78% -6.84% 10.68% 4.78% 2.48% -18.24% 
P 0.26% -5.31% 7.01% 3.93% 1.45% -9.91% 
Q 0.34% -5.31% 8.66% 4.20% 1.55% -56.43% 
R 2.65% -20.94% 47.02% 14.62% 6.05% -30.74% 
S 3.41% -11.73% 26.86% 11.11% 3.94% -27.31% 
T 1.21% -12.49% 10.20% 5.80% 3.50%   
U 0.57% -3.54% 6.19% 2.10% 1.12% -2.47% 
V -0.48% -8.20% 7.58% 4.62% 3.12%   
W 0.52% -5.81% 4.61% 2.74% 1.65% -2.90% 
X 8.62% -23.82% 45.32% 19.01% 5.53% -69.09% 
Y 1.56% -13.78% 16.82% 7.35% 3.83% -7.87% 
Z 3.91% -17.35% 31.93% 14.39% 5.19% -17.21% 
AA 0.77% -9.29% 16.56% 6.38% 2.92% -42.19% 
AB 2.51% -7.41% 12.69% 6.06% 2.54% -36.70% 
AC 0.78% -10.06% 13.86% 7.37% 2.75% -50.00% 
AD 2.33% -1.06% 7.38% 2.38% 0.14% -11.34% 

 
From the table we see that the average monthly returns for these CTAs is positive, 

with the exception of Programs M and V where the average return is –0.29% and 

–0.48% respectively. 
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3.4 Data Problems: Biases and other Effects 

When we determine the performance of CTAs using returns data we have to be 

careful with our inference.  This is because CTA returns data is subject to several 

measurement biases caused by the way the data is collected by the ITR database, 

the way the data is collected for this particular research, as well as the way the 

managed futures industry is organized.  Survivorship bias comes about when only 

data from surviving CTA programs is used to calculate performance [see New 

2001; Schneeweis, Spurgin and McCarthy 1996]. 

     This can result in an upward or downward bias.  For the sample period it 

results in upward bias because some non-surviving programs which were omitted 

in the analysis are probably defunct because they had poorer performance than 

the surviving CTA programs.  It results in downward bias because successful 

programs which have achieved full capacity, and are no longer trying to attract 

investors may choose to stop reporting returns even if they are performing well.  

Because the ITR CTA database does not have data for the entire universe of 

CTAs, nor does it have data for failed CTA programs, all our performance 

estimates are affected by survivorship bias. 

     New [2001] talks about “self-selection bias” for hedge fund managers and his 

arguments hold true for managed futures managers.  Like hedge fund managers, 

CTAs voluntarily report to the ITR CTA database and other CTA databases.  

Managers whose programs are doing well might seek inclusion, whereas managers 

who are doing poorly might choose to avoid reporting their returns.  This 
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selection of self-reporting bias can be such that the CTAs in the database are not 

representative of the population of CTAs. 

     CTA programs usually go through an incubation period, so prior to being 

added to a database they will already have returns data.  If incubation is successful 

the programs are marketed even further and if unsuccessful the programs are 

liquidated and their results are not included in the database in question.  When 

the program is added to the database the past returns are ‘backfilled’ creating an 

instant history [Fung and Hsieh 2000].  This results in an upward bias in the 

performance of the programs. 

     Additional bias known as multi-period sampling bias is introduced because we 

restrict our analysis to a subsample of programs having returns data for the period 

January 2002 to December 2003.  Since the managers did not complete the survey 

for each of their programs this induces additional selection bias since the 

managers who are willing to do the survey in the first place are more likely to do 

so for programs which are performing well.  Indeed, it might be the case that a 

manager with several programs might choose the best program and use those 

statistics when filling out the online survey. 

     Since the CTAs in the sample suffer from these same biases and we are 

comparing them to each other, we are not concerned about these biases.  We are 

however concerned about the fact that our sample size is small and we do not have 

longer return history for the CTA programs in our sample.  It is possible that the 

results of this research do not extend to other time periods, and due to the small 

sample size the results may not be generalizable for the larger population of CTAs. 
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4 Empirical Results 

We performed a multi-linear regression for the CTA programs against the market 

sector benchmarks, the volatility proxies, and the market sector benchmarks and 

volatility proxies respectively.  The results are listed in the Tables 2—4 below. 

Table 2: Regression Results for Multi-factor Model using Market Sector Benchmarks 

ALPHA is the excess return, TRI is the S&P 500 Total Return Index, LUA is the Lehman U.S. 
Aggregate, GSCIE is the GSCI Energy, GSCIM is the GSCI Metals, GSCIN is the GSCI Non-

energy, and NEXN is the JP Morgan Nominal Exchange Rate Index. 

