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Alternative Edge Resecarch Note

Understanding drawdowns

Within the universe of hedge funds and commodity trading advisors (CTAs), one of the most widely
quoted measures of risk is peak to trough drawdown. Our experience suggests, however, that inves-
tors do not have a widely accepted way of forming expectations about just how much managers who
are in business over long periods of time might be expected to lose. Rather, we find that investors
tend to monitor a manger’s worst or maximum drawdown with only informal or anecdotal infor-
mation about the manager’s average annual or previous year’s returns. Drawdown as a measure of
risk has failed to attract the same kind of research and attention that are devoted to other common
measures such as return volatility, VaR, or Sharpe ratios.

Our purpose here is to show that it is possible to get a reasonable fix on what drawdown distri-
butions should look like. This is no trivial problem. Any manager for whom the standard deviation of
returnsis large enough to produce a loss in any given investment period will experience drawdowns.
Most managers are in drawdown most of the time. And managers who have been in business a long
time may well have experienced more and bigger drawdowns than those with short track records.

Ifitis possible to predict how drawdowns should behave, however, then we can address two im-
portant kinds of questions.

Looking back over a manger’s track record, does his drawdown history make sense? That is,
do the frequency and size of his drawdowns look reasonable, and does his maximum draw-
down accord with what we would expect?

Looking forward, what kinds of drawdowns should we expect over any given investment ho-
rizon? How many drawdowns should he experience? How big? How likely is it that his larg-
est drawdown going forward will be greater than his maximum drawdown so far? And if it is
bigger, how much bigger?

What we show here is that the three most important determinants of drawdowns are length of
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UNDERSTANDING DRAWDOWNS

interesting is that they depend so much on the sequence of a manager’s returns. The usual summary
statistics such as mean and volatility of returns reflect nothing of the sequence in which the returns
occur. The sequence is critical, however, for drawdowns. Two managers with identical means and
volatilities of returns can experience very different drawdowns.

Exhibit 2 In practice, a drawdown is defined as the percent
The distribution of all drawdowns change in a manager’s net asset value from a high water
(mu = 15%, vol=15%, skew=0, xk = 0) mark to the next low water mark. A net asset value quali-

fies as a high water mark if it is higher than any previous
netasset value and if it is followed by a loss. Thus, points
A and D in Exhibit 1 are high water marks, but point Cis
not, even though net asset value at that point is higher
than it has ever been. Point C is not a high water mark
because it is followed by a gain.

Probability density

A netasset value qualifies as a low water markiifitis the

lowest netasset value between two high water marks. Point

-100% -80% -60% -40% -20% 0%
Drawdown

B qualifies as a low water mark. Or, if one is at the end of a
data series, a low water mark is simply the lowest net asset
value following the last high water mark. For example, point F, which follows the newly established high
water mark at E, would be a low water mark for the purpose of calculating drawdowns even though the
manager’s net asset value has not yet reached a new high water mark.

A manager’s maximum drawdown is simply the largest of these drawdowns.

What should drawdowns looks like?

Because realized drawdowns are the result of sequences of returns and depend entirely on the paths
thatamanager’s netasset value can follow, the only practical way to discover what drawdowns should
look like is to simulate as many net asset value paths as one needs to produce reasonable looking
distributions. In what follows, we have used Monte Carlo simulations in which we have controlled
for length of track record, the distribution of returns, deleveraging when in drawdown, and survival.
The resulting drawdown distributions have two basic shapes.

For a given return distribution and length of track record, the frequency and size of a manager’s
entire collection of drawdowns will look like the distribution shown in Exhibit 2. In this exhibit (and
in all of our drawdown exhibits), we show drawdowns as negative percent changes, and so we see
in Exhibit 2 a high frequency of small drawdowns and a small frequency of large drawdowns.

