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Abstract 

This paper utilizes two clustering techniques to provide an objective method for classification of hedge funds. 
A data driven classification framework that utilizes monthly hedge fund returns as inputs, is shown to pro-
vide better comparisons among fund categories and can help investors in identifying common factors that 
can lead to better diversification strategies. Our clustering results indicate that other than the managed fu-
tures category, there are only three unique hedge fund styles. These three categories are the Equity Hedge, 
Fund of Hedge Funds and the Emerging Markets categories. None of the other hedge fund classifications 
such as Global macro, Distressed Securities, Merger Arbitrage, Convertible Arbitrage appear as a unique and 
independent category. 
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1. Introduction 
 
In a seminal paper, Sharpe [1] proposed an elegant asset 
class factor model for performance attribution and style 
analysis of mutual fund managers. The model shows that 
with only a limited number of asset classes, it is possible 
to replicate the performance of a large universe of mutual 
funds. The success of Sharpe’s model in capturing stylistic 
differences between mutual fund managers is largely at-
tributed to the fact that most mutual fund managers are 
typically constrained to hold assets from a well-defined 
number of standard asset classes and are expected to per-
form according to relative return targets within their asset 
classes.  

In theory, it should be possible to extend Sharpe’s style 
factor analysis by adding regressors to proxy for the re-
turns of the various hedge fund strategies. However, in 
practice, implementing such a strategy may not be feasible 
due to the infinite number of dynamic trading strategies 
that are used by hedge fund managers. As an alternative 
to the Sharpe’s approach, which requires identifying 
factors a priori, we use cluster analysis to identify the 

dominant styles in hedge funds. We use monthly returns 
to cluster the data and our goal is to see if there are 
unique style categories that are consistent with the return 
data. 

Fung and Hsieh [2] were the first to extend the basic 
intuition of the Sharpe asset class factor model to the 
hedge fund industry through the use of Factor analysis. 
They factor analyze 409 hedge funds and CTA pools 
over the period January 1991 to December 1995, and 
find that there are five dominant investment styles in 
hedge funds. They were able to associate the five domi-
nant styles generated quantitatively to the qualitative 
styles based on the trading strategies described in the 
disclosure document of hedge funds. 

Brown and Goetzmann [3,4] study the monthly returns 
of 1296 hedge funds over the period 1989 through Janu-
ary 2000 and find that there are indeed a number of dis-
tinct styles of management1 They use two different algo-
rithms in their classification process. The first is a Gen-
eralized Style Classification methodology in which funds 
are assigned to categories through finding a local opti-
mum via the minimization of a “within-group” sum of 
squares criterion over a specified time period2, the sec-
ond approach is a Style Classification algorithm in which 
the number of styles is pre-specified. They report the 
presence of at least eight distinct styles currently em-
ployed by hedge fund managers. 

1Brown and Goetzmann [4] use the TASS data where funds are clas-
sified into 17 different types. 
2The details of the Generalized Style Classification algorithm are 
described in Brown and Goetzmann [3]. This procedure resembles 

switching regression and is also analogues to cluster analysis.  



H. A. SHAWKY  ET  AL. 27 
 

Although there are many statistical techniques that can 
be used to classify data, the technique that appears to be 
most directly suitable for the present application is clus-
ter analysis3. We use both K-means Clustering and Hier-
archical Clustering techniques to cluster the monthly 
returns for 2397 hedge funds for the period January 1994 
through December 2003. Such a data driven classifica-
tion framework can help in identifying common factors 
that can lead to better performance evaluation of hedge 
fund strategies. As pointed out by Liang [5], to under-
stand the differences and similarities across investment 
classes, it is necessary to classify hedge funds into major 
investment classes in terms of performance, risk and fee 
structures.  

Our results obtained through both clustering tech-
niques indicate that other than the managed futures cate-
gory, there are only three unique hedge fund categories. 
These three categories are the Equity Hedge, Fund of 
funds (FOF) and the Emerging Markets categories. None 
of the other hedge fund strategies such as Global Macro, 
Distressed Securities, Merger Arbitrage or Convertible 
Arbitrage appears as a unique and independent cluster. 
Moreover, we find that there are three unique clusters 
within the Equity Hedge category, two clusters for Fund 
of funds (FOF) and four independent clusters for the 
managed futures category. 