Dependent 
Variable ALPHA TRI LUA GSCIE GSCIM GSCIN NEXN 

Adj. R-
Squared 

Program A 0.0194 -0.3434 1.7947 0.1268 0.8336 -0.3251 -0.7272 -0.1026

  0.3945 -0.6206 0.9268 0.5020 1.2822 -0.3602 -0.3649   

Program B -0.0344 -0.4786 0.5379 0.1254 0.4813 0.0696 -1.1691 0.3491

  -1.8443 -2.2805 0.7322 1.3096 1.9516 0.2035 -1.5467   

Program C -0.0244 -0.2839 0.6729 0.3211 -0.1177 0.7302 -1.5658 0.4740

  -1.1673 -1.2071 0.8174 2.9912 -0.4258 1.9035 -1.8484   

Program D -0.0298 -0.1766 1.1431 0.1534 0.3067 -0.0511 -2.1540 0.0698

  -0.9130 -0.4802 0.8881 0.9140 0.7098 -0.0852 -1.6263   

Program E -0.0185 -0.0333 -0.1158 -0.0711 0.0240 -0.0464 -0.7492 -0.0382

  -1.8783 -0.3008 -0.2988 -1.4071 0.1846 -0.2571 -1.8791   

Program F -0.0045 -0.1238 0.5829 -0.0658 0.2508 -0.0807 -0.1586 0.0426

  -0.4815 -1.1828 1.5912 -1.3773 2.0392 -0.4730 -0.4208   

Program G 0.0085 0.7112 -0.9009 0.1097 -0.3585 0.5329 0.8159 0.4335

  0.4767 3.5323 -1.2784 1.1941 -1.5152 1.6227 1.1251   

Program H 0.0067 0.0235 -0.0733 0.0015 -0.0818 0.1305 0.4408 -0.1342

  0.8444 0.2638 -0.2350 0.0364 -0.7811 0.8982 1.3738   

Program I -0.0027 -0.0383 0.2777 -0.0174 0.0897 0.0189 0.3142 -0.2587

  -0.2740 -0.3460 0.7170 -0.3449 0.6901 0.1046 0.7882   

Program J -0.0120 -0.3911 1.1288 0.1781 0.1777 0.2552 -0.8712 0.5778

  -0.9033 -2.6115 2.1533 2.6061 1.0100 1.0446 -1.6152   

Program K -0.0162 -0.3978 1.0936 0.6226 -0.1936 -0.3173 -0.5911 0.1252

  -0.2901 -0.6333 0.4974 2.1718 -0.2623 -0.3098 -0.2613   

Program L -0.0149 0.0379 0.2942 -0.0005 -0.0856 0.2119 -0.3223 0.0877

  -2.3465 0.5321 1.1788 -0.0157 -1.0221 1.8225 -1.2550   

Program M -0.0245 -0.0281 -0.4851 0.0501 -0.0489 0.0528 -0.2299 -0.0965

  -2.8938 -0.2944 -1.4520 1.1489 -0.4357 0.3390 -0.6689   

Program N -0.0335 -0.1189 1.0859 -0.0322 0.5035 -0.1269 -2.0857 0.3920

  -1.9143 -0.6044 1.5777 -0.3592 2.1791 -0.3958 -2.9449   

Program O 0.0024 -0.2697 2.1630 -0.0923 0.6990 -0.5099 -0.1071 0.2939

  0.1283 -1.2753 2.9228 -0.9561 2.8135 -1.4784 -0.1407   

Program P 0.0090 -0.2395 0.6117 0.0650 -0.1440 0.4612 0.8692 0.0863

  0.5228 -1.2356 0.9017 0.7353 -0.6325 1.4588 1.2451   
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Dependent 
Variable ALPHA TRI LUA GSCIE GSCIM GSCIN NEXN 

