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Preface

This volume contains revised versions of selected papers presented at the biennial
meeting of the Classification and Data Analysis Group (CLADAG) of the Italian
Statistical Society, which was held in Macerata, September 12-14, 2007. Carlo
Lauro chaired the Scientific Programme Committee and Francesco Palumbo chaired
the Local Organizing Committee.

The scientific programme scheduled 150 oral presentations and one poster ses-
sion. Sessions were organised in five plenary sessions, 10 invited paper specialised
sessions and 24 solicited paper sessions. Contributed papers and posters were
54 and 12, respectively.

Five eminent scholars, who have given important impact in the Classification
and Data Analysis fields, were invited as keynote speakers, they are H. Bozdogan,
S.R. Masera, G. McLachlan, A. Montanari, A. Rizzi.

Invited Paper Specialised Sessions focused on the following topics:

e Knowledge extraction from temporal data models

Statistical models with errors-in-covariates

Multivariate analysis for microarray data

Cluster analysis of complex data

Educational processes assessment by means of latent variables models
Classification of complex data

Multidimensional scaling

Statistical models for public policies

Classification models for enterprise risk management

Model-based clustering

It is worth noting that two of the ten specialised sessions were organised by the
French (Classification of complex data) and Japanese (Multidimensional scaling)
classification societies. The SPC is grateful to professors Okada (Japan) and Zighed
(France), who took charge of the Japanese and French specialised session organ-
isation, respectively. The SPC is grateful to the Italian statisticians who actively
cooperated in the organisation of the specialised and solicited sessions: they were
mainly responsible for the success of the conference.
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An Algorithm for Earthquakes Clustering
Based on Maximum Likelihood

Giada Adelfio, Marcello Chiodi, and Dario Luzio

Abstract In this paper we propose a clustering technique set up to separate and
find out the two main components of seismicity: the background seismicity and
the triggered one. We suppose that a seismic catalogue is the realization of a non
homogeneous space—time Poisson clustered process, with a different parametriza-
tion for the intensity function of the Poisson-type component and of the clustered
(triggered) component. The method here proposed assigns each earthquake to the
cluster of earthquakes, or to the set of independent events, according to the incre-
ment to the likelihood function, computed using the conditional intensity function
estimated by maximum likelihood methods and iteratively changing the assignment
of the events; after a change of partition, MLE of parameters are estimated again
and the process is iterated until there is no more improvement in the likelihood.

1 Introduction

> basic description of seismic events provides the distinction of earthquakes in fore-
shocks, aftershocks, mainshocks and isolated events. A cluster of earthquakes is
rmed by the main event of each sequence, its foreshocks and its aftershocks, that
ould occur before and after the mainshock, respectively. Isolated events are spon-
neous earthquakes that do not trigger a sequence of aftershocks and because of
haracteristic, space—time features of principal earthquakes (main and isolated
1ts) are close to those of a Poisson process that is stationary in time, since the
bability of occurrence of future events is constant in time irrespectively of the
ct vity, even if nonhomogeneous in space. Therefore, the seismogenic features
lling the kind of seismic release of background and clustered seismicity are
lar (Adelfio et al. 2006b), and to describe the seismicity of an area in space,
magnitude domains, sometimes it is useful to study separately the features
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Based on Maximum Likelihood

Giada Adelfio, Marcello Chiodi, and Dario Luzio

Abstract In this paper we propose a clustering technique set up to separate and
find out the two main components of seismicity: the background seismicity and
the triggered one. We suppose that a seismic catalogue is the realization of a non
homogeneous space-time Poisson clustered process, with a different parametriza-
tion for the intensity function of the Poisson-type component and of the clustered
(triggered) component. The method here proposed assigns each earthquake to the
cluster of earthquakes, or to the set of independent events, according to the incre-
ment to the likelihood function, computed using the conditional intensity function
estimated by maximum likelihood methods and iteratively changing the assignment
of the events; after a change of partition, MLE of parameters are estimated again
and the process is iterated until there is no more improvement in the likelihood.