Exhibit 3 Also,eventhoughany given managercanonly have

The distribution of maximum drawdowns one worst drawdown, it still makes sense to think of

= 15%, vol=15%, skew=0, xk = ) .
{mu = 15%, vol=15%, skew=0, xk=0) the distribution from which that worst or maximum

N

drawdown was drawn. Or, if we think of several man-

o

agers, all of whom have the same or very similar track

<]

records and return characteristics, we can think about
whatthe distribution of their various worst drawdowns

(o))

should look like. An example of what the distribution

Probability density

of maximum drawdowns should look like is provided
in Exhibit 3.
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Exhibit 4 What forces shape drawdown

Track record, mean return, and volatility of returns have distributions?
the greatest effect on expected drawdowns

0% In our simulations, we were able to control the return

O mu = 5% generating process for most of the things that would
-2% | .
< —A—mu=15% seem to make sense. In particular, we controlled for:
-§ a% ] —— mu =25%
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0% ©  deleveraging when in drawdown
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The distribution of all drawdowns
0%
From Exhibit 2, we can see thatlength of track record
-2% | . e s .
£ ’ matters very little to the distribution of all drawdowns.
o
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S \ . . . .
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a9 . . .
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o 10% | —&— skew = 0.0 Mean return and the volatility of returns, however,
skew =00 matter a lot. Exhibit 4 shows a manager’s average or
-12% : ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
0 1 2 3 4 5 6 7 8 9 10 expected drawdown versus length of track record for
0% different values of the four key moments of the re-

506 | turn distribution. In the top panel, for example, we

have varied the manager’s mean return while holding
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; % volatility, skewness, and excess kurtosis (xk) constant.
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5 o And, as one would expect, higher mean returns lead

g -8% Sy to smaller expected drawdowns.

o s E . T
-10% | ——xk= 6 From the second panel in Exhibit 4, it is also appar-
12% ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ent that the volatility of returns has a large influence

o 1 2 3 4 5 6 7 8 9 10 overamanager’s drawdowns. Higher volatility leads

Track record (years)
to larger expected drawdowns.

Skewness and kurtosis, on the other hand, matter very little, at least given the range of values
for skewness and kurtosis that we have observed in CTA returns over the past ten years. The most
plausible reason for this seems to be that drawdowns are the result of adding together sequences
of returns. As a result, even though the distribution from which any given return is drawn may be
higher skewed or exhibit fat tails, the result of adding returns together produces a random variable
that tends (a la the central limit theorem) to be more normally distributed.
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The distribution of maximum drawdowns

A manager’s worst drawdown is taken from a distribution that is highly sensitive to length of
track, mean return, and volatility of returns. Skewness and kurtosis, on the other hand, tend not to
matter much.

The likelihood of any given drawdown is independent of how long a manager is in business. But
the likelihood of experiencing a drawdown that is bigger than anything experienced so far increases

with every passing day. As a result, as shown in Exhibit

Exhibit 5 3,increases in the length of track record shift the entire
The effects of returns and volatility on maximum drawdowns maximum drawdown distribution to the left.

Year =5, vol=15%, skew=0, xk = 0 - T
(nYear =5, vol=15%, skew=0,xk =0) Exhibit 5 shows how the distribution is affected by

mean returns and the standard deviation of returns.

12

10

—0—mu=5% The values we have chosen here correspond roughly

to the range of values we observe in our data base of

©

—A&— mu=15%

—— mu =25% CTA returns. As the upper panel shows, high returns

Frequency
(o)}

tend to produce smaller maximum drawdowns, while

4 the lower panel shows how increases in the volatility
) of returns increases the likelihood of large maximum
drawdowns.
0 R o '
-100% -80% -60% 0% Exhibit 6 compares the effects of changing each of
thefourreturn characteristics on amanager’s expected
(nYear =5, mu = 15%, skew = 0, xk = 0)
50 maximum drawdown. In each panel, it is apparent that
length of track record matters more than it did with the
40
—O—vol =5% expected value of all drawdowns. Each of these curves
> = 0y . . . Lot
g 30 A vol=15% is considerably steeper here than those in Exhibit 4. It
E] —>—vol =25% . -
g is also apparent that mean return and volatility of re-
w20
turns matter a lot, while skewness and kurtosis matter
10 hardly at all.
o ——— ,, ] To put the importance of these things in perspec-
-100% -80% -60% -40% -20% 0% tive, we calculated the partial effect of each moment
Maximum drawdown on expected maximum drawdown and multiplied the

partials by the standard deviation of each moment as
measured in our database. The results are shown in Exhibit 7, which shows that volatility of returnsis
by far and away the most important variable across managers. Variation in mean returns is a strong
second. In contrast, skewness and kurtosis rank very low on the list of things that matter for an ex-
planation of why different managers have different drawdowns.
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Exhibit 6
The three most important variables for maximum drawdown
are length of track record, mean return, and volatility
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Exhibit 7
How important are the four moments for expected maximum
drawdowns?