Hedge funds use a wide variety of dynamic trading 
strategies. On one hand, macro funds are most direc-
tional, employing a top-down macro view to take advan-
tage of the expected returns of various asset classes. On 
the other hand, there are market-neutral relative value 
arbitrage funds that aim to exploit temporary price 
anomalies between related assets, in equities or fixed 
income markets. In between these two extreme strategies, 
there are funds that aim to uncover undervalued asset 
opportunities in debt or equity markets without necessar-
ily being market neutral.  

Unlike mutual funds, hedge funds' focus primarily on 
absolute returns rather than benchmarks or relative per-
formance. Hedge fund managers have the freedom to 
pursue a wide range of alternative investment strategies 
such as the use of derivatives, short selling and leverage, 
without having to adhere to the stringent SEC regulations 
and disclosure requirements4. As a result, hedge funds 
often have low or sometimes negative correlations with 
traditional market indices. Because of these unique 
characteristics, hedge funds as an asset class is consid-
ered to be an attractive complement to traditional in-
vestment strategies that can further help in portfolio di-
versification. 

2. Data and Descriptive Statistics Data Sources 

The hedge fund data used in this study is obtained from 
the CISDM at the University of Massachusetts at Am-
herst. It covers 4,693 hedge funds from March 1972 
through December 20035. Of the total hedge funds in the 
database, 2397 are live funds and 2296 are defunct funds. 
The sample includes both U.S. domiciled funds and off-
shore funds. The variables reported in the database are 
fund name, strategy, management fee, incentive fee, 
minimum account size, management company, returns, 
assets, and net asset value per share6. 

The database is survivor-bias free in the sense that it 
includes both live and dead funds. However, it may still 
be subject to reporting bias as some funds may at times 
deliberately choose not to disclose their information pub-
licly7. We choose the period 1990-2003 as the sample 
period for this study for three reasons. First, this period 
was characterized by rapid growth of the hedge fund 
industry. Second, the pre-1990 fund data may be 
back-filled, as no funds covered in the database are re-
ported as defunct before 1990. Thus, there may be a sur-
vival bias in the pre-1990 period. Third, this time period 
is long enough to cover more than one business cycle.  

Four primary hedge fund database providers are 
common among researchers and industry professionals. 
Each of these data providers offers a different product. 
Hedge Fund Research (HFR) database has twenty-six 
categories of hedge funds. The TASS database is pro-
duced through the research subsidiary of Credit Suisse 
First Boston Tremont Advisors, has nine categories clas-
sified based on the investment styles of hedge fund 
mangers. The Van Hedge maintains an extensive data-
base and also provides detailed generic performance in-
formation on hedge fund styles. Finally, the CISDM 
hedge fund database, which presently incorporates both 
the ZCM/Hedge and the former MAR/Hedge provides a 
comprehensive coverage of all hedge funds and is the 
database used in this paper. 

It is clear that database providers classify hedge funds 
in very different ways. All databases have their own in-
dices based on their classifications. Hedge fund catego-
ries are all based on self-reported style classifications 
that are listed in a particular database. None of the data-
bases seem to provide information on the complete 
hedge fund universe, and they seem to differ in the defi-
nition and identification of a hedge fund. The significant 
variations in the classification methods used across the 

3Martin [15] also argues that cluster analysis is the most applicable 
technique to use in style classification. His results indicate that eight 
distinct clusters generate the most useful results. 
4Starting in February 2006 however, certain hedge fund advisors have 
to register with the SEC. 

5We use hedge funds to refer to all funds reported in the CISDM, 
although the CISDM does not classify CTA/futures funds as hedge 
funds. 
6Fund manager name, instead of the management company name, is 
reported for CTA/Futures funds. 
7Unlike mutual funds that are heavily regulated under the Invest-
ment Company Act of 1940, hedge funds are not required to file 
fund information with the SEC. 
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available databases make it very difficult to conduct 
careful analysis of the performance of the various hedge 
fund strategies. 

