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Abstract. Clustering methods can extract relevant information from big dataset
by determining homogeneous groups. Different evolutionary approaches are
proposed as partitional clustering tools both for data and time series. Not only
can they converge to the optimal grouping solution but they also give additional
information about the characterizing features of each single group and the
degree of membership of each object. Morcover, their flexibility has allowed us
to validate different aggregating criteria. Results from the analysis of simulated,
well known datasets (e.g.: Fisher's Iris) and Italian mutual funds retums series
are reported. They support the validity of such evolutionary clustering
approaches in defining an alternative way to deal with the classification
problem of data and time series.

Key-words. cluster analysis, evolutionary approaches, genetic algorithms, time
series and data analysis.

Introduction

Today, the availability of new electronic resources and huge datasets requires the
development of new tools capable of extracting the relevant information for
supporting decision processes. Data mining can be considered a new broad rescarch
field where one of the research aims is to discover patterns and relationships in the
data by developing new methodological tools. We propose two new computational
algorithms, GAME (Genetic Algorithms for Medoids Evolution) and GAPE (Geneftic
Algorithms for Parameters Estimation), to detect similarity among data and to
identify the composition of the most homogeneous groups. Cluster analysis principles
and evolutionary algorithms are merged together to solve the grouping problem.
GAME and GAPE exploit the global convergence and parameter estimation
propertics of genetic algorithms to determine automatically, through the optimization
of clustering criteria, the best number of nataral groups, their composition, a relevant




point for each group and a measure of the degree of membership of each single
observation to a specific group.

GAME uses the genetic encoding to determine a characterizing point, which we
call medoid, for each group. Then, the procedure of allocation of each observation to
a specific group is inspired to classical k-means partitional algorithm (Forgy 1965).
The algorithm works in a deterministic framework where different statistical criteria,
directed to minimize the scatter variability within the group and/or to maximize the
scatter variability berween the groups, can be used to determine the optimal grouping
solution. A measure of the degree of membesship of cach observation is quantified as
inversely proportional to the Euclidean distance with respect to the groups’ centroids
coordinates. _

GAPE exploits genetic algorithms to estimate the parameters of the probabilistic
model from which data are supposed to be drawn. The optimal grouping solution is
determined in a probabilistic framework through the optimization of the likelihood
function. Moreover, GAPE allows to compute membership probabilities for each
single observation to a specific group.

The algorithims have been modified to allow an automatic procedure for reducing
the dataset size by extracting only the most relevant features for each observation to
be considered in solving the grouping problem. Correlated or noise measurements
referred to a single object could in fact bias the analysis and the identification of the
optimal grouping solution. Furthermore, to consider smaller dataset decreases the
computational time required to perform the cluster analysis.

GAME and GAPE have outperformed standard classical partitional algorithms in
the analysis of simulated and well-known real datasets (Fisher’s Iris dataset). They
allow to extract relevant information and to converge to the unique global optimal
grouping solution, without falling in local optima as standard cluster algorithms do.
The analysis has been extended to consider time series dataset. A sample of 442
Italian mutnal funds monthly return series have been considered to show how such
approaches could be helpful in extracting significant information both for investors
and managers. In fact, the rapid development of the funds industry has shown how an
objective, representative and empirically testable classification scheme is highly
desired for informative, performance evaluation and forecasting purposes. GAME and
GAPE are a possible solution to the mutnal fund classification problem. Comparison
with the Assogestioni institutional classification shows how a posteriori analysis of
the returns serics does not always agree with the a priori classification scheme.
Return-based style analysis can improve the information offered by the instimtional
classification scheme.

Genetic Clustering Algorithms

Genetic algerithms are stochastic randomized algorithms driven by the Darwinian
evolutionary principle of the survival of the fittest individual of a population. Holland,
recognizing the présence of the building blocks in the high level structures of objects,
proposed in 1975 to look at the evolutionary and innovative processes as an effect of
the recombination of objects and schema which characterize the low level structures.
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Since then, genetic algorithms have been used successfully m diﬁerem ficlds _sqch as
biology, finance, statistics, computer science, mathematics. Their gapat{ﬁlt.y of
exploring the whole search space and their global convergence properties w1_thm.an
clitéstic schema (Rudolph 1994) have lead to use them mainly as parameter estimation
and-optimizing tools.

L A 1;enetic %Igon'thm is composed by a population of in_dividuals, where each
individual represents the mathematical encoding of a solugon of the problem of
interest. A single individual is composed by some genes, which can usua'lly assume
binary or real allelic values. In order to use them properly and efficiently it is
extremely important that the codification adopted is not redundant andvcoul_d map all
the possible solutions. A fitness value, indicating th.e .degree of opt:mal'lty _of the
solution mapped by the string, is associated to each individual. The popn;iahon is then
evolved through operators modeled on the biological processes of selectlon,‘ Crossover
and mutation to identify the fittest individual of the population. The algon‘ﬂun sStops
when the optimality criterion is satisfied. Then, the best‘ individual,. that is tl}e one
with the highest fitness value, of the last generation identifies tl'le optunal solution.

Different genetic encoding have been already proposed in literature to solve
clustering problems. Research has been two-fold: some authors have proposef} 10 use
genetic algorithms to tackle directly the clustering problem (Raghav-ar} and B1rchan_d
1979, Bandyopadhyay, Murthy and Pal 1995 098, Baragona, Qalzlm ‘and B_attagha
2000) while others have exploit their properties in building hybrid algorithms in order
to improve the performance of classical clustering algorithms such as k-means and
fuzzy c-means (Babu and Murthy 1994, Khrishna e Murthy 1999, lTseng 2001).

GAME and GAPE use the genetic algorithms to determine: some relevgnt
measurements for each single group and then to identify the optimal grouping
structure of the data. They differ in the encoding adopted but Fhefy use the same
evolutionary operators. They assume no a priori information is avalla?le. The optimal
grouping solution is determined in an unsupervised learning mechgmsm. o

Given a dataset of r objects with p measurements for each object, the aim is to
determine the best composition of the g groups in which the dataset could be
partitioned. .

GAME (Genetic Algorithms for Medoids Evolution) chromosome 18 formed by g
groups. of p cells, which can assume a real value in th.e R? space of measurements.
(see Figure 1 Appendix 1). They represent the g medoids ooorc‘imates of each single
group. The genetic algorithm determines the optimal grouping so!upon and the
coordinates of the medoid of each single group. The first individual of j:he

~ chromosome is considered. The euclidean distances between each single observation

and the g different medoids coordinates, identified by the atlelic real valuf:s, are
computed. Each observation is then atiributed to the group whose el}clldean distance
is minimal among all the g distances computed with respect to the dlﬁ'erfant medoids.
Once each observation is allocated to a specific group, a fitness valu_e is .oomputed.
The procedure is repeated for each individual. Then, the pogulatlon is evolved
through selection, crossover, mutation and elitist operators, driven by the fitness
criteria, until the stopping criterion is satisfied. o )

Different fitness criteria have been tested. They aim at minimizing a trapsfonnallon
(function) (trace/determinant) of the pooled-within groups scatier matrix and/or at
maximizing that (trace/determinant) of the between group scatter matrix.




If we assume the number of groups is known a priori, the best grouping solution
can be determined for each of the fitness criteria reported in the first column of Table
1. The second and the third columms report respectively the admissible data
transformations and some properties these criteria have shown.

