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DATA ENVELOPMENT ANALYSIS

H
edge fiinds have gained wide acceptance
among iastiturional investors as a way to diver-
sify tradirional stock and bond portfolios.Their

, advantage lies in their low correlations with
stocks and bonds and the protection they offer in turbu-
lent markets (Amenc, Bied, and Marteilini [2003]).

Hedge fund performance measures using standard
market indexes as benchmarks appear questionable, how-
ever, as their very nature is different from stock and bond
funds. Hedge funds have non-linear returns because of
long-short positions, derivatives, and option-like fee con-
tracts, which can result in significant skewness and kur-
tosis (Fung and Hsieh [1997. 1999]; Liang [2003); and
Agarwal and Naik [2004]).

There is no denying that hedge funds, through
leverage, short-selling, and other derivatives strategies, are
likely to infiuence portfolio management by providing
downside protection. Yet their inclusion in investor port-
folios calls for appraisal methodologies suitable for han-
dling the asymmetrical returns they produce. This is even
more important, given that fund offunds manager selec-
tion is a precise process for appraising both risk and reward.

There is evidence that using such benchmarks to
compare hedge fund and fund of hedge flind (FOF) returns
results in low R-squared values (Edwards and Caglayan
[2001]; Gregoriou, Rouah, and Sedzro [2002]). We pro-
pose a versatile data envelopment analysis (DEA) to assess
FOF performance.

DEA IN BRIEF

Since data envelopment analysis was introduced in
1978, researchers including us have accepted it as a simple

WINTER 2007



and exceptional methodology for modehng processes in
performance evaluation (Zhu [2003]; Gregoriou and Zhu
[20()5j). DEA, a data-oriented approach, uses a linear pro-
gramming technique to evaluate a set of peer entities
called decision-making units (DMUs), whose performance
is characterized by multiple measures or indicators. In our
case, a DMU refers to a FOFs.

DEA allows for multiple performance measures with
different units and generates a best practices or efficient
frontier. The multiple performance measures are grouped
into inputs and outputs as in production funcdons. DEA
can improve the performance of inefficient FOFs by
diminishing input or augmenting output levels.

Exhibit 1 illustrates the ftindamental concept of DEA,
and how it creates the best practices frontier and estab-
lishes benchmarking standards. The vertical axis designates
the return as an output, and the horizontal axis designates
the standard deviation as an input. Usually, for inputs we
prefer lower values (for example, risk measures), and for out-
puts we prefer higher values (for example, returns).

Using a linear programming technique, DEA iden-
tifies a piecewise-lijiear efficient fontier—tlie bold solid line
as displayed in Exhibit 1. No other observed FOFs have a
better risk-return combination than those on the DEA
efficient frontier. To enhance the efficiency of FOF D, which
is seen as inefficient, its risk must be reduced to D' on the
efficient frontier, or its return must be increased to D". D'
or D" is then identified as the benchmark tor FOF D.

Exhibit 1 demonstrates that DEA can use either
input reduction or output increase for inefficient FOFs
to reach the efficient frontier.The efficient frontier is made
up of the FOFs where no input reduction and output
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increase is required. As a result, we have input-oriented
DEA models that optimize the inputs (reduce them) but
maintain the outputs at their current levels, and output-
oriented DEA models that optimize the outputs (increase
them) but maintain the inputs at their current levels.

Exhibit 2 shows five FOFs. Each has the same return
during one common time period. The two inputs are
standard deviation and a proportion of monthly negative
return. In this example, FOF4 and FOF5 are relatively
inefficient-For example, FOF4 has the same standard devi-
ation as FOF2, but has 15 percentage points more nega-
tive monthly returas. i

DEA compares the five FOFs in terms of the two
inputs and the single output, and identifies FOFl, FOF2,
and FOF3 as the best practices units.The efficient fron-
tier consists of the line segjnents composed by these three
efficient FOFs.

DEA identifies TI on the line segment between
FOFl and FOF2 as the benchmarking standard for the
inefficient FOF4. A FOF is rated efficient on the basis of
available evidence if and only if the performance of other
FOFs does not show that some of its inputs or outputs can
be improved without worsening some of its other inputs
or outputs.