1 Introduction

A basic description of seismic events provides the distinction of earthquakes in fore-
shocks, aftershocks, mainshocks and isolated events. A cluster of earthquakes is
formed by the main event of each sequence, its foreshocks and its aftershocks, that
could occur before and after the mainshock, respectively. Isolated events are spon-
taneous earthquakes that do not trigger a sequence of aftershocks and because of
this characteristic, space—time features of principal earthquakes (main and isolated
events) are close to those of a Poisson process that is stationary in time, since the
probability of occurrence of future events is constant in time irrespectively of the
past activity, even if nonhomogeneous in space. Therefore, the seismogenic features
controlling the kind of seismic release of background and clustered seismicity are
=.oﬁ similar (Adelfio et al. 2006b), and to describe the seismicity of an area in space,
time and magnitude domains, sometimes it is useful to study separately the features

. Adelfio (X))
€partment o.m Statistical and Mathematical Sciences, University of Palermo,
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2 G. Adelfio et al.

of independent events and triggered ones. Indeed, to estimate parameters of phe-
nomenological laws useful for the description of seismicity, a reasonable definition
of “earthquake cluster” is required; furthermore the prediction of the occurrence
of large earthquakes (related to the assessment of seismic risk in space and time)
is complicated by the presence of clusters of aftershocks, that are superimposed to
the background seismicity, according to some (unknown) mixing parameter, and
shade its principal characteristics. For these purposes the preliminary subdivision
of a seismic catalog in background seismicity Qn?.mmnima by isolated events, that
do not trigger any further event, and the mainshock of each seismic sequence) and
clustered events, is sometimes required. At this regard, a seismic sequences detec-
tion technique is presented; it is based on MLE of parameters that identify the
conditional intensity function of a model describing seismic activity as a clustering-
process, which represents a slight modification of the ETAS model (Epidemic Type
Aftershocks-Sequences model; Ogata, 1988, Ogata et al., 2004). Diagnostics for
these models is discussed in Adelfio and Chiodi (2008).

In Sect. 2 conditional intensity function of point processes is introduced, focusing
on the description of ETAS model and related models. In Sect. 3 the features of
the proposed method are defined. Finally in Sect.4 an example of application 18
proposed and some conclusive remarks for future works are reported.

2 Conditional Intensity Function of the Clustering Procedure

A seismic catalogue, assumed as realization of a space—time point process, con-
tains information about seismic events occurred in a region, in a given time interval.
In particular, given a seismic catalogue of 7 events, the i-th row of the catalogue
gives quantitative information about the estimated latitude, longitude and depth
(Xis Yi>Zi)s the time of occurrence (t;) and the magnitude (m;) of the seismic event
Ui, i=1,... ,n). In this paper the depth z will not be considered, since the high
level of its measurement error.

To describe the features of the seismic activity of a space—time area the definition
of a conditional intensity function is required. The conditional intensity function of
a space—time point process can be defined as

EIN([t,t +d1) x [x,x + dx)|Ho))

MxH) = lim =i ()

dt,dx—0 NA&&&A&MO

where £(x) is the Lebesgue measure of x; H; is the space-time occurrence history
of the process up to time ¢, i.e. the o-algebra of events occurring at times up to but
not including ¢; dt, dx are time and space increments respectively, and E[N([t.t t
) x [X,X + dx)|H;)] is the history-dependent expected value of occurrence in the

volume {[t.t + dt) x [x,x + dx)}. The conditional intensity function completely
L iiaace Malev and Vere-Jones woowv.
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the spatial location i
s (1) supplies a nonh i
P2 . . . omogeneous Poisson pr ;
conditional intensity provides a homogeneous Poisson process) process; & comstant

