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This paper is concerned with classifying longitudinal event data for a set of individuals.
However.rather than classitying individials. we are interested in identitying homogeneous periods
of actvity within such a longitudinal time series, and in classifying these periads of activity, Such
data cun arise in many circumstances. For example, u psychological classroom-based observational
swdy o children may  identify types of core behaviour (staring out of window, tapping foot,
listening intently) and the interest would be in which of these co-occur at the same time. In such a
swdy we would wish to build behavioural typologies, and identity sequences of behaviour and the
smount of time the child speads in each state.

In this study we are concerned instead with criminal behaviour for males measured through
atfhicial criminal histories. We use the Oftenders Index. which is a large official database of
cnminal convictions in England and Wales of all offenders since 1963, An anonymised subset of
this datascet is publicly available, and we analyse a fixed birth cohort of a one in thirteen sample of
all offenders born in 1953, The database contains information on criminal history of each of (he
HL.000 male offenders. including the dates of conviction. the offence code of the conviction and the
Bposal or sentence. We simplity the data, reducing the offence codes to 73 major offences. after
<mbining categortes and climinating offences with lesy than ten occurrences in the whole cohort
Frane et al, 2004y, The problem is then to identity which offences co-oceur a the same period
YPage i the criminal history of an offender. to identify the number and nature of these activity
SIUPSCand o examine transition from one activity group to another. For example, a simplified
B s history of 4 typical offender is shown helow:
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of Proceeding is to examine the offence prevalence vector at each age, and to
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will thus contribute to h prevalence vectors. The choice of 4 is crucial, and A can be_vi
smoothing parameter on the analysis. Increasing the value of A will decrease the abilite
model to detect changes over time, until, when & approaches the age range, we afe
individuals rather than periods within individuals. Too small a value of # will introduce
noise into the transitions of an offender from one class to another. The window can be Vi
uniform kernel density; other kemels can be used but make little sense in this context i
constructing prevalence vectors. We use latent class analysis, a model-based clustering p
(Hagenaars et al, 2002) as this procedure assigns windows to classes with estimated p

and changes in these probabilities over time will be of interest when assessing tr
offenders from one offending class to another.

Initial results are encouraging. Using a window size of h = 5 years, we identify 11 g
classes. For every age a, we can then identify the number of offenders classified into that
class, and graphing this as gives us a picture of changing activity over time. The graj
show the results for two of the classes. Class 7 is characterised by a very high probability. (0,
of breaking into shops and commercial property, with smaller probabilities for petty theft (0:1¢
burglary (0.08). Class 9 is characterised by a very high probability of fraud offences (0.9997)
petty theft (0.27) and receiving stolen goods (0.14) also contributing. The figures indicate
profiles of these two classes in the form of densities. Class 7 is predominately a young pe
activity, with high numbers of offenders between ages 12-20. Class 9, in contrast, is for oldet i
with peak activity not reached until age 28. Additional results will be presented at the meeting,
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RESUME ‘

Dans cette article ont été étudiées les histoires completes des transgressions commises par les:
membres d’une cohorte de dix mille contrevenants en Angleterre et dans le Pays de Galles et lc? :
probleme de classifier leurs périodes de contravention active a été adressé. Pour tout individu parmi
les contrevenants on peut prévoir une progression d’étapes A travers plusieurs types d’activités
criminelles au cours de leur carriére. Pour les contrevenants de chaque Age nous construisons une
fenétre d’observation temporelle ayant /4 années chacune de long et au centre de laguelle se place
I’dge de P'individu. L’activité criminelle qui se présente & I'intérieur d’une telle fenétre se résume
au moyen d’une rangée de variables binaires indicatrices, chacune liée & une des nombreuses types
de contravention. Une analyse par classes latentes de toute la rangée de fenétres nous fournit une
classification des types de délits qui ont lieu simultanément.
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