DEA allows us to rank FOFs in a risk-return frame-
work without using indexes because the FOFs themselves
are used a.s benchmarks. It also permits us to deal with sev-
eral input and output variables without requiring precise rela-
tionsliips among the multiple performance measures.

An alternative performance evaluation approach like
DEA is important because it may enable investors to
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pinpoint the reasons behind a FOF's poor performance.
For institutional investors and portfolio managers con-
sidering FOFs. it is critical that a pertbrmance measure pro-
vide not only a precise appraisal of the fund's performance,
but ako an Idea of the methods managers use to control
risk with respect to certain criteria {variables such as inputs
and outputs). DEA can present investors with a useful
tool for ranking FOFs by self-appraisal.

Any manager selection process requires assessment
of both qualitative and quantitative characteristics. Iden-
tifying the best FOF managers through research is surely
an art, and alternative performance appraisal techniques
such as DEA can provide fiirther insight into fund effi-
ciency.

While investment in a fund of funds can enhance
portfolio returns, any enhancement is likely to be limited
if the selection process is not followed correctly. i'.

LITERATURE REVIEW i

Funds offunds allegedly provide absolute returns;
they purport to secure positive returns, irrespective of
market conditions. Their special risk exposure and per-
formance characteristics call nevertheless for alternative
evaluation techniques. Performance measurement is crit-
ical, but research has revealed a tracking error problem
for various FOF indexes. FOF indexes are rebalanced and
cannot properly reproduce the same composition over an
entire performance examination period. Thus persistence
could be wrongly estimated.

Aioienc, Bied, and MarteUini [2003], using multi-
factor models, partially succeed in predicting hedge fond
returns for six of nine hedge fund styles with R-square
values ranging from 15.7% to 53.4%. Whatever the ability
of typical models to explain hedge fund returns, dynamic
trading strategies and skewed returns overall remain a
serious matter in hedge fund and FOF performance.
Hence, there is a need for more investigation of innova-
tive methods such as DEA.

Fung and Hsieh [1997, 2002a] and Liang [1999]
apply Sharpes factor style analysis to hedge funds, and
observe that a small amount of the variability in hedge
fund returns can be attributed to those of financial asset
classes—contrary to what Sharpe [1992] has observed for
mutual fonds. L'habitant [2002] also argues that a return-
based style analysis performs poorly for hedge funds
because of their various dynamic investment strategies,
especially since style analysis calls for consistency
throughout the entire investigation period.

By application of DEA we aim to alleviate the
benchmarking problem in the FOF industry. DEA enables
us to rank and evaluate performance and efficiency of
offshore and onshore FOFs in a risk-return framework.
Diz et al. [2004] take Commodity Trading Advisor (CTA)
data from the Barclay Trading Group database and apply
basic and cross-efficiency models to examine the effi-
ciency of CTA classifications over the 1997-2001 period.
The authors conclude that DEA is a valid technique to
identify efficient CTAs, but they use inputs and outputs
that are different from ours.

Gregoriou [2006] further addresses trading efficiency
of CTAs using DEA. He uses the Center for International
Securities and Derivatives Markets (CISDM) CTA data-
base from January 1995 through June 2004 to identify
which CTAs produce the highest returns with the fewest
trades. Gregoriou, Sedzro, and Zhu [2005] investigate the
efficiency of hedge fund classifications over 1997-2001
and 1999-2001.They find DEA is an efficient technique
to rank hedge funds but over a short time frame.

Gregoriou and McCarthy's [2005] examination of
FOF efficiency does not use any risk-adjusted measures
to compare efficiency scores and rankings. Nor do the
authors examine any subperiods to identify whether there
are differences in the efficiency scores of FOFs.

Gregoriou and Chen [2006] diverge from the tra-
ditional DEA models.They use fixed and variable bench-
mark models to investigate the efTiciency of CTA
classifications over 1994-2001 using CISDM data. They
confirm that the rank-order ing technique is similar to the
ranking result produced using the Sharpe ratio.