Adj. R-
Squared 

Program Q 0.0147 -0.1924 0.6553 0.0870 -0.2405 0.6350 1.0409 0.1346

  0.8176 -0.9540 0.9282 0.9451 -1.0145 1.9300 1.4328   

Program R -0.0330 -1.3646 2.8971 0.2531 1.2779 -0.0265 -2.4059 0.2218

  -0.5559 -2.0410 1.2380 0.8296 1.6266 -0.0243 -0.9991   

Program S 0.0747 0.0845 0.3356 -0.2216 1.3228 0.1435 2.6180 0.2693

  1.6756 0.1683 0.1911 -0.9680 2.2440 0.1754 1.4489   

Program T -0.0156 -0.2415 0.5179 0.2853 -0.0973 0.6114 -0.7792 0.2496

  -0.6763 -0.9287 0.5692 2.4041 -0.3184 1.4419 -0.8322   

Program U -0.0142 0.2320 -0.3523 0.0358 -0.2125 0.3472 -0.4825 0.2757

  -1.6571 2.4096 -1.0455 0.8138 -1.8788 2.2109 -1.3915   

Program V -0.0316 -0.0001 -0.3774 0.0968 -0.4655 0.2796 -0.6466 -0.0448

  -1.4785 -0.0005 -0.4478 0.8804 -1.6451 0.7118 -0.7456   

Program W -0.0067 0.1518 0.2094 0.1479 -0.3082 0.2462 -0.0831 0.0870

  -0.5483 1.1107 0.4379 2.3716 -1.9196 1.1047 -0.1689   

Program X -0.0092 -0.5613 -0.0580 0.3600 1.8492 0.6972 -3.7748 0.1906

  -0.1159 -0.6293 -0.0186 0.8844 1.7645 0.4793 -1.1751   

Program Y -0.0262 0.0765 0.0657 0.3903 -0.5207 0.3992 -1.4466 0.1396

  -0.8358 0.2165 0.0532 2.4207 -1.2545 0.6929 -1.1371   

Program Z -0.0002 0.1814 1.2962 0.1425 -0.4586 0.3574 -2.0778 -0.2487

  -0.0030 0.2170 0.4429 0.3735 -0.4668 0.2620 -0.6899   

Program AA -0.0364 -0.4490 -0.6798 0.1105 -0.2238 -0.2562 -0.9722 0.1138

  -1.3324 -1.4598 -0.6316 0.7871 -0.6194 -0.5107 -0.8777   

Program AB -0.0106 -0.1410 1.7098 0.1840 0.2487 0.6643 -1.8244 0.4850

  -0.5293 -0.6229 2.1585 1.7816 0.9351 1.7997 -2.2383   

Program AC -0.0325 0.0220 0.8446 0.0805 -0.0012 -0.7490 -1.5069 -0.0762
  -0.9193 0.0554 0.6069 0.4437 -0.0025 -1.1550 -1.0524   

Program AD 0.0126 0.0536 0.0055 0.0062 -0.1212 0.1880 0.0241 -0.2813

  1.0321 0.3913 0.0114 0.0988 -0.7526 0.8409 0.0487   
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Table 3: Regression results for the Multi-Factor model using the Volatility Proxies 

OEX is the S&P 100, NOTE is the futures contract on the 5-year 
Treasury note, GSCI is the futures on the GSCI contract, and EURO is 

the futures on the Euro-currency. 