Exhibit 1 provides a complete list of hedge fund 
strategies and the number of funds within each strategy 
found in the CISDM database. Exhibit 2 provides sum-
mary statistics for the major hedge fund categories over 
the period January 1990 through December 2003. Mean 
returns, standard deviations, skewness, kurtosis and the 
average Sharpe Ratio for each of the strategies are esti-
mated. It is interesting to note that the mean return col-
umn provides the most homogeneous results across 
hedge fund strategies. With the exception of Emerging 
Markets, most strategies provided a mean annual return 
between 9 and 14 percent. Standard deviations varied 
from .018 to .059. Skewness and Kurtosis varied the 
most and thus, it is likely that these third and fourth mo-
ments provided valuable information in our clustering 
process. 

3. Clustering Methodology 

Clustering analysis aims at sorting different objects into 
groups in such a way that the degree of association be-
tween two objects is maximal if they belong to the same 
group and minimal otherwise. This helps organize data 
into meaningful structures. Cluster analysis consists of a 
number of different methodologies for grouping objects 
of a similar kind into groups. Different clustering algo-
rithms define different rules concerning how to cluster 
the objects into subgroups on the basis of the inter-object 
similarities. Our goal is to use the clustering methodol-
ogy to classify funds that display small within cluster 
variation and large between-cluster variation. It is a data 
driven technique to objectively classify funds based on 
the monthly return characteristics of the funds. 

The two most common kinds of clustering techniques 
are Hierarchical and Partitioning techniques. The Hier-
archical method performs successive fusions or divisions 
of the data. Under this method, the allocation of a fund to 
a cluster is irrevocable. Once a fund joins a cluster it is 
never removed or fused with other funds belonging to 
some other cluster. The partitioning method, on the other 
hand, does not require the allocation of an object to the 
cluster to be irrevocable. As Dillon and Goldstein [6] 
show, objects may be reallocated if their initial assign-
ments are found inaccurate and do not optimize the pre-
defined criteria. This method breaks the observations 
into distinct non-overlapping groups. Different partition-
ing techniques differ with respect to the following crite-
ria: 1) how clusters are initiated, and 2) how objects are 
allocated to clusters, 3) how already clustered objects get 
reallocated to other clusters. 

Exhibit 1. Number of funds listed under each hedge 
fund strategy. 

Hedge Fund Strategy 
Number of Funds Listed in 

Strategy 

Equity Hedge 527 

FOF Diversified 398 

Convertible Arbitrage 93 
Merger Arbitrage / Risk Arbi-

trage 
84 

Global Macro 60 

Event Driven Multi-Strategy 57 

Distressed Securities 55 

Equity Market Neutral 41 

Emerging Markets: Global 36 

Emerging Markets: Asia 33 

FOF Equity Hedge 32 

Fixed Income: Mortgage Backed 31 

Fixed Income: Arbitrage 26 

Sector: Technology 26 

Sector: Financial 25 

Sector: Healthcare/Bio Tech 25 

Fixed Income: Diversified 23 

Short Selling 23 

FOF Equity Market Neutral 22 
Emerging Markets: Latin Amer-

ica 
21 

Emerging Markets: Eastern 
Europe 

17 

Equity Non-Hedge 15 

Sector: Miscellaneous 11 

FOF Relative Value 
Multi-Strategy 

10 

FOF Distressed Securities 9 

FOF Sector: Technology 9 

Sector: Multi-Strategy 9 

Fixed Income: High Yield 8 

FOF Event Driven 7 

Market Timing 7 

Sector: Energy 7 

Sector: Real Estate 7 

FOF Emerging Markets 5 

FOF Global Macro 4 

FOF Convertible Arbitrage 3 

FOF Fixed Income Arbitrage 3 

FOF Short Selling 3 

FOF Merger Arbitrage 2 

FOF Sector: Healthcare 2 

FOF Sector: Media & Commu-
nications 

2 

FOF Long Short Equity 1 
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Exhibit 2. Summary statistics and sharpe ratio for major hedge fund strategies. 