Fitness Functions Admssnble. Properties
Transformations
+ Work well when there are natural
: clusters
1. Max tr(B) Orthogonal 4+ Tendto crfeate hyper sphencial f:luster,
Min (W) +  Assmme implicitly that inside the
groups the featires have low
correlation
1 . . ¢+ Considers the  inter-correlation
2. Max tr(BT™) Linear not singular between the variables
1 . . 4 Considers the  inter-correlation
3- Max tr(BW") Linear not singular between the variables.
¢+  Since |T] is constant is equivalent to
minimize [W/|.
M . . ¢ Tends to create groups with strong
4. [T/ W] Linear not singular interconnections between variables.
+  Assumes implicity that groups have the
same covariance structure.

Table 1. Fitness criteria used by GAME algorithm when the number of groups is known a
prior (Ricolfi 1992} .

If the mumber of groups is not known a priori, the third and fourth criteria, reported
in Table 1 have been modified to include a penalization factor depending on the
number of groups. min(g’det(W)/det(T)) (MC, Marriott's criterion, 1982) and
max({trB)/(g- D} {tr(W)/n-g) }) (VRC, Variance Ratio Criterion, Calinski T.,
Harabasz J., 1974) have then been used within an iterative approach not oaly to
determine the best grouping solution but also the best number of groups in the dataset.

The algorithm stops when the optimal value of the criterion function to be minimized

does not decrease when the number of groups increase. Then, the exploration of
disjoint solution subspaces where the number of groups is fixed leads to the
identification of the optimal aumber of groaps.

GAPFE (Genetic Algorithms for Parameters Estimation) algorithm introduces the
clustering problem in a probabilistic and inferential framework. Data are considered
to be realizations of random variables. GAPE codification is directed to estimate the
parameters of the fixed-classification model (Bock H.H. 1996) which is supposed to
generate the data. This model assumes, for a fixed number of groups g, (G1.G>...G,), 2
known parametric density famity f7., &) such that X,~f(.,8) for all k € G;, i=1,..g where
£ is unknown and a parameters vector @=( €,...,8,). It has been assumed that data are
drawn from multivariate normal distributions, which are completely characterized by
the vector of the mean values and the covariance matrix. Therefore, GAPE string
maps the parameters 8= 3). '
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The covariance matrix could be factored as 3, =4 04[], where D; indicatcs the
. orthogonal matrix of the eigenvectors and determines the orientation of the principal

;écomponents, Ay is a diagonal matrix with elements proportional to th'e eigenvaiues of
LZ‘,, and determines the contours of the density functions and J; is a scalar that
{ Getermines the volume of the ellipsoids (Banficld and Raftery 1993). The genetic
codification of the GAPE algorithm allows to estim.ate'the parameters of t-hree
different possible structure of the covariance matrix which is assumed to be specified

asy, =4l k=1,...g j=1,..p. Tn the first case the covariance matrix is constant
among the groups and the measurements (¥, = AI), in the second case it is constant
just among the measurements (X, =A4,1) and in the third case each group could
have a different variance among the groups and the measurements (2, = /’Lﬁjl) (see
Figures 2, 3, 4 Appendix 1). - _ o

Each observation is attributed to the group whose fespective dEI!.Slty value is h'1gher
among all the density values computed in correspondence of the_ dJﬁ'eremf gen_eﬂcaﬂy
specified, models underlying each groups. The best grouping splut}on is then
determined by minimizing the following negative form of the log-likelihood of the
fixed classification model:

- .

F(g,0)=-3"3z, log(f, (x,16,))

i=l k=1

1)

where z; is equal to one if observation i belongs to group k or zero otherwise and
where y=(y1,...Yo) are labels such that y=k if x; belong to the k-th group. .After
processing cach individual, genetic operator arc applied to evolve the population to
determine the best individual with associated minimum fitness value. .

Finally, GAME and GAPE encoding have been modified to select automatlcglly
the most relevant k£ < p features to be used in determining the optimal grouping
solution. p binary cells have been added to each string: if the i-th cell (1=:1,..,p)
contains unitary value the i-th feature will be considered in the flataset used.m the
cluster analysis, otherwise it will be ignored (see Figure 5 Appendix 1). Red}mng the
size of the dataset allows not only to speed up the convergence of the algorithms but
also to consider the possible presence of correlated variables which could mislead the
analysis. Hidden structure could also be more easily detected.

Data Eirolutionary Clustering

GAME and GAPE algorithms have been tested at first on simulated datasets drawn
from multivariate normal distributions with variable location and covariance
stracture, The analysis has shown that GAME and GAPE are capable_of detecting
easily and with a high degree of membership the correct belonging .of each
observation when the dataset has no overlapping clusters. The average error increases
when the clusters can overlap. Table 2 shows in the first ten columns the average
error on 500 runs of standard partitional algorithms and GAME/GAPE algorithms on
ten differeni dataset gencrated from multivariate normal with parameters:




wr=(L1,11], 2=E 12=[5,5.5,5], =2I; us=(9,9,9,9], Z5=3I; wy~[13,131313],
Z=4I. Clusters can overlap. The last column reports the average error over the ten
datasets. On average, GAME and GAPE algorithms outperform both the classical k-
means and the EM algorithm for full and diagonal covariance specification. They
have been chosen for comparison since they start, as GAME and GAPE do, with the
random choice of groups seeds. It can also be noticed that the average error on some

f

jtems are more homogencons with respect to the group they are associated with the
GAME algorithms than the real one. Tests about the possible presence of anomalous
data or possible errors in collecting the data should be performed to complete the
drialysis. . _

e Fymally, using the MC or the VRC criterions it is also posmbl‘e to determine the
Bptimal number of groups. The VRC criterion has identified as optimal the number of

dataset is equal or less than the one determined by the more efficient fuzzy c-means iris species from which data are collected.

and EM with spherical covariance structure (see for example columns 1, 2 and 3).