Dependent 
Variable ALPHA OEX NOTE GSCI EURO 

Adj. R-
squared 

Program A -0.0018 -0.0075 -0.0061 0.0167 0.0440 0.102125 

  -0.0600 -0.2219 -0.6527 1.4867 2.1088   

Program B -0.0116 0.0316 0.0041 0.0018 0.0178 0.3393091 

  -0.9348 2.1987 1.0406 0.3724 2.0158   

Program C -0.0266 0.0129 0.0098 0.0113 0.0227 0.3954676 

  -1.8019 0.7535 2.0677 1.9943 2.1552   

Program D -0.0196 0.0302 0.0074 0.0132 0.0240 0.3087007 

  -1.0580 1.4029 1.2498 1.8477 1.8099   

Program E -0.0024 0.0033 0.0005 -0.0011 0.0002 -0.1776552 

  -0.3480 0.4153 0.2170 -0.4119 0.0449   

Program F -0.0004 0.0006 -0.0040 -0.0014 0.0129 0.3914076 

  -0.0856 0.1038 -2.5646 -0.7520 3.7126   

Program G -0.0175 -0.0217 -0.0016 0.0042 -0.0151 0.091409 

  -1.1735 -1.2521 -0.3441 0.7344 -1.4216   

Program H -0.0026 -0.0056 0.0021 -0.0015 -0.0037 -0.0289677 

  -0.5312 -0.9709 1.2963 -0.7660 -1.0430   

Program I -0.0062 0.0034 0.0017 -0.0026 -0.0038 -0.04644 

  -1.0545 0.4989 0.8755 -1.1477 -0.9018   

Program J -0.0131 0.0122 0.0021 0.0073 0.0212 0.2968242 

  -1.1624 0.9292 0.5836 1.6901 2.6181   

Program K -0.0592 -0.0058 0.0031 0.0302 0.0455 0.171587 

  -1.6568 -0.1387 0.2659 2.2021 1.7803   

Program L -0.0148 -0.0101 0.0006 -0.0019 0.0074 0.2674721 

  -3.9501 -2.3336 0.4906 -1.2904 2.7559   

Program M -0.0147 0.0072 -0.0012 0.0014 -0.0018 -0.1114596 

  -2.6077 1.1000 -0.6803 0.6307 -0.4375   

Program N -0.0035 0.0211 -0.0017 0.0051 0.0094 -0.0371978 

  -0.2307 1.2100 -0.3431 0.8872 0.8796   

Program O -0.0049 0.0066 -0.0032 -0.0026 0.0421 0.7191861 

  -0.6316 0.7302 -1.2599 -0.8543 7.5460   

Program P -0.0127 0.0009 0.0040 -0.0024 0.0092 -0.0319193 

  -1.0556 0.0619 1.0303 -0.5193 1.0734   

Program Q -0.0134 -0.0038 0.0044 -0.0023 0.0072 -0.0851865 

  -1.0143 -0.2479 1.0469 -0.4482 0.7671   

Program R 0.0095 0.0849 -0.0089 0.0132 0.0662 0.25085 

  0.2484 1.9020 -0.7266 0.8954 2.4155   

Program S 0.0533 -0.0120 -0.0083 -0.0190 0.0209 -0.0246177 

  1.5350 -0.2975 -0.7415 -1.4246 0.8401   

Program T -0.0172 0.0135 0.0093 0.0038 0.0152 0.1959737 

  -1.0931 0.7396 1.8457 0.6337 1.3509   

Program U -0.0028 0.0012 -0.0020 -0.0009 -0.0026 -0.1207321 
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Dependent 
Variable ALPHA OEX NOTE GSCI EURO 

Adj. R-
squared 

  -0.4014 0.1526 -0.8875 -0.3357 -0.5229   

Program V -0.0140 -0.0044 0.0034 -0.0065 0.0083 -0.0587078 

  -0.9866 -0.2687 0.7388 -1.1928 0.8149   

Program W -0.0025 0.0049 -0.0017 -0.0008 -0.0043 -0.1425878 

  -0.2844 0.4700 -0.5866 -0.2337 -0.6791   

Program X 0.0710 0.0689 -0.0168 0.0183 0.0409 -0.0568205 

  1.1910 0.9938 -0.8804 0.7989 0.9603   

Program Y -0.0494 0.0105 0.0124 0.0226 0.0208 0.5864347 

  -3.4467 0.6277 2.6974 4.1065 2.0365   

Program Z 0.1045 0.0813 -0.0194 -0.0275 0.0374 0.2861271 

  2.8265 1.8911 -1.6316 -1.9368 1.4156   

Program AA -0.0396 0.0167 0.0072 0.0164 0.0189 0.387522 

  -2.6459 0.9580 1.5015 2.8603 1.7652   

Program AB -0.0010 0.0174 -0.0005 0.0094 0.0133 -0.0195961 

  -0.0558 0.8031 -0.0799 1.3139 0.9956   

Program AC 0.0058 0.0122 -0.0030 -0.0029 0.0005 -0.1828502 
  0.2381 0.4310 -0.3851 -0.3119 0.0310   

Program AD 0.0163 0.0122 0.0010 -0.0009 -0.0123 0.181672 

  2.5433 1.6350 0.4898 -0.3735 -2.6883   

 

Table 4: Regression Results for Multi-factor Model using Market Sector Benchmarks and 
Volatility Proxies 

ALPHA is the excess return, TRI is the S&P 500 Total Return Index, LUA is the Lehman U.S. 
Aggregate, GSCIE is the GSCI Energy, GSCIM is the GSCI Metals, GSCIN is the GSCI Non-

energy, NEXN is the JP Morgan Nominal Exchange Rate Index, OEX is the S&P 100, NOTE is the 
futures contract on the 5-year Treasury note, GSCI is the futures on the GSCI contract, and EURO 

is the futures on the Euro-currency. 
Dependent 
Variable Intercept TRI LUA GSCIE GSCIM GSCIN NEXN OEX NOTE GSCI EURO 

Adj. R-
squared

Program A -0.0029 -0.8105 1.1514 -0.0780 0.9850 0.0908 0.2699 -0.0208 -0.0104 0.0216 0.0359 -0.0846

  -0.0510 -1.2278 0.5262 -0.2555 1.3806 0.0909 0.1210 -0.4924 -0.8556 1.3171 1.2982   