 
Hedge Fund Categories 

Mean returns 
(Annual) 

Mean Returns 
(Monthly) 

Standard 
Deviation 

Skewness Kurtosis 
Sharpe 
Ratio 

Convertible Arbitrage 12.78% 0.01065 0.02352 0.04200 9.75037 0.45281 

Distressed Securities 12.91% 0.01075 0.02160 0.28020 2.78327 0.49769 

Emerging Markets 22.83% 0.01902 0.05815 0.53526 4.91279 0.32709 

Equity 14.57% 0.01214 0.05405 0.56866 10.60961 0.22461 

Fixed Income 10.59% 0.00882 0.02160 0.10719 7.06639 0.40833 

FOF Diversified 10.08% 0.00840 0.01878 0.10842 13.87208 0.44728 

Global Macro 13.13% 0.01094 0.05998 0.06554 6.86377 0.18239 

Merger & Risk Arbitrage 8.82% 0.00735 0.03954 0.58531 15.21462 0.18589 

MF: Private Futures 11.05% 0.00921 0.05394 0.07068 5.83772 0.17075 

MF: Public Futures 10.67% 0.00889 0.04942 0.78251 10.67304 0.17989 

MF: Systematic 11.38% 0.00948 0.05655 0.64812 7.59567 0.16764 
 

K-means, K-median, and K-center are a few of the 
methods that use partitioning techniques to cluster ob-
jects. In the following subsection, we describe the K- 
means clustering algorithm. The k-median and k-center 
techniques are similar in nature. Clustering methodology 
has been successfully applied to a wide range of research 
problems, such as in Banfield and Raftery [7], Das [8], 
Jiang and Zhang [9] and Marathe and Shawky [10]. 

3.1. K-Means Clustering 

K-means is an iterative relocation algorithm in which an 
initial classification is modified by moving objects from 
one group to another such that it minimizes the with-in 
group sum of squares. The k-means algorithm is set up in 
the following way. Initial reference points, which may or 
may not be the centroid or mean are chosen and all the 
data points are assigned to clusters. K-means then uses 
the cluster centroids as reference points in subsequent 
partitioning, but the centroids are adjusted both during 
and after each partitioning. For data point x in cluster i, if 
centroid  is the nearest reference point, no adjust-
ments are made and the algorithm proceeds to the next 
data point. However, if centroid  of the cluster j is 

closer to data point x, then x is reassigned to cluster j. 
The centroids of the "losing" cluster i, and that of the 
"gaining" cluster j are recomputed and the reference 
points  and  are moved to their new centroids. 

After each step, every one of the k reference points is a 
centroid or mean8. 

zi

i

z j

z z j

If the data points or objects are tightly clustered 
around the centroid, the centroid will be representative of 
all the objects in that cluster. The standard measure of 
the spread of a group of points about its mean is the 
variance, or the sum of the squares of the distance be-

tween each point and the mean. If the data points are 
close to the mean, the variance will be small. A gener-
alization of the variance, in which the centroid is re-
placed by a reference point that may or may not be a 
centroid, is used to indicate the overall quality of a parti-
tioning. Specifically, the error measure E is the sum of 
all the variances: 
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measure E indicates the overall spread of data points 
about their reference points. For best results, E should be 
as small as possible. 
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The k-means method requires one to specify the num-
-ber of clusters in advance. To determine the optimal 
number of clusters, Hartigan [11] suggested the follow-
ing rule of thumb. If k is the result of k-means with k 
clusters and k+1 is the result of k-means with k+1 clus-
ters, then it is justifiable to add the extra cluster when 
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Here ESS represents the error within sum of squares 
and n is the size of the data set. In our study, we use Har-
tigan rule of thumb to determine the optimal number of 
clusters. 
 