2.50% | 3.00% | 3.50% | 2.00% | 1.00% | 2.35%
1.50% | 1.00% | 1.00% | 1.50% [ 1.50% | 1.95%
0.50% | 1.00% | 1.00% | 2.00% | 1.50% | 1.50% 3 0.198357
22 9.41% |10.55%) 9.59% | 8.86% { 2.34% |13.01%| 9.88% | 9.64% | 5.94% | 8.46% | 438% 16 16 8 0.001805 | 0.0021
' 2.50% | 1.50% § 4.00% | 1.00% | 0.50% | 1.00% | 1.50% | 2.00% | 1.00% | 0.88% 16 16 6 7885144 | 8.930
11.3795] 11.39%] 10.00%] 1.00% | 11.34%11.32%} 8.73% | 9.53% | 5.14% { 4.55% o 16 « lo 4245 6 | 16356 | 16934
13.33%]12.45%] 16.74%)| 1.00% | 13.95%} 12.44%} 10.50%)| 11.90%] 13.93%] 5.92% 15 087 4 ioo53 | 92293
2.00% | 1.50% | 2.50% | 1.00% | 0.55% | 1.00% § 1.00% | 1.50% | 1.00% | 0.71% _ -
& 8 202 6 1547.3 2428
- i
Table 2. Cluster algorithms performance when data are generated from multivariate normal 16 25,954 - - -
with parameters: wu=[LLLIJ, %=L p=[5555], Z=2; us=[9,99.9], =3[ 16 16 _ - -
He=[13,13,13,13], X;=4I. The first ten colamns report the average errors on 500 runs on 10
different simulated datasets. The last column reports the average errors on the 10 simolated 16 .16 - - -
dataset (average on 5000 different runs). Fitness criteria used are reported in italics. P B _ _
Furthermore, the anatlysis has shown that parameters estimations determined by the 5 17.930 - - -
GAPE algorithms are very near to the real values used in generating the data,
supporting the validity of the evolutionary approaches not only as optimizing tools 16 - - - -
but also as estimation tools. :
Results from the analysis of real datasets, such as the Fisher’s Iris data, common 3 - - - -
benchmark for validating clustering algorithms, has improved the confidence in such
approaches. Table 3 shows a comparison between the GAME and GAPE algorithms 16 _ - 00018 | 0.0021
for different fitness functions with resuits reported in the literature and with standard
partitional cluster algorithms (k-means, fuzzy c-means, Expectation Maximization ). 3 - - 0.1984 [0.210948
Looking at the first column, it can be noticed that the evolutionary approach correctly
identifies aill but three items: this is the best result reported up to now. Standard 5 - - - -
partitional algorithms lead at most to correctly classify all but five items and also, as _
nﬁ:msleasscmige;o;tmemsl Zﬂ;ﬁﬂ:ﬁgﬂlﬁmmomﬁ; daL I:Jaomlmngl cover, :gzﬁlxgl(-;rg Table 3. Fisher’s Iris data (150%4).Comparison among the evolutionary GAME and GAPE

algorithms, the standard partitional algorithms (k-means, fuzzy c-means, E_xpect_ation
Maximization) and results reported in literature. The minimum number of_' msc}assxﬁed items
with and without automatic data-mining, the average mumber of misclassified items, the best
fitness values and the fitness values in correspondence of the teal classification are reported.
{the fitness functions used are reported in italics).

column). The last two columns report the fitness values associated to the best
individual of the genetic algorithms. and the ones of the real classification. As it can
be noticed comparing the two values, the algorithms determine fitness values smaller
than the fitness values associated to the real classification. Therefore, the choice of the
fitness function is crucial. Looking at the data, we noticed that the three misclassified




Time Series Evolutionary Clustering

The application of GAME and GAPE to benchmark data sets has ascertained their
performance advantage with respect to existing clustering algorithms: our genetic
algorithms achieve low misclassification rates and provide reliable estimates of the
number of groups and the relevant population parameters.

In this section we present some resulis from the application of GAME and GAPE
to a “real world” problem. As a part of an on going research project on quantitative
models for portfolio management decisions, we have tested how our genetic
algorithms perform in classifying a sample of Italian mutoal funds from their returns
time series. :

As is common practice in most countries, the Italian association of money
managers (Assogestioni) classifies mutual fimds on the basis of a periodical screening
of their portfolio holdings. Assogestioni’s scheme is made of five major categories
that are defined according to the type of financial assets a fund is most (or totally)
invested in. They are: “Azionari” (Equity), “Obbligazionari” (Fixed Income),
“Bilanciati” (Balanced, i.e. both equity and fixed income), “Liquiditd” (Money
Market Assets) and “Flessibili” (which have no asset class limit). This scheme,
augmented by its finer partitions by currency or geographical exposure and time to
maturity, provides investors with a loose picture of the kind of risks they are likely to
bear when investing in a particular fund, but suffers from some drawbacks. First of
all, fund managers with very different grades of risk tolerance may end up in the same
class, irrespectively of how much their strategies arc aggressive or conservative,
provided that they invest in the same asset classes. Therefore, a different classification
based on the risk vs. return profile of funds may give further useful information to
investors. This would also serve the purpose of forming meaningful peer groups
within which to compare and benchmark the performances achieved by different
money managers. Furthermore, although Assogestioni’s monitoring is quite careful, it
is not possible to exclude that some managers perform windows dressing in order to
boost their track record relatively to direct competitors {i.e. those managers whose
funds belong to the same category).

Statistical classification procedures based on funds’ return history are a low cost
solution to these issues. Contrary 10 portfolio holdings, retarns time series can be
easily and cheaply gathered and updated on daily basis from public sources and
cannot be made up. Two main contributions in this direction have been proposed in
the existing literature on mutual fund styles. Sharpe (1992) estimates a linear asset
class factor model by regressing fund’s returns on those of a set of given market or
style indices. The fund’s investment policy is determined by looking at the
combination of those indices with the highest loadings, which are also commonly
wsed to infer risk and to form peer groups (Lucas and Riepe 1996, Cucurachi 2000).
As new returns become available, rolling regression results convey a picture of how
the investment strategy changes over time. Brown and Goetzmann (1997) propose a
second approach based on clustering time series of monthly returns with the k-means
algorithm. Their procedure does not rely on the specification of a factor model and

i i ice of a set of indices as in Sharpe’s
{herefore the analyst is not comumitted to the choice o . -
regression. Funds clusters are ready to use peer groups and their centroid vectors,

-

which are in fact as many returns time series as there are clusters, can be taken as

~&roup benchmarks. Taken as it comes, the k-means output does not provide any clue

*sf what groups are, but auxiliary qualitative information on funds’ characteristu_:s {e.g.
‘their declared investment objectives) or a second step asset class regression on
oids may be exploited fo gain insight. _ _ '
cen;rn obviou); 1imi)gtion of Brown and Goetzmann procedure is that, with clgssn:al k-
means, there is no way to determine the optimal numbe1j of groups for a given dat_a
set. GAME and GAPE provide a viable solution to thl_s issue. Also, due to their
genetic nature, they are known fo converge to global optima, whereas k_-me:ans does
not. We have run both algorithms on a sample of 442 out of 457 mutual }tallat_l ﬁmds
that were active at the end of year 1995, for which complete five year tu.ne series of
monthly returns are available on the Datastreara™ databasc. The funds’ ist has been
compiled from the Assogestioni archive. Fifieen funds have 'been exclud'ed because
return data were unavailable although they are still active. Afccordmg' fo. the
Assogestioni classification 186 funds were Azionari, 50 Bilanciati, 7 Flessibili, 17
Liquidita and 182 Obbligazionari at the end of year 2000. o .
Two different approaches have been followed. The ﬁrst.orge consists in describing

each fund by its average monthly return and standard deviation, which is taken asa
measure for risk. Different normality tests have been perfom?ed on cach ﬁmds series.
Table 4 shows that, assuming returns are independently and 1dentlca_lly fhstnbuted in
time, normality is rejected at most in 38.9% of cases at the 5% significance level
(20.6% at the 1% significance level). This provides some support to our choice of
using the mean and the standard deviation to summarize each time series.

Normality Tests Results
Test procedure Normality rejected Significance leveﬁ

5% 1%

Bowman-Shenton Cases 118 o1
Percentage 26.7 20.6

D' Agostino-Tietjen Cases 172 83
Percentage 38.9 18.8

Shapiro-Wilks Cases 138 73
Percentage 312 16.5

Lilliefors Cases 94 37
' Percentage 213 8.4

Total number of cases 442

Table 4. Normality Tests Result for the sample of 442 Ttalian mutual funds monthly returns
series. Period: 31/12/1995-31/12/2000.