Program B -0.0217 -0.2343 -0.2208 0.1697 0.2216 0.2301 -0.5977 0.0237 0.0017 -0.0021 0.0160 0.4298

  -1.0665 -0.9916 -0.2819 1.5527 0.8676 0.6436 -0.7488 1.5668 0.4007 -0.3633 1.6129   

Program C -0.0294 -0.1223 -0.1247 0.2397 -0.2585 0.9357 -0.7434 0.0137 0.0048 0.0079 0.0218 0.5920

  -1.3719 -0.4909 -0.1510 2.0796 -0.9600 2.4819 -0.8831 0.8571 1.0364 1.2802 2.0931   

Program D -0.0357 0.0721 0.4519 0.0269 0.1594 0.1808 -1.1729 0.0236 0.0088 0.0113 0.0176 0.1205

  -0.9650 0.1676 0.3169 0.1351 0.3428 0.2778 -0.8072 0.8596 1.1154 1.0591 0.9771   

Program E -0.0196 -0.0046 -0.0762 -0.0701 0.0297 -0.0836 -0.8142 -0.0006 0.0014 -0.0006 -0.0020 -0.3239

  -1.5152 -0.0305 -0.1528 -1.0085 0.1830 -0.3676 -1.6028 -0.0619 0.5124 -0.1650 -0.3192   

Program F -0.0019 -0.2231 0.2975 -0.0548 0.2180 0.0319 0.0445 -0.0021 -0.0053 0.0009 0.0110 0.4116

  -0.2192 -2.2609 0.9095 -1.2010 2.0439 0.2134 0.1335 -0.3286 -2.9042 0.3515 2.6527   

Program G -0.0025 0.6903 -0.6596 0.0437 -0.2507 0.4672 0.7277 -0.0071 0.0038 0.0041 -0.0055 0.3438

  -0.1137 2.6483 -0.7634 0.3628 -0.8898 1.1846 0.8265 -0.4282 0.7909 0.6391 -0.4996   

Program H 0.0042 0.0670 -0.0589 0.0023 -0.0748 0.0734 0.3522 -0.0020 0.0022 -0.0009 -0.0017 -0.3697

  0.4136 0.5689 -0.1510 0.0424 -0.5877 0.4120 0.8855 -0.2660 1.0146 -0.3090 -0.3433   
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Dependent 
Variable Intercept TRI LUA GSCIE GSCIM GSCIN NEXN OEX NOTE GSCI EURO 

Adj. R-
squared

Program I -0.0003 0.0434 0.3751 0.0073 0.0698 -0.0496 0.1699 0.0031 0.0023 -0.0029 -0.0056 -0.3907

  -0.0269 0.3102 0.8086 0.1127 0.4612 -0.2342 0.3594 0.3514 0.8859 -0.8372 -0.9538   

Program J -0.0106 -0.4756 0.7630 0.1305 0.1302 0.4841 -0.3155 0.0065 -0.0041 0.0066 0.0146 0.6419

  -0.7423 -2.8667 1.3874 1.7009 0.7260 1.9284 -0.5628 0.6138 -1.3574 1.5912 2.0948   

Program K -0.0365 -0.7763 0.1521 0.4117 -0.1253 0.1703 0.6819 -0.0125 -0.0089 0.0226 0.0428 0.0927

  -0.5511 -1.0089 0.0596 1.1569 -0.1507 0.1463 0.2623 -0.2535 -0.6308 1.1835 1.3298   

Program L -0.0197 0.0445 0.0662 0.0220 -0.0880 0.1411 -0.4428 -0.0106 0.0004 -0.0026 0.0058 0.3336

  -3.1246 0.6077 0.2723 0.6500 -1.1111 1.2721 -1.7882 -2.2686 0.3168 -1.4236 1.9008   

Program M -0.0180 -0.0419 -0.5037 0.0608 -0.0900 0.1346 -0.0917 0.0077 -0.0024 0.0003 0.0009 -0.2619

  -1.6957 -0.3398 -1.2336 1.0669 -0.6761 0.7223 -0.2205 0.9754 -1.0575 0.0873 0.1821   

Program N -0.0349 -0.1861 1.4159 -0.0854 0.5758 -0.0824 -2.0285 0.0032 -0.0001 0.0047 -0.0068 0.2621

  -1.5592 -0.7140 1.6392 -0.7083 2.0442 -0.2089 -2.3043 0.1947 -0.0292 0.7291 -0.6247   

Program O 0.0046 -0.1610 0.7638 -0.0480 0.4472 -0.3150 0.5887 0.0020 -0.0025 -0.0014 0.0382 0.7909