The traditional Sharpe ratio is considered inappro-
priate for non-normal returns in comparing efficiency
rankings since it underestimates tail risk and overestimates
performance.Therefore, we use the modified Sharpe ratio
(see Favre and Galeano [2002]).

Using the CISDM CTA database, Darhng,
Mukherjee, and Wilkens [2004] investigate the reladon
between performance and fund size, length of a manager's
track record, investment style, and strategies during up
and down market periods. They conclude that some
emerging hedge fund managers are able to outperform
well-known and established managers.

Wilkens and Zhu [2003] further demonstrate that
the returns-to-scale (RTS) estimation technique can be
used to classify hedge fonds.The authors use the MAR/
CISDM medians of each classification, and conclude that
DEA's non-linear multidimensional efficient frontier has
an advantage over the conventional linear quantitative
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methods. In addition Wilkens and Zhu [2001] demon-
strate how DEA can be used to benchmark portfolios.

DATA

We use FOF data from the CISDM database to
investigate the largest 25 onshore and offshore FOFs (in
terms of ending assets under management) during the
ten-year period July 1994 through June 2004. We sub-
divide the periods from July !, 1999, through June 30,
2004 (a five-year period), and July 1,2001, through June
30, 2004 (a three-year period).

We choose this period because it includes many of
the extreme market events that have occurred since July
1994 (the Tequila crisis of 1994, the Asian currency crisis
of 1997, the Russian ruble crisis of 1998, the Nasdaq
bubble in 2000, and the September 11, 2001, attacks in
the U.S.). We do not consider data before 1994 because
an inherent backfill bias renders it unreliable (Fung and
Hsieh [2002b]).

Our dataset includes net monthly returas, with man-
agement and performance fees deducted. We use the
.iverage monthly T-bill rate for each period in computing
the modified Sharpe ratio.We use only live FOFs because
defunct funds are considered inefficient. When we add
defunct FOFs to each DEA model, we find the order
ranking reinains the same, and the efficiency scores of the
current FOFs are not altered.

The inputs and outputs in the firamework are impor-
tant. They must be chosen carefolly, because they are the
foundation of the analysis. Using other inputs and outputs
for DEA models is not incorrect, but must be justified.

To appraise and rank onshore and of}shorc FOFs, we
use three inputs and three outputs for the analysis. The
rule of thumb is that the sample size should be approxi-
mately twice the number of inputs plus outputs.

An input is simply any resource used by a FOF to
produce its outputs.The first input, monthly average stan-
dard deviation, is used as a measure of investment risk,
because it captures the spread of the returns. A low standiird
deviation represents a low probability of extraordinary
gains or losses; a high standard deviation implies a high
probability of gains or losses.The size of the standard devi-
ation can indicate the level of a FOF's risk, and specify
which FOFs are more efficient at controlling or mini-
mizing standard deviation.

Next, the monthly downside deviation calculates
the average mean return only for periods with a loss, and
measures the variation only of the losing periods. This
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statistic is used to measure the volatility of downside per-
formance and to miniiiTize downside deviation.Thus, we
reduce the exposure of FOFs subject to a higher proba-
bility of negative returns. Smaller inputs and higher out-
puts in DEA usually indicate better performance. These
inputs are justified because FOFs try to minimize volatility
and are concerned mainly with downside volatility.

Finally, tlie maximum drawdown is used as the third
input. Maximum drawdown is the largest drop in per-
centage terms from the highest peak to the lowest trough
before- a new peak is attained by the FOF during the period.

Outputs are the result of the processing of inputs.
They measure how efficiently an FOF has attained its
goals. The first output, monthly percent profitable, refers
to die number of positive months divided by the total
number of months.This identifies FOFs that are efficient
in producing and sustaining the greatest number of pos-
itive months throughout the period.

The second output, annualized monthly com-
pounded return, is the constant annual return that results
in the identical compound return of the series over the
entire period.

Finally, maximum consecutive ̂ i n is the number of
successive months the FOF has attained positive returns
during the period. This output identifies efficient FOFs
that are able to niiiintain a superior level of monthly per-
formance persistence during the period.

The resulting efficiency scores indicate how FOFs
rank, with respect to their peers.