Then, the data passed to our algorithms are a matrix of 442 objects with 2
measurements for each object. GAME and GAPE algorithms have been run for the .
different fitness criteria displayed in Table 1. All the crit?ria have lead to group data
in a similar way. The MC and the VRC criterion identify 5 and 4 optimal groups




respectively. In Appendix 2 Table I we report summary statistics for the solutions
obtained by using each criterion with the number of groups fixed to five. Moreover,
tables in correspondience of different numbers of groups for the MC and VRC
criterion are reported (sce Appendix 2 Table V and VI),

Table 5 below reports a comparison between the gronps composition identified by
GAME when the MC criterion is used and the Assogestioni classification at the end
of year 2000. The scatter matrix shows how Equity funds are split in three different
classes (Table 5, 1%, 3, 4™ rows), which we may define as “medinm return, medinm
risk”, “high return, high risk” and “low return, high risk”, Fixed Income Funds,
characterized by low return and low.risk, are almost ali grouped in a single class
{Table 5: 5™ row) together with the Money Market Funds. Finally, the last group is
composed mainly by Balanced funds together with some Fixed Income (Table 5: 2™
row). The Flessibili funds, possibly because of their heterogeneous asset allocation,
tend to be put in different groups.

e s Groups Mean
Marriott’s Criterion Values
mean mean
Value Count Percent scatter matrix differences| retun std.dev

1 109 24.66% 93 11 4 0 1 146 1.360%| 4.740%
2 5 1267% 3 371 0 15 1.000%] 2.870%
3 60 1357% 58 1 1 ¢ ¢ 2.110%| 6.850%
4 33 T747% 32 0 0 0 1 0.350%] 6.150%
5 184 41.63% 0 1 1 17 165 0.450% 0.770%

Table 5. GAME mutual funds classification (MC criterion) vs Assogestioni Classification.
The dataset is composed by the mean monthly returns and the standard deviations. In the first
cohunn the group composition is reporied, in the second the scatier matrix between GAME and
Assogestioni classification, in the third the total number of funds with different classification

w.r.t. Assogestioni scheme and in the fourth and fifth the groups mean values of the returns and
of the standard deviations.

Figure 6, reported Appendix 1, shows the scatterplot of the grouping solution
identified by the GAME algorithm when the MC criterion is used. Groups are clearly
shaped by their risk vs. return profiles, thus providing ferther information which may
be usefully exploited together with Assogestioni’s institutional classification.
Furthermore, the use of the GAPE algorithm not only allows us to estimate the
optimal grouping solution and the parameters of the different distributions from which
the data are supposed to be drawn, but also supplies group membership probabilities
for each single fund. . _

The second approach we tested does not pre-process data to reduce the size of the
dataset, but considers each time series as an object with p measurement, much in the
spirit of Brown and Goetzmann (1997). Each measurement corresponds ¢ the
monthly return on a specific date. We have used GAME but not GAPE because of the
larger computational time required to process the whole dataset with the latter. Tables
I, VII and VIII in Appendix 2 display the optimal grouping solutions for different
fitness criteria. Table 6 below shows the GAME classification when the Marriott’s
Criterion is used. As before, Obbligazionari and Flessibili funds are allocated to the

10

up (3% row). Bilanciati fands tend to be allocated to the same group but,
iﬁiaiotg) tgle previo)us results, they are not the majoristty (3:‘ ng%l Azionari ful'lds
tdad to be scattered among four out of the five groups (17, 2°, 3%, 47 1oWs). Looking
at''the groups mean values reported in the 'last column, two gr,f)ups may stﬂ@ be
Igbelled as “average return, average risk”, “high return, high n.sk , but the previous
group “low return, high risk” is now split in fwo classes containing a smaller number

Azionari funds only.

L - Groups Mean
Marriott’s Criterion Values

mean mean

Value Count Percent scatter matrix differences retum std.dev
1 177 40.05% 122 47 5 0 3 139 1.200%| 4.500%
2 51 11.54% 48 2 1 0 0O 2130%] ©.980%
3 14 317% 14 0 0 0 _©O 0.490%| 7.120%
4 2 -0.45% 2 0 0 0 O 2.410%} 8.770%
5 198 4480% 0 1 1 47 179 0.470%] 0.880%

"Table 6. GAME mutual funds classification (MC eriterion) vs Assogestioni Cla§s1ﬁcapon.
The dataset is composed by the whole time serieg. Fach series is consic!ered as an object with p
measurements. In the first column the group composition is reported, in the second the scatter
matrix between GAME and Assogestioni classification, in the third the toial number of funds
with different classification w.r.t. Assogestioni scheme and in the fourth and fifth the groups
mean values of the returns and of the standard deviations.

Table 7, in the next page, compares the optimal grouping soluﬁoqs determined by
the two approaches through the GAME algorithm with the MC criterion. 92 fur_lds are
allocated in a different way. We mnotice that the second approach, who aims at
determining the optimal grouping solution through the analysis of fhe whe_)le time
series data, lcads to identify classes which contain more correlated tung series. (see .
Appendix 1, Figures 7 and 8). Table IIl in Appendix 2 shc_)w the comparison be_tween
the two approaches optimal grouping solutions when different fitness criteria are
used.

Figure 8 in Appendix 1 shows that the return time series of funds which are
allocated in the same classes, especially the ones allocated to group 2,3and 4, l%ave
almost synchronous behaviours and the same turning points over fime. Cpmpanson
with Figure 7, which shows the time series plot for the GAME solution with the {irst
‘approach, snggests that within group corrclations are higher wl}en the Who_le time
series are clustered, as should be expected. Thus, although more me consuming, the
second approach is desirable when one is interested in the diversification benefit that
can be achieved by investing in funds from different groups.

11




GAME optimal GAME optimal
grouping using the . . grouping using the
dataset composed by Scatter matrix between the opﬂm_al whole dataset. Consider
grouping solutions determined by using : -
mean and standard ; different datasets each serie as an object
deviation of the monthly with T features.
returns
Marriott Criterion Marriott Criterion
- scatter matri diff
Value Count Percent e Herences Value Count Percent
1 108 24.66% 10 3 1+ 0 O a2 1 177 40.05%
2 60 1357% 0 48 0 2 0O 2 51 1154%
3 3B 747% 19 0 13 0 1 3 14  317%
4 56 1267% 43 0 0 0 13 4 2 0.45%
5 184 4163% C 0 0 0184 5 198  44.80%

Table 7. Comparison between the optimal grouping solutions identified by the GAME
algorithm in correspondence of Marriott’s Criterion. The first column shows the optimal
grouping composition when the monthly return mean values and standard deviations are used
as dataset. The third column shows the group composition when the whole returns time series
are used as dataset The second column shows the scatter matrix between the two optimal
grouping solutions determined by GAME.