  0.3881 -1.1632 1.6647 -0.7490 2.9892 -1.5040 1.2590 0.2213 -0.9821 -0.3999 6.5905   

Program P 0.0163 -0.1455 0.0430 0.0847 -0.3018 0.6112 1.3205 0.0126 -0.0010 0.0000 0.0145 0.0111

  0.7838 -0.5999 0.0535 0.7554 -1.1514 1.6657 1.6117 0.8126 -0.2311 0.0069 1.4292   

Program Q 0.0203 -0.1267 0.1827 0.0983 -0.3660 0.7686 1.4337 0.0101 -0.0011 0.0006 0.0125 -0.0054

  0.9037 -0.4845 0.2107 0.8128 -1.2946 1.9423 1.6228 0.6031 -0.2318 0.0854 1.1411   

Program R 0.0166 -1.5728 1.3273 0.2437 0.7685 1.1197 0.0797 0.0691 -0.0260 0.0154 0.0553 0.3399

  0.2606 -2.1232 0.5406 0.7112 0.9599 0.9991 0.0318 1.4594 -1.9084 0.8351 1.7817   

Program S 0.0836 0.4247 -1.4996 -0.0447 0.9133 0.1635 3.0001 0.0009 0.0007 -0.0141 0.0421 0.2695

  1.6104 0.7037 -0.7498 -0.1602 1.4004 0.1791 1.4718 0.0241 0.0630 -0.9398 1.6643   

Program T -0.0115 0.0588 -0.2950 0.3167 -0.3252 0.6648 -0.3485 0.0152 0.0059 -0.0027 0.0161 0.2600

  -0.4308 0.1895 -0.2866 2.2049 -0.9690 1.4148 -0.3321 0.7653 1.0278 -0.3506 1.2369   

Program U -0.0080 0.2674 -0.3875 0.0735 -0.2640 0.3524 -0.5034 0.0049 -0.0010 -0.0028 -0.0006 0.1691

  -0.7466 2.1560 -0.9426 1.2811 -1.9697 1.8782 -1.2016 0.6152 -0.4166 -0.9174 -0.1121   

Program V -0.0236 0.2462 -1.1121 0.2610 -0.6783 0.1165 -0.9123 -0.0032 0.0019 -0.0150 0.0117 0.0952

  -1.0184 0.9136 -1.2447 2.0938 -2.3283 0.2858 -1.0019 -0.1880 0.3841 -2.2378 1.0329   

Program W 0.0064 0.1587 0.4240 0.2421 -0.3525 0.1900 -0.3927 0.0045 -0.0034 -0.0076 -0.0086 0.3670

  0.5408 1.1597 0.9347 3.8242 -2.3833 0.9178 -0.8495 0.5131 -1.3456 -2.2409 -1.4979   

Program X 0.0216 -0.8461 -1.0470 0.2989 1.5667 1.5846 -1.8930 0.0450 -0.0210 0.0163 0.0403 0.0622

  0.2174 -0.7327 -0.2735 0.5597 1.2552 0.9070 -0.4852 0.6092 -0.9866 0.5670 0.8324   

Program Y -0.0434 0.2915 -0.8790 0.1589 -0.6346 0.7520 -0.0196 0.0223 0.0108 0.0206 0.0284 0.5758

  -1.6928 0.9770 -0.8889 1.1514 -1.9680 1.6659 -0.0195 1.1696 1.9710 2.7795 2.2745   

Program Z 0.1161 0.8962 -1.0862 0.8948 -1.6939 0.7058 -1.6344 0.0873 -0.0229 -0.0536 0.0384 0.4256

  1.9790 1.3136 -0.4804 2.8359 -2.2974 0.6838 -0.7092 2.0008 -1.8235 -3.1621 1.3426   

Program AA -0.0447 -0.4532 -1.4930 -0.1119 -0.3163 0.2608 0.5907 0.0245 0.0013 0.0227 0.0303 0.5561

  -1.9855 -1.7307 -1.7203 -0.9240 -1.1177 0.6584 0.6679 1.4616 0.2769 3.4875 2.7616   

Program AB -0.0093 -0.3325 2.0936 0.1052 0.3415 0.8378 -1.5645 0.0061 -0.0047 0.0086 -0.0044 0.4230

  -0.3773 -1.1540 2.1920 0.7893 1.0965 1.9217 -1.6073 0.3310 -0.8826 1.2022 -0.3647   

Program AC -0.0222 0.0476 1.3926 0.2751 0.0288 -1.1306 -2.6841 -0.0156 -0.0018 -0.0191 -0.0220 -0.0723
  -0.5397 0.0998 0.8801 1.2457 0.0558 -1.5653 -1.6644 -0.5111 -0.2089 -1.6069 -1.0997   

Program AD 0.0219 0.1120 0.4396 0.0182 -0.1309 0.1845 -0.0629 0.0146 0.0010 -0.0010 -0.0144 0.0007

  1.7527 0.7691 0.9109 0.2703 -0.8319 0.8376 -0.1279 1.5724 0.3751 -0.2899 -2.3671   
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We took the results for the risk and performance measures, sorted by time frame 

and each measure was averaged.  The results are shown in Tables 5—8 below. 