Potential effect

Moment partial effect” standard combined
(%) deviation of effect
moment (%)
Mean 68.0 0.139 9.5
Standard deviation -191.0 0.133 -25.4
Skewness 2.7 1.035 2.8
Kurtosis 0.1 5.914 0.4

*local partial of expected maximum drawdown wrt each moment

The core drawdown function

If higher returns produce smaller drawdowns while higher
volatilities produce larger drawdowns, then one can trade off
oneforthe otherto produce the same expected drawdowns.
But given the sizes of their respect effects, it can take a lot of
extra return to make up for a little extra volatility.

Even though there is no clean, analytical function that
relates drawdowns to a manager’s returns, the relationship
between a manager’s drawdowns and his returns and risks
can be described by

DD/c = f(wo)

where o is the standard deviation of returns and w is the
mean return.Thatis, a manager’s drawdowns, when divided
by the volatility of returns, can be written as a function of
the manager’s modified Sharpe ratio (i.e., the ratio of mean
return to the standard deviation of returns).

The shape of this function is illustrated in Exhibit 8 for
track records ranging from 1to 10years.The curvature bears
out our sense that volatility matters more than mean re-
turn. A doubling of a manager’s mean return while holding
return volatility constant will reduce expected drawdown
per unit of volatility but by less than half. In turn, a dou-
bling of volatility while holding mean return constant will
more than double expected maximum drawdown per unit
of volatility.

If we are concerned only about the sizes of drawdowns,

as opposed to drawdowns per unit of volatility, this relationship can be rewritten as

DD - of (Wo)

which suggests the following:

Newedge
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Exhibit 8
The shape of the relationship between expected maximum
drawdowns and returns when both are normalized for volatility

0.0

-0.5
-1.0

0.5 1.0 1.5 2.0
Return/volatility

Exhibit 9
Observed drawdown distributions
(1993 through 2002)

Observed frequency

0
-100% -80% -60% -40%

All drawdowns

-20% 0%

Observed frequency

0
-100%

-80% -60% -40%

Maximum drawdown

-20% 0%

a doubling of both mean return and volatility (which
would leave the modified Sharpe ratio unchanged) will
exactly double expected maximum drawdowns

a doubling of volatility alone will more than double
expected maximum drawdowns

one would have to more than double mean return to
compensate for a doubling of volatility

These points help to illustrate the differences between
drawdown, volatility of returns,and amodified Sharpe ratio
as measures of risk. All three are related but provide differ-
ent perspectives. Two managers with the same volatility
of returns will have different expected drawdowns if their
mean returns are different. Two managers with identical
modified Sharpe ratios will have different expected draw-
down:s if their return volatilities are different.

Empirical drawdown distributions

To see whether this approach could be used to explain
the drawdown patterns we observe, we constructed draw-
down histories for 1, 2, 5, and 10 years in the following
way using CTA returns from the Barclays database. Us-
ing return histories for all managers with a 1-year track
record as of November 2002, we determined what their
drawdowns would have been had they all started from
scratch atthe end of November 2001.Then, for all manag-
ers who had a 2-year track record as of November 2002,
we determined what their drawdowns would have been
had they all started fresh at the end of November 2000.
And so forth for 5-year and 10-year track records. By de-
sign, thisapproach produces different drawdown histories
than those actually reported by the CTAs in our database.
It has the advantage, however, of putting all managers up
against the same market conditions.

The results of these efforts are shown in Exhibit 9. The

distributions of all drawdowns are shown in the upper panel, while the distributions of maximum

drawdowns are shown in the lower panel.

Reconciling theoretical and empirical distributions

The distribution of all drawdowns shown in Exhibit 9 look about the way we would expect. The

distributions of maximum drawdowns, on the other hand, posed a real challenge. First, they are ir-

regularly shaped. Second, as shown in Exhibit 10, where we focus on the distribution of maximum

drawdowns for 10-year track records, the observed distribution does not fit well with the theoreti-

cal distribution (labeled “discrete”) derived from the actual distribution of returns for all CTAs with a

Newedge
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UNDERSTANDING DRAWDOWNS

Exhibit 10 10-year track record.