Conclusions

Two evolutionary clustering algorithms have been proposed to extract information
from data by determining the presence and the composition of homogeneous groups.
The analysis of simulated and real dataset has shown how they can outperform
standard classical partitional clustering algorithms by converging to the global
optimal grouping solution. The analyses of time series data of a sample of Italian
mutual funds supports their usefulness for increasing the information available to
investors and managers and snpporting their investment decisions. By comparing our
results with the institational classification we show that while for some funds, such as
the Obbligazionari and Flessibili, there is substantial agreement, for the Azionari the
.analysis of the returns time series detects partitions of funds with different
characteristics that are pooled together by the latter. Therefore, we believe that our
approach can improve the information offered by the institutional classification
scheme. Further research aims at characterizing the peer groups identified by the
clustering algorithms by asset class models as in Sharpe (1992). Also, other clustering
criteria based on correlation coefficients between time series (Bohte, Cepar and
Kosmelj 1988) should be tested. Finally, the improvement in computational efficiency
that might be achieved by dimensional reduction algorithms for similarity search of

time series databases through discrete Fourier transforms and wavelets (Huhtala,

Karkkainen, Toivoner 1999, Keogh, Chakrabarti and Pazzani 2000, Povinelli and
Feng. 1998) are worth considering.
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A;%pendix 1 — Genetic codification
§ OF

GAME geneiic codification

m,
mul mlz‘ mul T4 mz:l mzzl mzsl niz4 mn‘ -m32| 33 | 134

Group 1 Group 2 Group 3

Fig. 1. Code of a single individual in GAME algorithm

GAPE genetic codification

Fxnlp:zl?:sl}‘u !lnl!'zz | stll‘u X3 | Pszlplsl}lsc Iy

Grounp 1 Group 2 *~ 4%+ Group 3 Group 1,2,3

Fig. 2. Code of a single individual in GAPE with constant covariance matrix £=il ,
when g=3, p=4.

H11 liﬁu an |Pl4 K21 |P22 Il‘za Il-‘zs | ‘}132 l}lls IP:M A Az Ay

Group 1 Group 2 Group 3 Group 1| Group2 Group 3

Fig. 3. Code of a single individual in GAPE with covariance matrix Ey=h for k=1,....g. when
=3, p=4.

h1 Ill:z Illu Ill-u Il—*m I}lzz ‘I-‘n Ii‘m a1 ll'sz IH: il-'@s 7‘1117‘12‘113“44 l!ll?‘zzllﬂl?‘ﬁ 151] 7\5217‘53 Jay
Groupl | Group2 | Group3 | Groupl | Group2 | Group3

Fig. 4. Code of a single individual in GAPE with covariance mattix Eg=hggl for k=1,....2,
j=1,..0, when g=3, p=4.

Evolutionary Automatic Data Mining

1} 0[ 1[ 0] GAME \ GAPEchromosome
1 3 4

Fig. 5. Automatic data-mining when p=4. The first and the third features compose the dataset in
correspondence of which to determine the best grouping solution.
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The sample is composed by the monthly returns time series of 442 Italian mutual funds from 12795 up to 12/00.

APPENDIX 2

Comparison between Assogestioni Classification and Evolutionary algorithms classification are proposed.

Assogestioni Classification of the sample {31/12/2000) Groups Mean Values
Value Count Percent ‘Tipclogia Fondi]Sigla mean return | mean sid.dev

AZ 186 42.08% AZIONARIAZ 1.420% 5.660%

Bl 50 11.31% BILANCIATI|BE 1.170% 3.530%

FL 7 1.58% FLESSIBILI|FL 1.250% 4.470%

Lt 17 3.85% LIQUIDITA'|LI 0.350% 0.290%

OB 182 41.18% OBBLIGAZIONARI]OB 0.490% 0.980%

|

Results.from GAME algorithm in correspondence of the different fitness criteria reported in Table 1
Thetdata,s,et is composed by the mean and the standard deviation of the mutual funds time series returns

The' nunfber of groups has been fixed equal to 5.

1st column: groups compasition
2nd column; Scatier matrix between GAME and Assogestioni classifications

3rd column: total number of funds with different classification w.r.t. Assogestioni scheme

4th-5th columns: group mean vatue of the returns and of the standard deviation

MG . : Groups Mean Values

Value Count Percent ]scatier matrix differences mean retuin | mean sid.dev
1 109 24.66% 93 11 4 0 1 148 1.360% 4.740%
2 56 12.67% 3 3% 1 0 18 1.000% 2.970%
3 60 13.57% 58 1 1 0 0 2.110% 6.950%
4 33 7.47% 32 0 0 0 1 0.350% 6.150%
& 184 41.63% 0 1 t 17 165 0.450% 0.770%
VRO Groups Mean Vajues

Value Count Percent [scatter matrix differences mean return | mean std.dev
E R 108 24.43% 94 10 8 0 1 142 o = 1.370% 4.710%
2 59 13.35% 3 3 2 0 15 0.980% 3.020%
3 56 12.87% 54 i 1 0 0 2.120% 7060%
4 35 7.82% 3 0 0 0 0 0.500% 6.320%
5 184 41.63% 0 0 1 17 166 0.450% 0.770%
W Groups Mean Values

Value Count Percent [scatter matrix differences mean reiurn | mean std.dev
1 108 24.43% 94 10 3 0 1 142 1.370% 4.710%
2 59 13.35% 3 38 2 0 15 0.280% 3.020%
3 56 12.67% 5 1 1 0 0 2.120% 7.060%
4 35  7.92% 3 0 0 0 0 0.500% 6.320%
5 184 41.63% 0 0 1 17 166 0.450% 0.770%
trBonW Groups Mean Values

Value Count Percent [scatter matrix differences mean return  mean std.dev
t 7T 17.42% 69 5 2 0 1 188 1.250% 5.420%
2 80 18.10% 56 22 2 0 0 1.200% 4.180%
3 43 2.73% t 2 1 0 19 0.840% 2.640%
4 62 14.03% 60 1 1 0 O 1.880% 7170%
5 18C 40.72% o 0o 1 17 162 0.440% 0.750%
trBenT Groups Mean Values

Value Count Percent |scatter matrix differences mean return | mean std_dev
1 61 13.80% 58 2 1 0 0© 170 2.120% 6.840%
2 84 19.00% 48 33 2 0 1 1.370% 4.130%
3 58 13.12% 5 3 3 0§ =2 1.190% 4.980%
4 3 7.01% g o o 0 1 0.310% 6.180%
5 208 47.06% 0 12 1 17 178 0.480% 0.960%

Appendix 2 - TABLE |
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GAME optimal grouping

by mean and standard deviation of the monthly returns

using the dataset composed

MC Groups Mean Values

Value Count Percent { mean return | mean std.dev
1 109 24.65% 1.360% 4.740%
2 60 13.57% 2.110% 6.950%
3 33 747% 0.350% 6.150%
a4 56  12.67% 1.000% 2.970%
5 184 41.63% 0.450% 0.770%
VRC Groups Mean Values

Value Count Percent | mean retumn | mean std.dev
1 108 24.43% 1.370% 4.710%
2 56 1267% 2.120% 7.060%
3 59 1335% 0.980% 3.020%
4 35 7.92% 0.500% 6.320%
5 184 41.63% 0.450% 0.770%

trw

Groups Mean Values

Value Count Percent | mean retumn | mean std.dev
1 108  24.43% 1.370% 4.710%
2 56 1267% 2.120% 7.080%
3 59 "13.35% 0.980% 3.020%
4 35 7.92% 0.500% 6.320%
5 184 41.683% 0.450% 0.770%

, - trBonwW Groups Mean Values
Value Count Percent | meanreturn mean std.dev
1 80 18.10% 1.200% 4.180%