Table 5: Average Values for Different Performance and Risk Measures across Time Frames 

ST-MT is the difference between the short-term and the intermediate-term time 
frame.  MT-LT is the difference between the intermediate-term and the long-term 

time frame.  ST-LT is the difference between the short-term and the long-term 
time. 

  AVERAGE 

Time Frame Mean ROR 
Standard 
Deviation 

Downside 
Deviation 

Maximum 
Drawdown 

Sharpe 
Ratio Sortino Ratio 

Calmar 
Ratio 

Short term 1.90% 5.74% 2.48% -34.54% -0.0251 2.0585 0.0834 

Medium term 1.62% 6.37% 2.75% -19.93% -0.0553 0.7380 0.1448 

Long term 0.78% 6.20% 2.71% -39.60% -0.2915 0.1930 0.0293 

ST-MT 0.28% -0.62% -0.26% -14.60% 0.0302 1.3204 -0.0614 

MT-LT 0.84% 0.17% 0.04% 19.67% 0.2362 0.5451 0.1156 

ST-LT 1.11% -0.45% -0.23% 5.06% 0.2664 1.8655 0.0542 
 

Table 6: p-values for t-tests for Different Performance and Risk Measures. 

ST/MT is the p-value between the short-term and the intermediate-term time 
frame.  MT-LT is the p-value between the intermediate-term and the long-term 

time frame.  ST-LT is the p-value between the short-term and the long-term time 
frame. 

t-tests Mean ROR 
Standard 
Deviation 

Downside 
Deviation 

Maximum 
Drawdown 

Sharpe 
Ratio Sortino Ratio 

Calmar 
Ratio 

ST/MT 0.3748 0.4966 0.2813 0.3734 0.3455 0.0785 0.3946 

MT/LT 0.0832 0.4620 0.3981 0.4689 0.4811 0.0479 0.0735 

ST/LT 0.0906 0.4700 0.2597 0.4224 0.3957 0.3506 0.0613 
 

For Mean ROR in Table 5 we notice that ST-MT, MT-LT, ST-LT are all positive 

indicating that the shorter-term programs in our sample perform better on 

average than the longer-term programs.  When we look at the p-values in Table 6 

we see that they are 0.3748, 0.0832, and 0.0906 respectively.  This indicates that 

there is no statistical difference between short-term and medium-term, but there is 

a statistical difference between intermediate term and short-term, and short-term 

and long-term.  However, the p-values for standard deviation, downside deviation, 

 30



and maximum drawdown do not reflect any difference in the performance across 

time frame.  For the Sortino and Calmar ratios there is evidence of a difference in 

performance for different time frames.  However the results are mixed. 

Table 7: Average Values of Excess Return for Different Multi-factor Models 
across Time Frames 

Alpha 1 is the average excess return for the market sector benchmark multifactor 
model.  Alpha 2 is the average excess return for the volatility proxies multifactor 

model.  Alpha 3 is the average excess return for the market sector benchmarks and 
volatility proxies multifactor model. 

  AVERAGE 

Time Frame Alpha 1 Alpha 2 Alpha 3 

Short term -0.0074 -0.0036 -0.0055 

Medium term -0.0036 0.0095 0.0085 

Long term -0.0199 -0.0193 -0.0146 

ST-MT -0.0038 -0.0132 -0.0140 

MT-LT 0.0163 0.0288 0.0231 

ST-LT 0.0125 0.0157 0.0091 
 

Table 8: p-values for t-tests for Multi-Factor Models 

 

t-tests Alpha 1 Alpha 2 Alpha 3 

ST/MT 0.3619 0.1847 0.1960

MT/LT 0.0782 0.0234 0.0897

ST/LT 0.0487 0.0971 0.1937
 

    Our null hypothesis is that the excess return for the short-term, intermediate-

term, and long-term time frame programs are the same.  Looking at the Table 7 

we see that the mean difference in Alpha 1 for ST-MT is –0.0038, indicating that 

on average the intermediate-term programs perform better than the short-term 

programs.  However, the corresponding p-value in Table 8 is high at 0.3619, 

meaning that this not significant.  For MT-LT and ST-LT the values of the 

difference in Alpha 1 are 0.0163 and 0.0125 respectively.  This indicates that the 