F g .
or a space—time point process, the log likelihood function is defined by

ﬁom N\ _ ﬁo »- ) . . B max
MU gA(Xi, yi.ti) 7o \@ \HAR..«\,D&X dy dt, (2)

i=1

where (x;, yi, ti i
(xi, yi, t;) are the space—time coordinates of the i —th event (i = 1,2

(To — Tmax) is the observed period of time and €2y, is the space region e

2.1 The ETAS Model

The conditional intensi i
sity function used in o i
R exci . in ur procedure is a variation of
o« cS:oEM oxo_::.m point process describing earthquakes catalogs as a Rm:mu_ﬁ,vm
) : . za
ora b Eooam_q ww_ama._o-aﬁo point process. The conditional intensity *.::oao“ﬁ%
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In (3), f(-,-) is the spatial distribution, conditioned to magnitude of the gener-
of its formulations are proposed in Ogata (1998), where the

ating event; a number
sis related to the mainshock magnitude.

occurrence rate of aftershock

2.2 Intensity Function for a Particular Clustered
Inhomogeneous Poisson Process

e, we assume that the seismic catalog is the Bw:Nmaosgmn_Cm-
s Poisson process, assuming that the events of the background
ace—time Poisson process (spatially inhomogeneous) and
mber k of mainshocks that can generate aftershocks
pace and times, as a function of the magnitude
S model we do not assume that each event
procedure we consider the following

In our procedur
tered inhomogeneou
seismicity come from a sp
that among these there is a nu
sequences, inhomogeneous bothin s
of the main event. Differently from ETA

can generate an offspring. Therefore, in our

intensity function:

k expla(m; — mo)]
»f.ﬁe“» , ~A o e, 3
AQV;;:IOM%:}TN_\I\E 5)

j=1
(t; < 1)

and m j are time of the first event and magni-
(x, y) is the space intensity of the cluster j
are the weights of the clustered seis-
ground seismicity is assumed

where 8 = (A, Ko, ¢j, pj-@)-In ©
tude of the mainshock of the cluster j, g
and p(x, y) is the background one; Ko and A;
micity and of the background one, respectively. Back
stationary in time, while time aftershock activity is represented by the modified
Omori formula (Utsu 1961), with parameters ¢ and p;, relating the occurrence rate
of aftershocks to the mainshock magnitude 71, , with o measuring the influence on
the relative weight of each sequence, mg the completeness threshold of magnitude,
ie. the lower bound for which earthquakes with higher values of magnitude are

surely recorded in the catalog.

In our approach space intensit
each cluster gj(x. ), j = Lo+
is computed either using only the in
points belonging to the cluster, includi

The used bivariate kernel estimator is

y, both of background seismicity p(x,y) and of
_k, is estimated by a bivariate kernel estimator: it
dependent events (isolated and mainshocks) of

ng the mainshock, respectively.

1 " HI\XN. %\5 A@v

-

.xA.«,EHamn_ :xqf

)

riate kernel function and h= (hx,hy) 18 the V

where K(-,-) is a generic biva
. sl emanthine constant is €Va

(v %
——.—l i
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hspr = —1/5 i .

smmw: oww.MMMw“ the ,mMM_H A=min{standard deviation, range-interquartils/1.343
square error and provid m_H.S I _u.mrmig in terms of mean ESWSEL
sation of (5) a:%w:w:ﬁ M.w Mm id results ona &:am range of distributions. In the eval-
for different w&m:E tio nds of parametsizaion are considered to take into account
of the k clusters omﬂ c% w o: Em%@_ma_n:% A.um an area, (e.g. Omori’s law parameters
be compared at the end ssumed equal or distinct in each cluster). The choices can

e end of the procedure on the basis of the final likelihood values

3 The Proposed Clustering Method

In our clustering procedure w me th 0 d

. re we assume that a catalog of

g o : g of n events may be partition

o w+5ﬁ ?%mw relative to the background seismicity and k relative to n_:mRW
ording to ion Py 1. Then, on the basis of thi iti Vv ;
) s B : + acl, is partition, three t

e p . , three types of e
dentified: n¢ isolated points, k mainshocks and #n; points belonging Smﬁzrﬁw