3.2. Hierarchical Clustering 

 
The Hierarchical approach is the other most commonly 
used clustering technique. It performs successive fusions 
or divisions of the data. One of the distinguishing fea-
tures of Hierarchical clustering is that once an object is 

8For a detailed description of the K-means algorithm and other clus-
tering techniques, see Faber [13], Hartigan [14], and Dillon and Gold-
stein [6]. 
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assigned to a cluster, it is never removed from that clus-
ter and fused with other clusters. Agglomerative methods 
form a series of fusions of the objects into groups wher- 
eas divisive methods partition the objects into finer and 
finer subdivisions. Hence, agglomerative methods even-
tually result in all objects falling in one cluster and divi-
sive methods finally split the data so that each object 
forms its own cluster. In either case, the important issue 
is where to stop. Various agglomerative methods differ 
to the extent that alternative definitions of distance or 
similarity are used in the assignment rule. The divisive 
methods differ in the way initial split is carried out and 
how the already formed clusters are subdivided9. 

In this study we use an agglomerative method pro-
posed by Ward [12] known as the Ward's Error Sum of 
Squares method. This method attempts to minimize the 
sum of squares of any two clusters that can be formed at 
each step. The clustering procedure begins by assigning 
each object in a separate cluster. Two of the objects are 
then combined to form a single cluster so that the within 
cluster sum of squares is minimized. At the next stage, a 
third object is added to the cluster or two other objects 
are merged into a new cluster. This process of uniting 
clusters or objects continues while minimizing the error 
sum of squares. The cluster center changes each time a 
new case is added. This might mean that in the end some 
objects are no longer in the right cluster. The solution 
given by k-means provides a refinement over this proc-
ess since the iterative relocation algorithm dynamically 
minimizes the within cluster sum of squares while maxi-
mizing the between cluster variability. 

 
4. Empirical Findings 
 
4.1. K-Means Clustering Results 
 
Exhibit 3 provides the clustering results for the K-means 
algorithm10. The data was clustered in three different 
ways: 1) both hedge funds and managed futures are in-
cluded, 2) only hedge funds are included and 3) only 
managed futures are included in the analysis. Panel A 
shows the individual clusters when both hedge funds and 
managed futures are included. Column 1 gives the num-
ber of funds in each cluster. Column 2 shows the number 
of funds that belong to the dominant strategy, and col-
umn 3 gives the percentage of funds in the dominant 
strategy. Column 4 reports the dominant strategy in each 

cluster. Columns 5, 6 and 7 provide the mean, standard 
deviation and skewness of the returns of each cluster11.  

The results in Exhibit 3 indicate that of the ten identi-
fied clusters, four are classified as Equity Hedge, four are 
classified as managed futures, one is classified as 
Emerging Markets and one is classified as FOF. Note 
that none of the other hedge fund strategies such as 
Convertible Arbitrage, Fixed Income, Global Macro or 
Merger Arbitrage appeared as independent clusters12. It 
is possible that managers in some strategies, such as 
Global Macro or Merger Arbitrage employ sufficiently 
different techniques from one another that they do not 
form an identifiable cluster. 

While the large number of funds that belong to the 
Equity Hedge and the managed futures categories may 
contribute to the relatively large number of clusters that 
result for these two strategies, this fact cannot explain 
why we observe a unique cluster for Emerging Markets 
and not for Convertible Arbitrage, Merger Arbitrage or 
Global Macro13. Furthermore, the results in Panel A of 
Exhibit 3 shows that managed futures are quite different 
than hedge funds as most CTA clusters are usually domi-
nated by CTA funds. 

Panel B of Exhibit 3 presents the identified clusters for 
the hedge fund industry when managed futures are ex-
cluded from the sample. Interestingly, the resulting 
hedge fund clusters are not very different from the ones 
obtained before. In this case we obtain seven clusters, 
four are still Equity Hedge, two are FOF and one 
Emerging Markets. Further, Panel C provides clustering 
results separately for the managed futures category. Once 
again, we obtain four distinct clusters, two clusters clas-
sified as Public and two clusters classified as Systematic 
managed futures. 
 