intermediate-term programs do better than the long-term programs, and the 
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short-term programs do better than the long-term programs on average based on 

the first multi-factor model.  The p-values are 0.0782 and 0.0487 showing that 

there is a very small possibility of making a Type I error.  The results are similar 

for the multi-factor model involving volatility proxies.  Thus we are able to reject 

the null hypothesis that the alphas of the multi-factor models are the same with 

90-95% confidence for MT-LT and ST-LT. 
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5 Conclusions and Directions for Further Research 

We were able to reject the null hypothesis that short-term price movements may be 

due to only noise and CTAs have equal performance regardless of time frame.  

We reject this hypothesis based on the significance of the p-values for the 

unadjusted returns and the Calmar ratios, as well as from the α ’s from the multi-

factor models. 

     For the future we would like to extend this research as follows.  We would like 

to 

 increase sample size of CTA programs, 

 look at performance measures over different time periods, and 

 investigate the correlation of these groups to traditional assets (stocks and 

bonds) to examine their relative ability to reduce portfolio risk through 

diversification. 
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Appendix A 

Below is the entire survey that was sent to the managed futures managers in the 

ITR CTA database. 

CTA Performance Evaluation 

I am a graduate student in the Department of Mathematical Sciences at Worcester Polytechnic 
Institute working on my M.S. degree in Financial Mathematics. For my thesis I am researching the 
impact of time frame and related style factors on CTA performance. If you participate, in 
exchange for your input, I will provide you with a final copy of my thesis. All responses will be 
kept strictly confidential. I expect this research to shed some light on the role time frame plays in 
the relative performance of systematic traders. I look forward to sharing the results of my research 
with the managers who participate, so I hope you will be among them. Thank you very much. If 
you have any questions or need further clarification please contact me at nthomas@wpi.edu.  

Please provide us with the following information 

Company:  
 

Program:  
 

Name:  
 

E-mail:  
 

1. Is your program:  

Trend following Percentage 
% 

Non-trend following Percentage 
% 

  Please specify: 
 

Counter trend Percentage 
% 

2. What is the composition of your decision-making process? 

Systematic 
% 

Discretionary 
% 

Systematic and discretionary Comment: 
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3. What market sectors do you trade?  

Equities Percent of trading 
% 

Fixed Income Percent of trading 
% 

Foreign Exchange Percent of trading 
% 

Commodities Percent of trading 
% 

4. What is the frequency of the data you use to generate trading signals? (e.g. 5-min, daily, weekly) 

 

5. What is your average holding period?  

Overall  
 

For winning trades 
 

For losing trades  
 

6. For winning trades, in what proportions on average over the last 12 months have you employed the 
following time frames?  

0 - 2 days  Percent of trading 
% 

3 - 10 days  Percent of trading 
% 

11 - 30 days  Percent of trading 
% 

31 - 80 days  Percent of trading 
% 

80 days or more  Percent of trading 
% 

7a. Has your overall mix of time frames changed, resulting in a different average holding 

period?
<Select One>

 

7b. If so, when did they change?  

8. Approximately what percentage change in price does it take on average to trigger your entry into the 
market to trade (in terms of the average holding period for each model, where relevant)? 

0 - 2 days Percent change  
% 

3 - 10 days Percent change 
% 

11 - 30 days Percent change 
% 

31 - 80 days Percent change 
% 

80 days or more Percent change 
% 
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9. If your models are driven by volatility, what percentage change in volatility does it take on average to 
trigger your entry into the market to trade (in terms of the average holding period for each model, where 
relevant)? 

0 - 2 days Percent change  
% 

3 - 10 days Percent change 
% 

11 - 30 days Percent change 
% 

31 - 80 days Percent change 
% 

80 days or more Percent change 
% 

10. What is the average percentage risk per trade in account/fund equity that you take (in terms of average 
holding period of the various models, where relevant)?  

0 - 2 days Average risk  
 

3 - 10 days Average risk 
 

11 - 30 days Average risk 
 

31 - 80 days Average risk 
 

80 days or more Average risk 
 

11a. Do you always reverse positions or do you have a neutral mode? 
<Select One>

 

11b. If you have a neutral mode in your model(s), approximately what percentage of the time are you in the 

markets? % 

12. If you require any clarification about any of the questions please let me know. Please provide any 
additional information/comments about your program here as well as any comments you have about the 
survey:  
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