First cut at explaining observed maximum drawdowns . L.
P 9 The problem is that the observed drawdown distri-

10-Y max DD depth distribution .
6 bution peaks at a much lower level of drawdowns than

does the theoretical. One plausible explanation for the

4 —o—Observed difference in the shapes of the two distributions is that

—&—Discrete managers may deleverage when they are in drawdown —
—a— Adapted

Frequency
w

thatis, scale back the risk they take — and thereby avoid
thelargerdrawdowns they would experienceif they were
to keep the volatility of returns constant.

-100% -80% -60% -40% -20% 0% Exhibit 10 shows that it is possible to pull the theo-

Maximum drawdown retical drawdown distribution to the right by allowing for

deleveraging when simulating returns. In this case, we

Exhibit 11 scaled the manager’s mean and volatility of returns as
The range of returns and volatilities for managers
with a 10-year track record

Observed volatilities and returns M’ = fa w
80%
60% | o=fxo
o 40% -
2 20% | v N L A
g L mata s YO e LR W where
£ 0% {+ AT wa AR et R
s 20% |
-40% f=1-[abs(drawdown)]"?
-60%
-80% _ _ y _
0% 10% 20% il 30% 40% 50% 5o that if a manager’s current drawdown were 50%, the
Volatility . L.
scaling factor would be .29 [ =1 - .5"2]. The new distri-
Managers grouped by volatility bution of maximum drawdowns that results is labeled
i Numberof ~ Group ~ Group “Adapted” in Exhibit 10 and peaks just about where it
Volatility range managers  return volatility P P )
0.0% ~ 12.5% 19 83% 86% should.
12.5% ~ 25.0% 64 94%  188% . . . .
25.0% ~ 50.0% 9 12.3% 32.4% One main drawback to this approach is that the evi-

dence on deleveraging is largely anecdotal. We know

managers who attest to the fact that they scale back
risk when in drawdown. We know other mangers, however, who say that they do not. And we have
not been able yet to find any evidence in the volatilities of managers'returns that suggests that they
deleverage when in drawdown.

Another main drawback to this approach is that while it produces a mass of probabilities that
looks like what we observe, it greatly underpredicts the several large drawdowns that we observe
in the data.

A better solution seems to lie in the fact that managers exhibit very different volatilities of returns.
This is borne out in Exhibit 11, which shows a scatter plot of mean returns and their corresponding
volatilities for those managers for whom we have 10 years of performance data. For the purposes of
this exercise, we grouped the managers into three broad volatility groups: low (0% to 12.5%), me-
dium (12.5% to 25%), and high (25% to 50%).

Using the group returns and group volatilities, we simulated the three maximum drawdown
distribution shown in the upper panel of Exhibit 12. Then, using the numbers of managers in each
of the three groups, we produced a composite distribution that is a weighted average of the three
separate distributions.

Newedge AlternativeEdge



UNDERSTANDING DRAWDOWNS

Exhibit 12 The resulting composite distribution has some at-

A composite maximum drawdown distribution tractive features. First, because of the presence of the

12

low volatility group, the composite distribution peaks
10 —— Observed A aboutwhereitshould.Second, because of the presence
.8 ___'___ mifszd_mixed 3 of the high volatility group, the composite distribu-
§ 6 ~ —~ ~ Mid Vol I,'I ' tion allows for a sufficiently high probability of large
E A T Hivel , A drawdowns. And third, as shown in the lower panel of
Exhibit 12, the composite even exhibits some of the
2 irregular shape that we see in the observed distribu-
91 50% - - ' -60% -40% 20% o5 tion of drawdowns.
Maximum drawdown
. Putting a manager’s drawdown
35 —+— Observed experience in perspective
530 —8— Modeled-mixed Atthis point, we thinkit is reasonable to draw two theo-
;g_ if) retical drawdown distributions for any given manager,
T 5 both based on length of trackrecord and the mean and
10 volatility of returns. We have done this in Exhibit 13 for
5 a manager with a 10-year track record, a mean return
?1:,0% -80% 60% -40% 20% "o Of just over 12%, and a standard deviation of returns
Maximum drawdown of 20%. Over this, we have superimposed the manag-
er's actual drawdowns, which are represented by the
Exhibit 13 horizontal lines stemming from the vertical axis on
Assessing a manager’s drawdown experience the right. This particular manager has experienced 17
drawdowns over the 10 years, most of them less than
,/- 10%. The maximum drawdown was just over 40%.
,/.. Overall, this manager’s actual drawdown experi-
/’ : ence is roughly in line with what we would expect.
/’ - The maximum drawdown is in the upper end of the
[ theoretical distribution, but appears to be only about
— 1 standard deviation above the mean.
What about future drawdowns?
100% -90% -80% -70% -60% 750_%~ 40% -30% -20% -10% 0% What kinds of drawdowns might an investor expect