(=]

j-th cluster (j =1,2,...,k), wh £
,2,...,k), where ) _yn; =n. Th i i
bt = 2j=0"; . The goal of this method is
ﬁ.mmcoom o ,wwmﬂﬂ:_o:,ogo events, according to likelihood function maximization sﬁ:%
" e ctor of parameters 6 of the intensity function and the partition ﬂw
an iter i i iti ]
éﬂwos Smwﬁ.zw Eoooafm. .w:nmv\, given partition Pk, we compute the mm:SmM+_m>
yhich ma _%U_wa the EG:.:.OOQ function (2) and, on the basis of the estimated <mw:
:mé R Amﬁ:mméw:_nq wmz_:o% moving single points from their current position to M
cluster or the set of main events) i
: . such tha i i
_:omgmom, until a convergence criterion is achieved e ikelinood function
n our ikeli i .
mmmcawmowmmzwmnr :mn likelihood is not complete, but it is conditioned on th
at a subset of primary events is k i 5
i < nown following a version o
:m%: QM _mm_nﬁ Bo%_ Am.mo Ommﬂr 2001). The complete :_Ao::ooaqmm simulated m_ S.m
g the cluster identification and the maximization st i ﬁﬁm_-
e eps, as in E-M algorithm

3.1 Finding a Candidate Cluster and Likelihood Changes

>H ONOT —HQ—.QQC_— Jod \% w 7 %% t10 —m.— mnten-
; S, U— en A v ﬁ_J@ O—Cmﬁﬂﬂ T i i
? ) N ; h _OT maximizes H—g@ OODQH i 1
v~ ; S m..CCEQ M\OH. @D.OU unit Q\T A\N = ﬂ, . =v O:TWH. an ~ O— t ﬁ—
sit ﬁ—\—:ozo: 1 . 4 ) i ceey solate or a
Hu 3 Humﬁ x:\zm.ﬂ@_% —Hrﬂm 1S O_UHN—DQQ C —dmu—.wzm H—n—@ \A OOH:H:UC&OH— t
O—CwHWMWQ oint; a 0 0 S o

the sum:
k

M &j (xn, yn)

j=1
(to; < ta)

exp [a(mj —mo)]
(th — to; + c)?

and assignin
gning temporally each unit Uy, to the cluster r that maximizes

Tleo < « N_ ¢ cexp [a(m, —my)]
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If the partition changes (from ﬁmy to ﬁmmv because of a movement of a single
(s) V

hange in the log-likelihood function log L(0:x.Y.t, Prt1
Schematically, kinds of change of partition are due to three different types of move-
ment of units: unit Up moves from background seismicity to cluster r (refereed as
type A), unit Uy, moves from cluster 7 to the set of background seismicity (type B)
and unit U, moves from cluster r to cluster g (type Q).

We compute the variation in the log-likelihood function for each kind of move-
ment (A, B and C) and for each possible change on the current partition induced by

h=1,2,...,n, assuming that @6 does not change in

unit, we examine the ¢

the movement of a unit Uy,
each iteration.

3.2 The Algorithm of Clustering

The technique of clustering that we propose leads to an intensive computational pro-

cedure, implemented by software R (R Development Core Team 2007). The main

steps can be summarized as follows:

1. Tteration s = 1. The algorithm starts from a partition ﬁm.w_ found by a window-
lustering hierar-

based method (similar to a single-linkage Eoga:awv or other ¢
chical methods. Briefly, the starting method puts events in a cluster if in it there
is at least an event inside a window of 85 units of space and §; units of time.

85,8, are given as input.
9. Clusters with a minimum fixed number

k of clusters is determined.