DEA MODEL

Data envelopment' analysis was developed by
Charnes, Cooper, and Rhodes [1978] to measure the effi-
ciency of individual decision-making units (DMUs). To
present the DEA model, we denote FOFs by; = {1 ,2 , . . . ,
n}, which uses quantities of / inputs w îth i = {1, 2 m}
to produce quanddes of routputs with r= {1, 2, . . . , .s}.
We define x as the quantity of input / for /' used to pro-
duce the quandty y of ouq)Ut r. Each FOF uses a variable
quantity of m different inputs (i = 1, 2, . . . , tn) to generate
s different outputs (r= 1, 2, . . . ,s). FOF / uses amount x.
of output (' and generates y of output r We then presume
that X />0, Y > 0, and that each FOF has at least one
positive input value and otie positive output value.

DEA optimization handles the observed vectors of
X and }' as given, and selects values of output and input
weights for a particular FOF. The efficiency score of a
particular FOF can be calculated as follcyws:*
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where:

subject to

, = 1,2 m

(1)

A^>0 j = l , 2 , . . . ,H

m = number of inputs;
s= number of outputs;
H = number of FOFs; '
x.. = amount of input / used by FOF7;
x^ = amount of input / used by FOF 0 under ewhiation;
y .= amount of output r produced by FOFj; and
y = amount of output r produced by FOF 0 under

evaluation.

Equadon (1) is a linear programming problem. Once
solved, the opdmal value 6' indicates the efficiency for a
particular FOF under evaluation. If 0' = 1, the FOF is
efficient. If the efficiency score is less than unity, a fund is
regarded as inefficient.

In Equation (1), the (unknown) weights A satisfy
^^^- ~^ This ensures an efficient frontier as shown in
Exhibit 1; i.e., a convex combination of efficient FOFs is
deemed efficient as well.

Consider the FOFs in Exhibit 2. Applying Equation
(1) to FOF 4 yields:

Mm e

subject 10

40% A, ^ , ^ ^
, + A, + A J + A^ + A . > 1 (Same output level)

= 1 ^

and $* = 0.8, A' = 0.4, Aj = 0.6, and all other variables =
zero, where (*) represents optimal values.This indicates that
FOF4 is inefficient when compared to benchmarks FOFl
and FOF2.The non-zero lambda weights indicate that
FOF4 is compared to a convex combination of FOFl and
FOF2.

Note that DEA benchmarks are not risk factors, but
rather efficient funds as defined in input-output terms
where each measure represents risk and return criteria
(Wilkens and Zhu [2003]).

RETURNS-TO-SCALE REGION MODEL

A returns-to-scale (RTS) DEA model can be used
to rank and classify hedge fiinds, as shown by Wilkens and
Zhu [20031 (see Zhu [2003] for discussion of the RTS
model). A FOF manager using leverage may produce a
greater-than-proportionate increase in outputs (in par-
ticular, returns) reladve to fund inputs. In that case, the
manager is operating under increasing returns-to-scale. If
an increase in FOF inputs results in a less-than-propor-
donate increase in outputs, the manager is operadng under
declining returns-to-scale.

We show how DEA under increasing and declining
RTS can be used to rank and classify onshore and off-
shore FOFs. In Exhibit 3, the line segment AB corre-
sponds to increasing RTS (IRS); segment BC corresponds
to constant RTS (CRS); and segment CD corresponds
to declining RTS (DRS). On the line segment CD,
declining RTS appears to the right of point C.

This methodology allows us to allocate a set of
FOFs into six RTS regions, as in Exhibit 4. Regions I, II,
and III correspond to IRS, CRS, and DRS, respecdvely.
Tliree addidonal regions can be identified as well. Region
IV refers to input-oriented IRS and output-oriented
CRS; Region V refers to input-oriented CRS and
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E X H I B I T
RTS Regions

Output Region I - IRS _ ,
Region II - CRS
Region III - DRS
Region IV is IRS (input-oriented) and CRS (output-oriented)
Region V is CRS (inpul-orienied) and DRS (output-oriented)
Region VI is IRS (input-oriented) and DRS (output-oriemed)

/

IV

/
11

VI

V

in

Input

output-oriented DRS; and RegionVI refers to input-ori-
ented IRS and output-oriented DRS.