4.2. Hierarchical Clustering Results 
 
We apply the Hierarchical Clustering approach not only 
as a viable alternative to the K-means procedure but also 
as a robustness test on the previously estimated clusters. 
The results of this approach are presented in Exhibit 4. 
Panel A of Exhibit 4 shows the resulting clusters when 
all hedge funds and managed futures are included in the 
procedure. Similar to the earlier results, we estimate nine 
clusters; six of them are classified as hedge funds and 
three are classified as managed futures. Of the six hedge 
fund clusters, three are classified as Equity Hedge, two 
are classified as FOF, and one is classified as Emerging 
Markets. 9For more detailed discussion on clustering techniques, see Dillon and 

Goldstein [6]. 
10We should note that in all our analysis, we eliminated clusters with 
less than 10 funds as being not statistically reliable or economically 
meaningful. Eliminating very small clusters did not have any material 
impact on the results. 
11A cluster is classified based on its dominant strategy. For example, a 
cluster will be classified as Equity Hedge if the largest percentage of its 
funds is from the Equity Hedge category. 

12While Brown and Goetzmann [4] report a striking similarity be-
tween the styles they identify and those that are being reported by 

hedge funds, our results do not show such similarity. 
13The number of funds in the Emerging Markets strategy is less than 
the number of funds in Convertible Arbitrage, Merger Arbitrage or 
Global Macro.
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Exhibit 3. Individual cluster characteristics using K-Means Clustering. 

# of Funds # of Funds % of Strategy Dominant
in Cluster in Strategy to total funds Strategy Mean STD Skew

125 42 33.60% EH 0.0134 0.0441 0.4409
37 21 56.76% EH 0.0174 0.0745 2.1621
30 16 53.33% EH 0.0118 0.0748 0.2568
49 18 36.73% EH 0.0154 0.0529 0.0057
26 22 84.62% EM 0.0136 0.0623 0.0456

179 90 50.28% FOFD 0.0084 0.0269 0.4530
146 145 99.32% CTA 0.0129 0.0699 0.1964
441 117 26.53% CTA 0.0092 0.0808 0.5337
58 58 100.00% CTA 0.0062 0.0298 0.3757
72 71 98.61% CTA 0.0072 0.0438 0.2416

33 26 78.79% EH 0.0168 0.0709 1.9429
35 26 74.29% EH 0.0101 0.0977 0.4477
60 36 60.00% EH 0.0127 0.0484 0.2628
21 16 76.19% EH 0.0172 0.0863 0.2287
26 16 61.54% EM 0.0204 0.0742 0.9700

356 107 30.06% FOFD 0.0091 0.0177 0.1416
210 98 46.67% FOFD 0.0100 0.0356 0.9020

119 36 30.25% Public 0.00684 0.03396 0.42472
104 33 31.73% Public 0.00654 0.03025 0.43880
62 22 35.48% Systematic 0.01225 0.07034 0.09632

117 35 29.91% Systematic 0.00732 0.04264 0.14448

Panel B. Only hedge funds included in clustering

Panel C. Only CTA's included in clustering

Cluster Characteristics

Panel A. All hegde funds and CTA's included in clustering 

 
 

Panel B of Exhibit 4 presents the clustering results  
when we exclude managed futures and only include 
hedge funds in the analysis. Once again, we obtain six 
clusters, three are classified as Equity Hedge, two are 
classified as FOF and one is classified as Emerging Mar- 
kets. It is important to note the consistency of these 
results at two different levels. First, within the Hierar-
chical Clustering procedure, the clusters obtained with 
and without Managed Futures are essentially identical. 
Second, across both the clustering procedures, we obtain 
remarkably similar number of clusters and almost iden-
tical classifications when the entire hedge fund database 
is considered. 

