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Example

Fundµ(%)σ(%)max.DD(%)T(yrs)

Π12510−51

Π23010−7
1
21.5

Π32512.5−8
1
32

CalmarRatio=
Returnover[0,T]

max.DDover[0,T]

SterlingRatio=
Returnover[0,T]

max.DDover[0,T]−10%

Whichfundisbest?
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TheComplication

•µandσareannualized.

•Max.drawdowniscomputedoveragiventimeperiod.

•Problem:fundshavestatisticsoverdifferentlengthtimeintervals.

HowdoweannualizeMDD?

Why?
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CommonPractice

ComparefundsoverT=3yrs.

Artificial:

–Wastefulofusefuldata.

–3yearsdatamaynotbeavailable.

–EasilyavailabledatadoesnotgenerallyquotetheMDDfor3years.
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√
T-RuleforSharpeRatio

SharpeRatio=
µ(annualized)

σ(annualized)

µτ

στ

}

overtimeperiodsofsizeτ

µ(annualized)=µτ·
1

τ

σ(annualized)=στ·

√

1

τ

SharpeRatio=
µτ

στ
√

τ
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SimilarscalinglawsforSterling-typeRatios?

PartI:
AnalysisoftheMaximumDrawdown.

PartII:
ApplicationtoScalingLaws.
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PartI:

AnalysisofMaximumDrawdown
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TheDrawdown(DD)

TheDD(currentloss)isthelossfromthepeaktothecurrentvalue.

X(t)isthecumulativereturncurve.

DD(T)

X(t)

T
t

DD(T)=sup
s∈[0,T]

X(s)−X(T)

DD(T)iswellunderstood(eg.[KaratzasandShreve,1997]).
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TheMaximumDrawdown(MDD)

TheMDDisthemaximumlossincurredfromapeaktoabottom.

t

X(t)

MDD(T)

T

MDD(T)=sup
t∈[0,T]

DD(t)

–DDisanextremum.

–MDDisanextremumofanextremum.
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SamplingofPriorWork

–PreviousworkonthetheMDDismostlyempiricalorMonte-Carlo.

•[AcarandJames;1997]

•[Sornette;2002]

•[Burghardt,DuncanandLiu;2003]

•[Harding,NakouandNejjar;2003]

•[Chekhlov,UryasevandZabarankin;2003]

–TheonlyanalyticalapproachisforaBrownianmotionwithzerodrift,

[Douady,ShiryaevandYor;2000].
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Setup

X(t)isan(arithmetic)Brownianmotion:

dX(t)=µdt+σdW(t)0≤t≤T

µ=averagereturnperunittime(drift)
σ=std.dev.ofthereturnsperunittime(volatility)
dW(t)=Wienerincrement(shocks)

Note:IfthefundS(t)followsageometricBrownianmotion,thenthe

cumulativereturnsequencefollowsaBrownianmotion.

WewouldliketostudyMDD(µ,σ,T).
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DD(t)isaReflectedBrownianMotion

Drawdownattimetisastochasticprocess.

X(t)

tt+∆

DD(t)

tt+∆

DD(t)isreflectingat0,i.e.,DD(t)isareflectedBrownianmotion.

dDD(t)=







−dX(t)DD(t)>0

max
{

0,−dX(t)
}

DD(t)=0.

[Magdon-Ismail,Atiya,PratapandAbu-Mostafa;2004]
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ExpectedMDD(µ,σ,T)

Theorem:E[MDD(µ,σ,T)]=



















































2σ2

µQp

(

µ2T
2σ2

)

µ>0

√

π
2σ

√
Tµ=0

2σ2

µQn

(

µ2T
2σ2

)

µ<0

QpandQnare“universal”functions.

–Onlyneedtobecomputedonce!

–Asymptotics?

[Magdon-Ismail,Atiya,PratapandAbu-Mostafa;2004]

Dimensionlessquantity:x=
µ
√

T

σ
.
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BehaviorofQMDD(x)

012345
0

1

2

3

4

5

6

Comparison of QMDD(x) for Different µ

x

Q
(x)

µ<0

µ=0

µ>0
∝logT

∝
√

T

∝T

http://www.cs.rpi.edu/∼magdon/data/Qfunctions.html
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PartII:

ScalingLaws
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Recap

Calmar(T)=
Returnover[0,T]

MDDover[0,T]
≈

µT

E[MDD]
=Clmr

Giventwofunds,

Π1:µ1,σ1,T1,MDD1,Clmr1=
µ1T1

MDD1
.

Π2:µ2,σ2,T2,MDD2,Clmr2=
µ2T2

MDD2
.

HowtocompareClmr1andClmr2?
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NormalizedCalmarRatio

Normalizetheratiostoareferencetimeτ,forexampleτ=1yr.

Weknowhowtoscalereturnover[0,T1],

µ1T1−→µ1τ=µ1T1·
τ

T1

WecanscaleMDD([0,T1])→MDD([0,τ])usingproportion,

E[MDD([0,τ])]

E[MDD([0,T1])]
=

MDD([0,τ])

MDD([0,T1])
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Example–Revisited

Fundµ(%)σ(%)max.DD(%)T(yrs)CalmarCalmar
Π12510−5155

Π23010−7
1
21.564.41

Π32512.5−8
1
3263.62

(normalizedtoτ=1yr.)

Π1>Π2>Π3
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TheRelativeStrengthβ

Considerthelonghorizon,τ→∞:

β=
Calmar

Calmarref.
,

(eg.referenceinstrument=S&P500).

βdefinesatotalorder.
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Example–Re-Revisited

Fundµ(%)σ(%)max.DD(%)T(yrs)β

Π12510−511.00

Π23010−7
1
21.50.97

Π32512.5−8
1
320.64

(relativestrengthsw.r.tΠ1.)

Π1>Π2>Π3
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RealData∗

Fundµ(%)σ(%)T(yrs)MDDCalmarE[MDD]Calmarβ
S&P50010.0415.4824.2546.285.26144.560.61041

FTSE1007.0116.6619.8348.522.86555.540.43950.5003
NASDAQ11.2024.3819.4275.042.89977.870.44020.5407

DCM15.655.783.083.1115.504.7706.54127.76
NLT3.3516.033.0825.400.406231.350.22020.1331
OIC17.194.521.160.4247.482.49342.31212.0
TGF8.489.834.588.114.78915.841.7523.589

DCM=DiamondCapitalManagement;
NLT=Non-LinearTechnologies;
OIC=OlsenInvestmentCorporation;
TGF=TradewindsGlobalFund.

–NormalizedCalmarratioistoτ=1yr.

–Relativestrengthindexβiscomputedw.r.t.S&P500.

∗InternationalAdvisoryServicesGrouphttp://iasg.pertrac2000.com/mainframe.asp
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Conclusion

1.StudiedMDDforaBrownianmotion.

2.WenowhavescalinglawsforMDDandSterling-typeratios.

3.Cancomparetradingstrategiesoverdifferenttimeintervals.

Advertisement:

[Magdon-Ismail,Atiya,Pratap,Abu-Mostafa;2004]

[Magdon-Ismail,Atiya;2004]

http://www.cs.rpi.edu/∼magdon

ThankYou
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