A fund offunds manager operating under constant
returns-to-scale can scale ftind input and outputs linearly;
with no increase or reduction in FOF efficiency. Under
such an environment, therefore, the increase (or decline)
in output is proportional to the increase (or decline) in
input. Returns-to-scale, however, need not be constant,
but can also be increasing or declining. The efficiency
scores from inputs and outputs will be identical under
constant RTS. Under varying RTS, however, inputs and
outputs are tiot identical because when inputs are increased
outputs can either increase or decline.

Identifying returns-to-scale is important for selecting
FOFs because this way we can identify efficiency in using
assets under management and other fund resources. For
example, constant RTS implies that doubling fund inputs
will double outputs. Declining RTS implies that doubling
fund inputs will increase outputs by less than double, while
increasing RTS will increase outputs by more than double.

The general style classification (GSC) used by Brown
and Goetzmann [2{)03] generates five to eight distinct
groups offunds. In that sense, the RTS regions obtained
by DEA and presented in Zhu [2003] are similar to the

WINTER 2007

GSC methodology, and to the factor analysis
used by Fung and Hsieh [1997]. Unfortu-
nately, the hedge fund classifications pro-
vided by database vendors are often not
properly defmed or may be imprecise,
because they;are reported by hedge fund
managers. Returns-to-scale analysis can
group hedge fiinds into RTS regions, thereby
helping to overcome the misclassification
that is often ^ e r e n t in hedge fund data-
bases.

EMPIRICAL RESULTS

Exhibits 5 and fi show the efficiency
scores of o^hore and onshore FOFs. A score
of 1 implies t|iat a FOF is efficient; a score
below 1 would imply it is inefficient. For
exanaple, in Exhibit 5, La Fayette Regular
Growth Fund, GAM Trading, GEMS Low
Volatility Fund, and Global Hedge Fund
(CHF) are all efficient during the 1994-2004
period. They represent the best practices
fixtntier, and no other FOF generates the
same output level for fewer inputs.

In Exhibit 5, Key Hec^e Fund achieves an efficiency
score of 0.91174 (or 91.174%), which means the fund is
91 A74% efficient using its inputs and outputs.This sug-
gests the fund would need Eo reduce its inputs by 8.826%
to be considered efficient.

- When we compare the three-, five-, and ten-year
efficiency scores in Exhibit 5, we fmd there are more effi-
cient funds in the shorter 2001-2004 period than in the
other periods. The September 11, 2001, attacks do not
seem to have had as much of a negative effect, and FOFs
were able to control their inputs. It is more difficult to
minimize inputs during very long periods with exposure
to many different market dnvironments. Only three off-
shore funds are efficient in all periods (Lafayette Regular
Growth, GAM Trading and Gems Low Volatility).

Many FOFs that attain an efficiency score tiear 1.0
probably need make only minor corrections to their inputs
to be considered efficient. But FOFs with scores well
below 80% (for example. Leveraged Capital Holdings,
with an efficiency score of 41.13%) are far from efficient
(and far ftom the best practices frontier). FOFs with lowest
scores are assumed to be most inefficient. It may be fea-
sible for them to perform input modifications to attain effi-
ciency, but even funds w t̂h lbw scores niay attain efficiency

I
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if inputs are reduced while outputs (or return) are
improved. _ '

DEA essentially gives a realistic representation of
each fund's degree of inefficiency, providing a valuable
tool for funds that hope to attain 100% efficiency. When
efficiency scores are compared against the modified Sharpe
ratio using a Spearman's rank correlation coefficient, a
strong and positive link is observed in all periods. The
robust results in the three-, five-, and ten-year periods val-
idate the precision of the basic DEA model used.We also
provide ending assets under management for the 25 FOFs
for comparison purposes.

Exhibit 6 shows that the onshore FOFs Meridian
Horizon Fund, Univest (B), Dillion/Flaherty Partners,
Blue Rock Capital Fund, and P&A Multi-Sector Funds
are efficient over the 1994-2004 period.This is only five
onshore FOFs on the best practices frontier. Pine Grove
Partners, an inefficient FOF with a score of0.67702,is only
67.702% as efficient as the most efficient FOFs in the
analysis. When compared to offshore funds only one
onshore fond is efficient in all periods (Dillon/Flaherty
Partners).