Finally, Panel C of Exhibit 4 provides clustering re-
sults when managed futures are examined separately. 
Similar to the K-means results, we obtain four distinct 
clusters for managed futures. Of these four clusters, two 

are classified as Public Futures, one is classified as Pri-
vate Futures, and one is classified as Systematic Futures. 
Once again, these results are very consistent with earlier 
results and provide further support for the notion that 
managed futures funds may be viewed as four distinct 
categories based on the four major asset classes on which 
futures contracts are usually traded. 

5. Interpretation of Results 

5.1. Why Do We Observe Three to Four  
Equity Hedge Clusters? 

It is quite plausible to suspect that the three Equity 
Hedge Fund clusters represent the range of different 
strategies, approaches and specialties characteristic of 
equity hedge fund managers. Some managers add value 
through knowledge of special asset markets, others 
through trading skills, and yet others through superior 
asset pricing models14. Alternatively, the three clusters 

14Fung and Hsieh [2] characterize hedge fund returns as being deter-
mined by three key factors; the returns from the assets held, their trad-
ing strategies, and their use of leverage. 
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Exhibit 4. Individual cluster characteristics using hierarchal clustering. 

# of Funds # of Funds % of Strategy Dominant
in Cluster in Strategy to total funds Strategy Mean STD Skew

98 39 39.80% EH 0.011 0.069 0.401
231 78 33.77% EH 0.012 0.042 1.219
32 22 68.75% EH 0.012 0.078 1.661
16 13 81.25% EM 0.033 0.102 0.726

509 117 22.99% FOF 0.008 0.013 0.211
231 85 36.80% FOF 0.009 0.029 1.047
167 165 98.80% CTA 0.010 0.070 0.303
133 114 85.71% CTA 0.006 0.045 0.417
509 124 24.36% CTA 0.007 0.032 0.277

57 31 54.39% EH 0.011 0.096 0.569
26 14 53.85% EH 0.015 0.081 0.275

262 102 38.93% EH 0.012 0.048 1.270
10 8 80.00% EM 0.040 0.111 1.078

424 123 29.01% FOF 0.008 0.014 0.213
262 96 36.64% FOF 0.009 0.032 1.057

97 30 30.93% PUB 0.012 0.063 0.221
120 36 30.00% PUB 0.007 0.032 0.212
51 15 29.41% PRI 0.007 0.068 0.286

124 37 29.84% SYS 0.006 0.047 0.147

Panel B. Only hedge funds included in clustering

Panel C. Only CTA's included in clustering

Cluster Characteristics

Panel A. All hegde funds and CTA's included in clustering 

 
 
may reflect the three broad strategies utilized by equity 
funds. The three broad strategies are the macro funds, the 
funds that attempt to uncover undervalued asset opportu-
nities, and the market-neutral relative value arbitrage 
funds. The macro style funds are the most directional and 
employ a top-down macro view to take advantage of the 
expected returns of various asset classes. This class of 
funds may represent the cluster with the highest level of 
risk as measured by the high levels of standard deviation 
and skewness15. The second strategy represents funds 
that aim to uncover undervalued asset opportunities in 
debt or equity markets without necessarily being market 
neutral. This class of funds is characterized by a middle 
of the range level of risk as measured by the standard 
deviation and skewness in Exhibits 3 and 4. The third 
category of funds represents the market-neutral relative 

value arbitrage funds that aim to exploit temporary price 
anomalies between related assets, in equities or fixed 
income markets. This category is likely to be represented 
by the cluster with the lowest risk among the three Eq-
uity Hedge funds clusters. 

5.2. Why Do We Observe Two FOF Clusters? 

The results in Exhibit 4 with respect to the FOF clusters 
are very striking. In both Panel A and Panel B, the FOF 
clusters have comparable mean returns but their stadard-
deviation and skewness are vastly different. These results 
strongly suggest that while FOF is supposed to be diver-
sified across all hedge fund strategies, they seem to or-
ganize in two significantly different clusters with respect 
to risk. Evidently, specialization and philosophy within 
the FOF category appears to prevail, with one cluster 
perhaps representing the more risky directional strategies 
and the other cluster representing market-neutral, and 
more diversified strategies. 