3. Partition ﬁmﬂw_ is then completed with the set o:mo_mﬁmawow:a, oo:maz:mag

the ng points not belonging to clusters.
4. Estimation of the space seismicity (6) both for background and k clusters.
5. Maximum Likelihood Estimation of parameters: in (5) it is possible to assume

either common Omori law parameters ¢ and p over all cluster or varying ¢; and

pj in each cluster (this could depend on the available catalog): as default, we
An iterative simplex method is used

consider the second type parametrization.
a is the value of the MLE.

for the maximization of the likelihood (2). 0

6. Finding a better partition ﬁmﬂw - for each unit Uy, either an isolated ora clustered
point, the best candidate cluster rp, is found, according to the rule in (7).

7. Different kinds of movements are tried (type A, B or C, as in Sect. 3.1).

8. Points are assigned to the best set of events (best in the sense of likelihood).

9. Points are moved from clusters to background
increases the current value of the likelihood (2).

of elements are found out: the number

10. If no point is moved the algori
and the algorithm come back to step 2.

(and viceversa) if their movement

thm stops, otherwise ﬁmwvl is updated, s = +1

g for mN:TG_CLWOw O_Ewﬂwz:m Based on Maximum Likelihood
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In the last steps (6-9 ikeli i
o o _uc .A ), the likelihood (2), is computed using the current value
: e basis of the final partition and the final values of the estimates, th
, the

vector of estimated intensities for each point is computed

4 Application to a Real Catalog and Final Remarks

The proposed method could b i
e the basis to carry out an a i
. : . nalysis of i
MMMHM mMMmBomoEn processes relative to each sequence and :w\ Emo_umwﬂ_ﬂo MMH_: ﬂ_oxﬁ\
" Em%mo:mwwww%w\whmm. cmMs mmw:oa to a catalog of 4,295 seismic m<nma omo:mmﬁ
. nian Sea from February 2000
e > . : y to December 2005, idi
M oww_a _WMWMMMMNJ .ﬁ”w me nwmoam:ﬁ components of seismicity and nEmHmeq MMN_MWMM
g ility. In Figs. 1 and 2 the found cl
) J . : usters and some of thei -
ﬁwmownwmmwwoéw.w‘;m algorithm identified eight clusters, with a total o%coﬁwma_“ mmm.
R M_mﬁ 331 mmm_:w were mmmmmsoa to the background seismicity and Emwmm,
ersare@ = 0.2061, 1, = 0.000016and K -
. , i o = 0.000389.
dependence of estimated parameters on the magnitude values has coow AHM%_@MN_E
ved.
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Comparing the current version of the clustering proposed method to its first ver-
sion (Adelfio et al. 2006a) some extensions have been introduced. In this improved
version the moving of points from their current position to a better set (in sense

of likelihood) does not require the definition of fixed thresholds and, as described

in Sect. 2.2, different kinds of @mntmﬁNmao: are introduced allowing to take into

account for different assumptions about the seismicity of an area (e.g. Omori law

). On the other hand, the optimization steps can be improved in the future,

parameters
for instance, minimizing the computational burden of the algorithm, reducing the

dependence of the convergence of the iterative algorithm on some initial choices.
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A Two-Step Iterative Procedure
for Clustering of Binary Sequences

Francesco Palumbo and A. Iodice D’Enza

Abstract Association Rules (AR) are a well known data mini
ules (4 inin imi

MM”MMHWMMHMH:MM WMOQ%.O: in data bases. The major aaécmw_nﬁw% _ww_wﬁﬂomamw
A MMM_:% is the huge ::E,UQ of rules produced when dealing
with different approaches. ? %Wo%ﬂ:ﬂ@ﬂ%m_ﬁ“:mwro :MQ.EEW e
\ liffere , neral aim
M<Mowmmmwmwmwwﬁmm. of ﬂmwoowmnoz in _.mamm binary data. &,\M:MWMMMMW MMOWMWM
ol N :Hw.w cmﬁ.m::m and a_Bo.zmmo:m:S\ reduction techniques: each
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