This does not imply, however, that all efficient FOFs
with a score of 1.0 provide the same return during the
examination period, and in many cases it does not imply
that an efficient fund with a score of 1 will always have
the highest compound return. An FOF with an efficiency
score of 1.0 returning 20% is considered more volatile

than a fund with a score of 1.0 returning 15%, even if
both have scores of 1.0.

Exhibit 7 displays the frequency distribution of the
basic efficiency scores of the 25 largest offshore and
onshore FOFs over all periods. The mean efficiency scores
are higher for both offihore and onshore FOFs during
2001—2004, with average basic efficiency scores of 0.6539
and 0.6741, respectively. A possible explanation is that the
September 2001 terrorist attacks were not comparable to
the magnitute of the August 1998 LTCM/liquidity crisis
in Russia resulting in a global meltdown.

In every period, the standard deviation of the effi-
ciency scores is higher for oflshore FOFs. A possible expla-
nation could be that offshore FOFs assume more leverage
than their onshore counterparts. One interesting finding
is that onshore FOFs have higher average mean efficiency
scores than offshore FOFs in two of the three periods.
Tliis may be because onshore fluids are better able to pro-
duce higher returns with lower risk than offshore funds.

Exhibit 8 displays the RTS results for four distinct
groups of onshore FOFs during the 1994-2004 period.
The only FOF in Region I is Blue Rock Capital Fund.
This fund produces increasing returns-to-scale (IRS)
according to the selected inputs and outputs, implying
that an increase in the fluid's inputs produces a greater-
than-proportional increase in the fund's outputs.

In Region II, two FOFs experience constant returns-
to-scale (CRS), which means a proportionate amount of
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Distribution of Efficiency Scores

Efficiency Range

<0.4
0.4-<0.5
0.5-<0.6
0.6-<0.7
0.7-<0.8
0.8-<0.9
0.9-<1.0

1.0
Sum
Mean

Standard Deviation
Min
Max

Offshore FOFs
Efficiency

1994-2004
4
9
1
2
1
0
4
4
25

0.6224
0.2635

0.26
1.00

1999-2004
11
3
1
3
1
1
0
5

25
0.5188
0.3067

0.16
1.00

2001-2004
2
9
2
4
1
0
0
7
25

0.6539
0.2428

0.34
1.00

Onshore FOFs
Efficiency

1994-2004
6
4
3
4
3
0
0
5

25
0.6167
0.2368

0.32
1.00

1999-2004
8
2
0
3
7
0
1
4
25

0.6246
0.2631

0.26
1.00

2001-2004
3
4
4
4
3
0
1
6
25

0.6741
0.2321

0.35
1.00
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E X H I B I T 8
Onshore Funds of Hedge Funds - RTS Region Model

DMU Name

MESIROW ALTERNATIVE STRATEGIES FUND

AURORA

MERIDIAN HORIZON FUND

POINTER (QP)

UNiVEST (B)

DILLON/FLAHERTY PARTNERS

PINE GROVE PARTNERS

AUSTIN CAPITAL ALL SEASONS

BLUE ROCK CAPITAL FUND

OPTIMA FUND

PARADIGM MASTER FUND

SUMMIT PRIVATE INVESTMENTS

ACORN PARTNERS

P&A DIVERSIRED MANAGERS FUND

ROSEWOOD ASSOCIATES (D)