15Brown and Goetzmann [3] suggest that an appropriate criterion for 
evaluating style classifications is the extent to which these classifica-
tions can explain cross sectional differences in future year returns. 
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5.3. Why Do We Observe Four Managed  

Futures Clusters? 

The observed four distinct clusters for managed futures 
are consistent with trading volume data for futures con-
tracts16. Of the approximately total of $8 billion worth of 
futures and options contracts traded in 2005, $3 billion were 
on Equity Indices, $2 billion were Interest Rate futures, $1.8 
billion in Individual Equities (mostly options), $300 million 
in Agricultural Commodities, $200 million in Energy, $120 
million in currencies and about $100 million in Precious 
and Non-Precious metals. It is thus quite reasonable to ex-
pect that the four clusters we identified correspond to Equity 
index futures, Fixed Income futures, Options on Individual 
Equities and Commodity futures. Futures contracts on these 
four categories are likely to behave quite differently based 
on the characteristics of their respective underlying as-
sets. 

6. Summaries and Conclusions 

This paper uses an objective clustering method for style 
identification of hedge funds. Monthly return data on indi-
vidual hedge is used to provide a consistent classification 
of hedge funds. The data driven framework employed in 
this paper can provide better comparisons among fund 
categories and may help service providers, fund adminis-
trators and investors in identifying common factors that 
can lead to better diversification strategies. The CISDM 
database of the University of Massachusetts is used for 
this application. Our sample included 2397 live funds and 
covered the period January 1990 through December 2003. 

We first estimated hedge fund clusters using the K-means 
approach. In a three stage procedure, we estimated clusters 
with and without managed futures, and then separately for 
managed futures. Of the ten independent clusters estimated 
with managed futures included, four are classified as Equity 
Hedge, four are classified as managed futures, and one is 
classified as Emerging Markets and one as FOF. None of 
the other hedge fund classifications such as Convertible 
Arbitrage, Fixed Income, Global Macro or Merger Arbi-
trage appeared as independent clusters. It is possible that 
managers in some strategies, such as Global Macro or 
Merger Arbitrage employ sufficiently different techniques 
from one another that they do not form an identifiable clus-
ter.  

When managed futures were removed from the clustering 
process, the resulting hedge fund clusters were not very 
different than before. We identify seven clusters, four are 
still Equity Hedge, and two are FOF and one Emerging 
Markets. Furthermore, the results obtained by separately 
clustering the managed futures category, indicate the pres-

ence of four distinct clusters, two of the clusters are classi-
fied as Public and the other two clusters are classified as 
Systematic Managed Futures. 

We apply the Hierarchical Clustering procedure to check 
the sensitivity of the classification provided by the k-means 
technique. The results of this approach are very similar to 
the results of the k-means method, which suggests that the 
classification of funds is robust across different cluster-
ing methods. We estimate nine clusters; six of these 
clusters are classified as hedge funds and three are clas-
sified as managed futures. Of the six hedge fund clusters, 
three are classified as Equity Hedge, two as Fund of 
Hedge Funds, and one is classified as Emerging Markets. 
When we exclude managed futures, we obtain six clus-
ters, three are classified as Equity Hedge, and two as 
Fund of Hedge Funds and one is classified as Emerging 
Markets. Similar to the K-means results, we obtain four 
distinct clusters for managed futures. These results pro-
vide support for the notion that the futures market may 
be viewed as four distinct categories based on the four 
major asset classes on which futures contracts are com-
monly traded. 

The resulting clusters provide important insight as to 
the characteristics and structure of the hedge fund indus-
try. We surmise that in spite of the very large number of 
hedge fund classifications within any given database, the 
strategies may be characteristically described by a rather 
few broad strategies. Our results indicate that hedge 
funds can be uniquely categorized into Equity, Managed 
Futures, Emerging Markets and FOF. Within Equity 
Hedge, there are three strategies, Macro, Opportunistic 
and Market-neutral. Managed Futures can also be cate-
gorized into four unique classes; Equity index futures, 
Fixed Income futures, Options on Individual Equities and 
Commodity futures. 
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