2 77 17.42% 1.250% 5.420%
3 43 9.73% 0.840% 2.640%
4 62 14.03% 1.880% 7.170%
5 180  40.72% 0.440% 0.750%
trBonT Groups Mean Values
Value Count Percent [ mean refum | mean std.dev
i 84 19.00% 1.370% 4,130%
2 61 13.80% 2.120% 8.840%
3 3 701% 0.310% 6.180%
4 58 13.12% 1.190% 4.980%
5 208 47.06% 0.490% 0.560%

Scatter matrix between the gptimal
grouping selutions determingd by
using different dataset$
scatter matrix differences
05 3 1 0 0 g2

10 48 0 2 0

19 0 13 0 1

43 0 0 O 13

0O 0 0 0 184

scatter matrix differences
93 2 1 2 0 94

1. 53 2 0 0
45 0 0 0 14

1 1 15 18 ©

0 0 0 0 184

T

scatter matrix differences

96 10 2 O 0 5 92
t 53 2 0 0O
4 0 17 14 0

45 0 0 0 14~
0 0 O 0 184

scatter matrix differences
3B 1 0 3 3 118
0 853 8 1 0
2r 0 0 0 16
46 8 4 18 1
c 0 0 0 180
scatter matrix differences
47 30 0 0 7 124
6 54 ¢ 1 C
17 0 13 0 1
45 8 1 1 3
5 0 0 © 203

Appendix 2 - TABLE [t
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GAME optimal grouping using the whole dataset.
Cansider each serie as an object with T features.

MC . __Grqups Mean Values
Valys  Count Percent |mianteturn [mean std.dev
i 177 40.05% 1.200% 4.500%
2 51  11.54% 2.130% 6.980%
3 14 3.17% 0.490% 7.120%
4 2 045% 2.110% 8.770%
5 198 44.80% 0.470% C.B90%
| VARG Groups Mean Vaiues
Value Count Percent [rmean return |mean std.dev
1 140 31.67% 1.280% 4.210%
2 66 14.93% 2.010% 6.650%
3 18 4.07% 0.810% 7.090%
4 20 4.52% 0.320% 5.680%
5 198  44.80% 0.470% 0.890%
W Groups Mean Values
Value Count Percent [mean return |mean std.dev
1 146  33.03% 1.290% 4.270%
2 63 1425% 2.020% 6.700%
3 21 4.75% 0.490% 5.920%
4 4 3147% 0.490% 7.120%
5 198 44.80% 0.470% 0.890%
tr8onwW Groups Mean Values
Value Count Percent [mean return [mean std.dev
1 148 33.08% 1.280% 4.230%
2 62 14.03% 2.080% 6.890%
3 12  271% 0.640% 7.020%
4 22 498% 0.320% 5.780%
5 200 45.25% 0.480% 0.940%
trBonT Groups Mean Values
Value Count Percent [mean return Imean std.dev
1 120 27.15% 1.170% 4.710%
2 92 20.81% 1.790% 5.800%
3 14 317% 0.430% 7.120%
4 2 045% 2,110% 8.770%
5 214 48.42% 0.510% 1.070%
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Results from GAPE algorithm

The dataset is composed by the mean and the standard deviation of the mutual funds time series returns

The number of groups has been fixed equal 10 5.

1st column: groups composition

2nd column: Scatter matrix between GAME and Assogestioni classifications

3rd colume: total number of funds with different classification w.r.t. Assogestioni scheme
Ath-5th columns: group mean value of the returns and of the standard deviation

6th-7th columns: estimated group mean value of the returns and of the standard deviation by GAPE

sigma=lambda*l Groups Mean Values

GAPE Estimated values

Value Count ~ Percent |scatter matrix differences | mean return} mean std.dev

mean return| mean std.dev

.66% 84 10 4 0 1 144 1.370% 4.700% 1.270% 4.690%
;. 1:(? 1234.567{1/: 3 3 t 0 17 0.960% 2.970% 0.910% 2.960%
3 57 12.90% 5 1 1 ¢ ¢ 2.090% 7.070% 1.880% 7.050%
4 34 7.69% 34 0 0 0 0 0.480% 6.280% 0.480% 6.270:&
5 182 41.18% 0 0 1 17 164 0.450% 0.760% 0.440% 0.740%

sigma(k)}=lambda(k)’l k=1,...,n.groups Groups Mean Values

GAPE Estimated values

Results from GAME atgorithm in correspondence of the Marriott's ctiterion

The Fiatase1 is composed by the mean and the standard deviation of the mutual funds time series returns *
The iterative procedure has determined the optimal number of groups equal to 5.

Marriott's Criterion

Nurmber of Groups | 2| 3] 4 5t 6] 7 8 9

0]

Bssi Fitness Value ] 0.8004] 0.4126} 0.2985] 0.2792]  0.3398] 0.34| 03316 0.3308}

0.3241

1s1 column: Number of groups
2nd column; Groups composition
3rd-4th columns: group rmean value of the monthly returns and of the standard deviation of the menthly returns

Number of Griups Groups Mean Values
by

2 i - Valug Count Perceni] mean return| mean sid.dev|
1226 51.13%f 1.400% 5.400%
i fe 2 216 48.87%| 0.500% 1.040%
- Groups Mean Values

3 Vale Count Percent] mean return] mean sid.dev
1 194 43.89%) 1.570% 5.240%
2 214 4B42%| 0.500% 1.020%

3 34 7.69%| 0.370% 6.150%

Groups Mean Values

4 Value  Count Percenilmean rsturn| mean sid.dev
1 143 32.35%} 1.290% 4.290%

Value Couni Percent [scalter matiix differences | mean return] mean std.dev

mean return] mean std.dev

1 116 26.24% 101 10 4 0 i 137 1.310% 4.740% 1.270% 4.760:%
2 60 13.57% 3 3 1 0o 17 0.960% 2.970% 0.890% 2.9600/0
3 56 12.67% 54 1 1 0 0 2.120% 7.060% 1.980% 6.980"/0
4 28 6.33% 28 0 0 0 © 0.540% 6.570% 0.570% 6.6200/9
5 182 41.18% 0 0 1 17 164 0.450% 0.760% 0.440% 0.740%

2 63 14.26%| 2.070% 6.920%
3 35 7.92%{ 0.390% 6.140%
4 201 4548%| 0.480% 0.900%
Groups Mean Values
5 Vaiue Count Percent] mean return] mean std.dav

1 109 24.66%) 1.360% 4.740%
2 56 12.67%) 1.000% 2.970%
3 B0 1357%] 2.110% 6.950%
4 33 747%| 0.350% 6.150%
5 1B4  41.63%] 0.450% 0.770%

Groups Mean Values

sigma(k)=lamda(kj)’], k=1,...,n.groups, j=1,...n.features Groups Mean Values

GAPE Estimated values

Value Count Percent [scatter matrix

differences } mean return} mean std.dev

mean return] mean std.dev

[ Value Count Percent| mean return{ mean std.dev
o 1 109 24.66%| 1.390% 4.710% -
2 58 13.12%] 0.980% 2.940%
3 57 12.90%] 2.100% 7.040%
4 16 3.62%| 0.450% 5.290%
5 182 41.18%| 0.450% 0.760%
8 20 452%) 0.380% §.820%