MILLBURN MCO PARTNERS

STELLAR PARTNERS

PREFERRED INVESTORS

UPSTREAM CAPITAL FUND

OXBRIDGE ASSOCIATES

P&A MULTI-SECTOR FUND

LONG POINT INVESTORS

MESIROW ARBITRAGE TRUST

REGENCY FUND

ACCESS FUND

July 1994-June 2004

RTS Region

Region VI

Region III

Region III

Region III

Region II

Region H

Region III

Region VI

Region I

Region Ul

Region VI

Region III

Region VI

Region UI

Region VI

Region VI

Region ITI

Region VI

Region VI

Region III

Region III

Region in

Region VI

Region VI

Region VI

RTS
Increasing

Decreasing

Decreasing

Decreasing

Constant

Constant

Decreasing

Increa.sing

Increasing

Decreasing

Increasing

Decreasing

Increasing

Decreasing

increasing

Increasing

Decreasing

Increasing

Increasing

Decreasing

Decreasing

Decreasing

Increasing

Increasing

Increasing

July 1999-June 20(»4

RTS Region

Region VI

Region III

Region HI

Region III

Region VI

Region II

Region IH

Region Vi

Region VI

Region III

Region VI

Region III

Region VI

Region III

Region VI

Region VI

Region III

Region VI

Region VI

Region VI

Region III

Region III

Region VI

Region VI

Region VI

RTS
Increasing

Decreasing

Decreasing

Decreasing

Increasing

Constant

Decreasing

Increasing

Increasing

Decreasing

Increasing

Decreasing

Increasing

Decreasing

Increasing

Increasing
Decreasing

Increasing

Increa.sing

Increasing

Decreasing

Decreasing
Increasing

Increasing

Increasing

Juiy 2001-June 2004

RTS Region

Region VI

Region III

Region VI

Region VI

Region I

Region II

Region III

Region VI

Region I

Region VI

Region VI

Region III

Region III

Region VI

Region I

Region VI

Region Ul

Region VI

Region VI
Region VI

Region VI

Region 111

Region VI

Region VI

Region VI

RTS
Increasing

Decreasing

Increasing

Increasing

Increasing

Constant

Decreasing

Increasing

Increasing

Increasing

Increasing

Decreasing

Decreasing

Increasing

Increasing

Increasing

Decreasing

increasing

Increasing

Increasing

Increasing

Decreasing

Increasing

Increasing

Increasing

inputs resulted in a proportionate amount of outputs. In
Region III, eleven funds produce declining returns-to-
scale (l')RS), implying that an increase in the flind s inputs
yielded a less-than-proportional increase in the fund's out-
puts. Finally, in Region VI, eleven FOFs experience
increasing returns-to-scale (IRS).The same analysis can
be extended for the other two periods.

Exiiibit 9 displays the RTS results for four different
groups of offihore FOFs during the 1994-2004 period. The
only FOF in Region 1 is the Global Hedge Fund (CHF),
yielding increasing returns-to-scale. Region II has two funds
producing constant returns-to-scale, while Region Hi has
one fund producing declining returns-to-scale.

Finally, Region VI has the highest number offunds
(21),and ail experience increasing returns-to-scale (IRS).
A large number offunds as identified in Exhibits 8 and 9
experience increasing returns-to-scale.This could suggest

WINTER 2007

that FOFs tend to increase inputs to attain a greater-than-
proportional increase in outputs.The opposite can be said
for the FOFs during the 1999-2004 period since dechning
returns-to-scale dominate. Brown, Goetzmann, and Park
[2001] suggest that hedge fund managers may have a ten-
dency to increase their risk or leverage during the second
half of the year if the fiind[has not performed well during
the first half

The reason a lai^e number of FOFs attain increasing
returns-to-scale in both Exhibits 8 and 9 could be the
inherent volatility of the underlying hedge fund strate-
gies in certain FOFs. Under various market conditions,
some hedge fund strategies may assume a greater amount
of volatility (input), which could be generated fk)ni greater
leverage or by simply assuming more risky positions.This
would generally provide a greater-than proportional
increase in returns (output).
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E X H I B I T 9
Offshore Funds of Hedge Funds—RTS Region Model