going forward? This work suggests that we can form
reasonable expectations about the size and frequency of drawdowns for any given investment ho-
rizon. We can also say something useful about the possibility that a manager will experience a larger
drawdown than the maximum drawdown to date. In particular, for a given investment horizon and
assumptions about the mean and volatility of returns, we can calculate the likelihood that a manger
will experience a worse drawdown and a conditional maximum drawdown to go with it.

Newedge AlternativeEdge
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Exhibit 14
How much worse can it get?

(mean return = 12%, volatility = 20%)

Probability of Expected
Investment a drawdown > drawdown if >
horizon (years) 41% 1%
1 0.1% -441%
2 1.7% -45.8%
3 4.3% -47.1%
4 6.8% -47.3%
5 9.5% -47.8%
6 12.9% -48.2%
7 15.3% -48.4%
8 17.8% -48.8%
9 20.5% -49.1%
10 23.4% -49.0%

For example, how likely is it that a manager whose worst drawdown to date is 41% will have a
worse drawdown over any given investment horizon? If we are willing to assume a mean return and
volatility (e.g., 12% and 20%), we find in Exhibit 14 that the probability of experiencing a drawdown
greater than 41% is only .1% over the next year but would be 23.4% if the investment horizon is ex-
tended to 10 years. We also find that the expected value of this worse drawdown would be 44.1% if
it occurs in the next year but would be 49.0% if experienced over a 10 year horizon.

In practice, we can use any target drawdown, not just the worst or maximum drawdown to date.
And we can, if need be, modify the assumptions about the manager’s returns to produce more re-
alistic theoretical distributions. This would be especially useful if we think that a manager’s trading
strategy is likely to produce a mix of volatilities over time. The drawdown distributions for high and
low return volatilities have very different shapes and could produce very different probabilities of
large losses than one would get using an assumption of constant volatility.

Further questions

Our conversations with clients and colleagues about this work have generated several questions that
deserve a closer look. How important, for example, are serially correlated returns? How reliable are
our estimates of return volatilities? Would the analysis be better if one had daily rather than monthly
return data? Would this analysis work as well for hedge funds as it does for commodity trading advi-
sors? What happens if a manager’s return volatility changes in response to drawdowns?

Our preliminary on these suggests the following. First, serially correlated returns could have a
measurable effect on drawdown distributions, but we have found no evidence of serial correlation
in CTA returns. Volatility estimates based on monthly return data can be subject to very large sta-
tistical errors and would be much improved, at least in the case of CTAs, if we had daily return data.
To the extent one can get reliable return and volatility information about hedge funds, the analysis
should work well. It is much harder, though, to get the same quality information about hedge funds
as one can get for CTAs. And, while we know that some managers deleverage when in drawdown,
the evidence on CTAs as a class is ambiguous.

We invite comments and questions. Contact Galen Burghardt at 312-762-1140 or galen.burghardt@
newedgegroup.com
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Technical note

To simulate net asset value series where skewness and kurtosis are zero, we draw sample returns
from a lognormal return distribution. To capture skewness and kurtosis, we sample returns from a
generalized lambda distribution. The values of skewness and excess kurtosis used in this note were
roughly consistent with the range of values we observed for CTAs in our database. From the return
series, we construct net asset value series. And from these, we derive the simulated drawdowns that
are used to produce the theoretical drawdown distributions. A typical run usually requires 10,000
iterations to produce a smooth distribution.
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Please feel free to contact Galen Burghardt (312-762-1140, galen.burghardt@newedgegroup.com) or Ryan Duncan
(312-762-1122, ryan.duncan@newedgegroup.com) with questions about the AlternativeEdge series of research notes.
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