Groups Mean Values

1 61 13.80% 104 10 3 0 1 134 1.310% 4.780% 1.270;70 4.760:.';:
2 57  12.90% 3 3 2 0 17 0.970% 2.980% 0.9100/0 3.015189;
3 182 41.18% .5 1. 1 0 0 2.100% 7.040% 2.0900/0 7.0 o/o
4 24  5.43% 24 0 0 0 © 0.420% 6.670% 0.4200/0 7.058;
5 118 26.70% 0 0 1 17 184 0.4560% 0.760% 0.440% 0.740%

Appendix 2 - TABLE IV
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7 Value Count Percent]f mean return| mean std.dev

1 83 1B.78%| 1.260% 4.180%
2 42 9.50%] 0.830% 2.620%
3 53 11.99%] 1.580% 5.340%
4 23 5.20%] 0.360% 5.710%
5 180 4072%] 0.440% 0.750%
i1 51 11.54%) 2.140% 7.150%
7 10 2.26%| 0.410% 7.430%
Groups Mean Values
8 Value Count Perceni] mean return] mean sid,dev
1 64  14.48% 1.540%; 5.280%|
2 75 18.87% 1.2650% 4.080%
3 51 11.54% 2.140%; 7.150%)
4 97 21.95% 0.380%, 0.440%
5 83 19.91% 0.530%, 1.180%
[3) 20 4.52% 0.270%) 5.610%
7 35 7.92% 0.840%) 2.690%
g 12 2.71%) 0.500% 7.280%
Groups Mean Values
] Value Counl Percentf mear return| mean std.dev
17 86 1267% 1.500%) 4.870%
2 B0 13.57% 1.200%| 4.040%
3 38 B.80% 0.870%) 2.740%
4 88 2217% 0.380%) 0.440%
5 B7 19.68%) 0.530% 1.160%
[} 17 3.85% 0.280%) 5.480%
7 14 3.17% 0.420%) 7.130%
8 23 5.20% 1.600% 5.980%
9 49 11.09%| 2.180%) 7.180%
Groups Mean Values
0 Value Ceount Percent| mean return] mean std.dev
1 54 12.22% 1.210%; 4.570%,
2 40 9.05%, 1.220%; 3.610%
3 20 452% 1.520%) 6.010%
4 86 19.46% 0.400%; 0.350%
5 85  21.49%, 0.480%) 1.080%
6 35  7.92% 1.680%) 4.940%|
7 18 4.07% 0.350%| 6.850%
8 14 3147% 0.290% 5.170%
9 31 7.01% 0.780%) 2.480%
10 49  11.09%, 2.160%) 7.180%
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Results irom GAME algorithm in correspondence of the Marriott's eriterion
The dataset is composed by the mean and the standard deviation of the mutual funds time series returns
The ierative procedure has determined the optimal mumber of groups equal to 4.

Variance Ratio Criterion |
Number of Groups_{ 2| 3 4| 5] § 7t [ of 0]
Besl Filness Vaiue | 0.00064|  6.000514] _ 0.0005054] 0.000507] ©.000515_0.600494] 0.000483 0.000448| 0.000428}

1s1 column: Number of groups
2nd column: Groups composition
3rd-4th columns: group mean vatue of the monlhly returns and of the standard deviation of the monthly relums

Number of groups Groups Mean Values
2 - Value Gount Percentfmean return| mean sid.dav

1 228 5158%| 1.390% 5.380%

2 214  48.42%] 0.500% 1.020%

Groups Mean Values
3 Vatue Count Percent| mean returnimean std.dev

1 153 34.62%| 1.190% 4.270%
2 198 44.80%} 0.470% 0.880%

3 9 20.58%] 1.640% 6.800%
Greups Mean Values
4 Value Count Percent] mean return] mean std.dev

1 124 2B.05%] 1.240% 4.830%
2 59 13.35%| 0.9680% 3.020%
3 75 16.97%| 1.740% 7.010%
4 184  41.83%} 0.450% 0.770%
Groups Mean Valuas

5 value Count Percent] mean return | mean std.dev
1108  24.43% 1.370% 4.710%
2 59 13.35%| 0.880% 3.020%
3 56 12.67%| 2.120% 7.060%
4 35 7.92%¢ 0.500% 6.320%
5 184 41.83%] 0450% 0.770%
Groups Maan Values
5] Value GCount Percent}mean return| mean sid.dev
1 70 16.84%| 1.390% 6.220%
2 73 16.52%] 1.240% 4.110%
3 53 11.99%{ 2.130% 7.120%
4 23 5.20%| 0.380% £.690%
5 181 40.95%| 0.450% 0.750%
5 42 $.50%} 0.B30% 2.660%
Groups Mean Values
7 Value GCount Percent| mean return| mean std.dev
1 79 17.87%| 1.270% 4.440%
2 50 11.31%| 0.990% 3.080%
3 42 0.50% 1.610% 5.470%
4 51 11.54%| 2.140% 7.350%
5 115 26.02%| 0.400% 0.450%
6 75 16.97%| 0.540% 1.300%
7 30 6.79%] 0.370% 6.370%
Groups Mean Vaiues
B Value Gount Percent| mean returnimean std.dev
1 85 12.44%, 2.120% 7.080%
2 68 15.38% 1.220%! 4.080%
3 60 13.57% 1.520% 5.060%|
4 27 6.11%] 0.520% 5.880%
5 102 23.08% 0.390% 0.450%,
6 9 2.04%! 0.430% 7.520%
7 83 18.78% 0.520% 1.180%
8 38 8.60% 0.870% 2.740%
- Groups Mean Values
9 Value GCount Percent| mean return| mean std.dev
1 B9  15.61%) 1.420%)| 4.810%
2 36 8.14% 0.840% "2.670%
3 52 1L76% 1.190% 3,800%)
4 10 2.26%,| 0.410% 7.430%
5102 23.08% 0.390% 0.450%
] 35 7.92% 1.780%: 6.160%
7 19 4.30% 0,280% 5.750%;
8 82 18.556% 0.520%| 1.170%|
9 37 8.37%! 2.180% 7.380%
Groups Mean Values
10 Value Count Percentj mean return| mean std.dev
1 83 14.25% 1.370% 4.720%
2 43  11.09% $.180% 3.860%
3 2B 6.33% 1.660% 5.680%
4 98 2240% 0.390% 0.440%|
5 85 19.23% 0.520%) 1.160%
6 36 8.14%) 0.840% 2.670%
7 iB 3.62% 2.300% 7.830%
8 21 4.75% 0.350% 5.810%;
£] 10 2.26%,| 0.410% 7.430%!
10 35 7.92% 2.070% 6.840%
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Resulls from GAME algorithm in correspondence of the Marriott's criterion
The dataset is composed by the whole mutual funds time series monthly returns
Each time serie has been considered as a single object with T features. T=number of dates from 12/95 up to 12/60,
The iterative procedure has been stopped for 10 groups. '
Marriott's Criterion
Number of Groups 2} 3| 4 5 [ 7! 8 g| 10
Best Fitness Value 0.18880f 0.0504] 0.0068 0.004 0.0013] 1.21E-04| 6.09E-05[ 3.40E-05] 1.63E-05
181 column: Number of groups
2nd column: Groups composition
3rd-4th columns: group mear value of the monthly retums and of the standard deviation of the monthly returns
Number of growps Groups Mean Values
2 ¥ Value Count Percent{ mean returnmean sid.dev
e 1 410 9276%| 0.0101 0.0304
, . 2 32 7.24%) 0.0037 0.0626
LN Groups Mean Vaiues
3 Value Counl PFercent] mean return] mean std.dev
1 411 92.99% 0.0101 0.0304
2 19 4.30%} 0.0032 0.0562
3 12 2.71% 0.0046 0.0724
Groups Mean Values
4 Value Gount  Percent] mean return| mean sid.dev
1 209 47.28%| 0.0152 0.0507
2 1¢ 4.30%| 0.0032 0.0562
3 13 2.94%] 0.0044 0.072
4 201 45.48%] 0.0048 0.0092
Groups Mean Values
5 Value Count Percent] mean relurn{ mean std.dev
1 177 40.05% 0.012 0.045
2 51 11.54%] 0.0213 0.0698
3 14 3.17%| 0.004% 0.0712
4 2 0.45% 0.0211 0.0877
5 198 44.80% 0.0047 0.0089
Groups Mean Values
8 Value Counl Percentf mean return mean std.dev
I R T i 126 28.51%, 0.0124 00413 4 »
2 65 14.71%) 00203 0.0669
3 12 2.71%} 0.0048 0.0724
4 22 4.98% 0.0155 0.0528
3 5 216 48.87%f 0.0045 0.013
b 6 1 0.23%f  0.0029 0.0666
Groups Mean Values
7 Valke Counl Percentmean relurn] mean std.dev
1 149  33.74%] 0.0127 0.0423
2 62 14.03%| 00205 0.0679
3 10 2.26%| 00048 0.0732
4 2 0.45% 20211 0.0877
5 197 44.57%| 0.0047 0.009
& 2 4.75%] 0.0032 0.0574
7 1 0.23%] 0.0028 0.0666
Groups Mean Values
8 Value Count Percent{mean return{ mean std.dev
1 75 16.97% 0.0123 0.0433
2 78 17.65% 0.0135 0.0437
3 57  12.90% 0.0209 0.0877
4 2 0.45% 0.0211 C.0877
5 196 44.34% 0.0047 £.0086
+] 21 4.75% 0.0031 0.0341
7 12 271% 0.0046 0.0724
8 1 0.23%, 0.0029 0.0666
Groups Mean Values
g Value Count Percent] mean return]mean std.dev
1112 25.34% 0.0124 0.0324
2 62 14.03% 0.0203 0.0203
3 31 7.01% 0.0146 0.0146
4 2 0.45%, G.0024 0.0024
5 146 33.03%) 0.0044 0.0044!
6 11 2.49% 0.0042 0.0042
7 20 4.52% 0.0032 0.0032
8 51 11.54% 0.0057 0.0057
9 7 1.58% 0.015 0.015]
Groups Mean Values
10 Value Count Percenlfmean relum|mean sid.dev
1 149 33.71% 0.0133 0.0443
2 42 9.50% 0.0217 0.071
3 7 1.58%)| 0.0129 .04
4 4 0.90% 0.02 0.0668
5 206 46.61% 0.005 0.0%01
3] 1 0.23% 0.0027 0.068%
7 2 0.45% 0.0211 © 0.0877
8 18 407% 0.0032 0.056
4 3 0.68% 0.0031 0.067%9
10 10 2.26% 000484 0.0732
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Results trom GAME aigorithm in correspondence of the Variance Flal:-z cr'nlerion
i time series monthly returns
dataset is composed by the whole mutual funds :
;:Eh time serie ha:been considered as a single object with T features. T=number of dates from 12/95 up to 12/00.
The iterative procedure has determined the optimal number of groups equal to 3.