DMU Name

July l9V4-Junc2004

RTS Region

Reginn VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region III

Region 11

Region 11

Region VI

Region I

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

Region VI

RTS

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Decreasing

Constant

Constant

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Increasing

Jul> 1999-June 2004

RTS Region

Region [II

Region [11

Region VI

Region III

Region VT

Region UI

Region HI

Region III

Region 11

Region 111

Region VI

Region III

Region III

Region III

Region III

Region VI

Region VI

Region VI

Region in

Region HI

Region Hi

Region VI

Region VI

Region VI

Region VI

RTS

Decreasing

Decreasing

Increasing

Decreasing

Increasing

Decreasing

Decreasing

Decreasing

Constant

Decreasing

Increasing

Decreasing

Decreasing

Decreasing

Decreasing

Increasing

Increasing

Increasing

Decreasing

Decrea.sing

Decreasing

Increasing

Increasing

Increasing

Increasing

July 2001 June 2004

RTS Region

Region VI

Region VI

Region VI

Region VI

Region VI

Region III

Region II

Region III

Region 11

Region VI

Region Vl

Region III

Region VI

Region II

Region III

Region VI

Region III

Region VI

Region VI

Region III

Region VI

Region III

Region VI

Region VI

Region ITI

RTS

Increasing

Increasing

Increasing

Increasing

Increasing

Decreasing

Constant

Decreasing

Constant

Increasing

Increasing

Decreasing

Increasing

Constant

Decreasing

Increasing

E>ecreasing

Increasing

Increasing

Decreasing

Increasing

Decreasing

Increasing

Increasing

Decreasing

CAM DIVERSITY FUND

PERMAL INVESTMENT HOLDINGS NV (A)

HAUSSMAN HOLDINGS NV

OLYMPIA STARS TRUST

LEVERAGED CAPITAL HOLDINGS

ASIAN CAPITAL HOLDINGS FUND

LA FAYETTE REGULAR GROWTH FUND

GAM TRADING FUND

GEMS LOW VOLATILITY FUND

LA FAYETTE HOLDINGS

GLOBAL HEDGE FUND |CHF}

GAM EMERGING MARKETS MULTI-FUND

GAM MULTI-EUROPE FUND

GREEN WAY INVESTMENTS (EURO)

PERMAL EMERGING MKTS HOLDINGS (A)

PRIMA CAPITAL FUND

KEY HEDGE FUND

SARANAC INVESTORS LTD

GAM MULTI-EUROPE FUND {EURO}

GAM TRADING FUND (EURO}

OPTIMA FUND LTD

TIGER SELECTION HOLDINGS

WAFRA STARVEST FUNDS

WAFRA STARVEST MULTI-STRATEGY FUND

AUDA CLASSIC PLC

CONCLUSION

Cautious investors selecting fitnds of fijnds must use
more than one method to scrutinize returns, volatility, and
other statistics] properties of a fund. They can use a DEA
model to obtain further irhsiglit into what drives FOF per-
formance and into how each fund scores in terms of rel-
ative efficiency. DEA groups FOFs into specific regions,
such as increasing, declining, or constant returtis-to-scale
{RTS),just as factor analysis atid GSC are fiequendy used
to group hedge funds and FOFs.

We show how DEA can be used as an alternative
selection tool to help pension flinds, institutional investors,
and high-net worth individuals to select the most effi-
cient FOFs. DEA is a valuable complement to other risk-
adjusted measures because it widens the picture of FOF
performance appraisal. Our empirical results support the
contention that even when using non-normal returns in

a risk-return framework, DEA can provide reliable results.
This advantage is important, given that conventiotial risk
measurement techniques can be misleading and fail to
identify' die better-performing funds.

Future research using difFerent DEA models could
investigate managed futures and other hedge fund classi-
fications. It would also be interesting to measure the rel-
ative efHciency of various investable hedge fond and
managed futures indexes.

ENDNOTES

The authors thank ProfessorThonias Schiieeweis (Michael
and Cheryl Philipp Profeŝ ior of Finance) at che Isenberg School
of Matiagetnent (UMASS,Aniherst) and Director of the Centre
for international Security and Derivatives Markets for supplying
the CISDM data; l^chard Oberuc for use of the LaPorte Asset
Allocation System; and Laurent Favre for the Alternative Soft
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software and Meredith Jones for the PerTrac software.The sta-
tistical explanation of inputs and outputs were reproduced from
the PerTrac website.

* hi the DEA literature, diis model is called the variable
returns-to-scale (VRS) mode! (see, e.g.. Banker, Charnes, and
Cooper [1984J and Zhu [2003].)
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