Criteric RTR | 1 - ] -
3 7
2| 3 4 5]
gunt‘?fl{n(:sfr\(f):tﬁz } 0.00310] 0.0028] C0031]  00038] 00041 00041 00048 . 0.0051 0.0057
est il A

1st colurmn: Mumber of groups
lurnn; Groups compasition -
2?5531 columns: gﬁoup mean valua of the monthly returns and of the standard deviation of the menihly returns

Greups Mean Values
e OféGFOUPS Value Count Percenl] mean return | mean std.dev
1 228 51.58%] 1.400% 5.350%
2 214 4842%f 0490% 1.050%
Groups Mean Values
3 Value Couni Percent] mean retum | mean sid.dev
1 177 40.05%) 1.120% 4.670%
2 67 15.16%] 2.010% 8.600%
3 198  44.80%f 0470% 0.890%
 Groups Mean Values
4 Value Count Percent] mean return | mean std.dev
1 145 32.81% 1.300% 4.340%
2 62  14.03% 2.030% £.690%
3 35 7.92%f 0450% 6.310%
4 200 45.25% 0.470% 0.900%
Groups Mean Values
5 Vale Gount Percent] mean return | mean stc.cev
1 140 31.67%| 1.280% 4.210%
2 66  14.93%) 2.010% 6.650%
3 18 4.07%| 0.810% 7.090%
4 20  4.52%|] 0.320% 5.680%
5 198 44,80%] 0470% 0.890%
Groups Mean Values
[ Valoe Count  Percent] mean return | mean sid.dev
1137 31.00%)  1270% 4.180%
2 65 14.71%{ 2.030% £.680%
3 10 2.26%f 1480% 6.220%
4 13 294%] 0.440% 7.200%
5 198 44.80%| 0.470% 0.890%
§ 19 4.30% 0.320% 5.620%
Groups Mean Values
7 Vame Gount Percent] mean retum | mean sid.dev
1 65 14.71% 1.260% 4.460%
2 45  10.18% 1.150% 3.420%
3 42 9.50%f 1.530% 5.200%
4 59 13.35%] 2.080% 6.790%
5 198 44.B80%] 0.470% 0.820%
5 19  4.30%] 0.320% 5.620%
7 14 3.47%)  0490% 7.120%
Groups Mean Values
8 Value Count Percentf mean return | mean std.cev
1 62 14.03% 1.320%) 4.860%|
2 34 769% 1,320% 4.020%)|
3 20  4.52% 1.480% 5.140%)
4 19 4.30% 0.320%| 5.620%
5 197 44.57% 0.470% 0.880%
6 52 11.78% 2.120% £.970%:
712 271% 0.390%)| 7.250%
8 46 1041% 1.210%)| 3.790%
) Groups Mean Values
9 ] vaiue Count_ Perceni} mean return | mean std.de:
1 54 1222% 4.310%| 4,660%)|
2 38  B.60%| 1.390%)| 4.260%
3 21 4.75%| 1.480% 5,590%
4 55 12.44% 2.910% 6.900%)|
5 198  44.80% 0.470% G.890%
6 10 226% 0.480%| 7.320%;
7 20 4.52%)| 0.320%; 5.680%
8 2 0.45%) 0.320%)| 6.8502«2
9 44  9.95%| 1.130%| 3.590%)
.. Groups Mean Values
10 Valuz Count Percent] mean return j mean sld.de:'
171 16.06%) 1.310%| 4.800%)|
2 68 1538% 1.210%) 3.660%
3 4 3.17% 1.800%)| 6.030%)|
4 47 10.83%)| 2.140%)| 7.020%
5 196 44.34% C.470%] 0.880%
6 9 2.04%)] 0.510%) 7.420%)|
7 13 2.94% 1.420% 5.560%
8 4 0.90% 0.300%) 6.690%
g 19 4.30% 0.320%) 5.620%)|
10 1 0.23%,| 2.510% 9,280%
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