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Abstract. We analyze criminal careers through crime nature, frequency,
duration and severity. We propose a tool that yields a visual clustering of
these criminal careers, enabling the identification of classes of criminals.
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Introduction

The Dutch national police annually extracts information from digital narrative
reports stored throughout the individual departments. This data is compiled
into a large and reasonably clean database that contains all criminal records
from the last decade. This paper discusses a new tool that attempts to gain new
insights into the concept of criminal careers, the criminal activities that a single
individual exhibits, from this data.
The main contribution of this paper is in Section 4, where the criminal profiles
are established and a distance measure is introduced.
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Background

Background information on clustering techniques in the law enforcement arena
can be found in [1, 4]. Our research aims to apply multi-dimensional clustering to criminal careers (rather than crimes or linking perpetrators) in order
to constitute a visual representation of classes of these criminals. A theoretical
background to criminal careers and the important factors can be found in [2].
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Approach

We propose a criminal career analyzer, which is a multi-phase process visualized in Figure 1. Our tool normalizes all careers to “start” on the same point
in time and assigns a profile to each offender. After this step, we compare all
possible pairs of offenders on their profiles and profile severity. We then employ
a specifically designed distance measure that incorporates crime frequency and
the change over time, and finally cluster the result into a two-dimensional image
using the method described in [3].
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LAYING PLANS
1. Sun Tzu said: The art of war is of
vital importance to the State.
2. It is a matter of life and death, a
road either to safety or to ruin. Hence
it is a subject of inquiry which can on
no account be neglected.
3. The art of war, then, is governed by
five constant factors, to be taken into
account in one's deliberations, when
seeking to determine the conditions
obtaining in the field.
4. These are:(1) The Moral Law;
(2) Heaven;
(3) Earth;
(4) The Commander;
(5) Method and discipline.
5,6. The Moral Law causes the people to
be in complete accord with their ruler,
so that they will follow him regardless
of their lives, undismayed by any
danger.
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Fig. 1. Analysis of Criminal Careers
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Method of Career Comparison

We distinguish eight different types of crime (vandalism, . . . , sexual violence)
divided into three severity classes (minor, intermediate, severe). Each offender’s
profile x is described by a table containing the percentages Perc ix of crimes that
fall within each category i, summing to 1 (if at least one crime is committed).
We also assign a severity class k to each crime type. Each severity class gets its
own weighting factor Fact k (1,2,3, respectively). The total severity of crimes in
class k for person x (the sum of the appropriate Perc ix ’s) are then described as
Sev kx .
After compilation of all individual profiles, we employ the method described
in Formula 1 to create a profile difference matrix PD, where PD xy denotes the
profile difference between persons x and y:
PD xy =

8
X
i=1

|Perc ix − Perc iy | + |

3
X

k=1

Fact k · Sev kx −

3
X

Fact k · Sev ky |

(1)

k=1

This intermediate distance matrix describes the profile difference per year for
each possible pair of offenders. Its values all range between 0 and 4.
The crime frequency, or number of crimes, will be divided into categories (0, 1,
2–5, 5–10, >10 crimes per year) to make sure that the absolute difference shares

the range 0–4 with the calculated profile difference, instead of the unbounded
number of crimes per year offenders can commit. The frequency value difference
will be denoted by FVD xy .
Criminal careers of one-time offenders are obviously reasonably similar, although their single crimes may differ largely in category or severity class. However, when looking into the careers of career criminals there are only minor
differences to be observed in crime frequency and therefore the descriptive value
of profile becomes more important. Consequently, the dependence of the profile
difference on the crime frequency must become apparent in our distance measure. This ultimately results into a proposal for the crime difference per year
distance CPDYxy between persons x and y:
CDPYxy =

1
4

· PD xy · FVD xy + FVD xy
= FVD xy ·
8



1
PD xy
+
32
8



(2)

The factor 1/8 guarantees that 0 ≤ CDPYxy ≤ 1.
We have now calculated the career difference distance matrix containing
all career comparison information between individual offenders. The clustering
method that we incorporated in our tool was described by Broekens et al. [3]
and allows data analysts, using node-coloring, to correct small mistakes made
by naive clustering algorithms that result in local optima.
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Experimental Results

Figure 2 gives an impression of the output produced by our tool when analyzing
the beforementioned database.
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Fig. 2. Experimental results of tool usage

This image clearly shows what identification could easily be coupled to the
appearing clusters after examination of its members. It appears to be describing
reality very well. The large “cloud” in the left-middle of the image contains (most
of the) one-time offenders. This seems to relate to the database very well since
approximately 75% of the people it contains has only one felony or misdemeanour
on his or her record. The other apparent clusters also represent clear subsets of
offenders.
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Conclusion and Future Directions

The tool we described compiled a criminal profile out of the four important
factors describing a criminal career for each individual offender. We developed
a specific distance measure to combine profile difference with crime frequency
and the change of criminal behavior over time to create a visual two-dimensional
clustering overview of criminal careers that is ready to be used by police experts.
The enormous “cloud” of one-time offenders gave a somewhat unclear situational sketch of our distance space. This problem, however, can not be easily
addressed since a large part of the National Criminal Record Database simply
consists of this type of offenders. Its existence shows, however, that our approach
easily creates an identifiable cluster of this special type of criminal career, which
is promising. One possible solution to this problem would be to simply not take
these individuals into account when compiling our distance matrices.
The used method of clustering provided results that seem to represent reality
well, and are clearly usable by police analysts, especially when the above is taken
into account. The speed of the chosen approach, however was sub-optimal thus
far. In the future, an approach like Progressive Multi Dimensional Scaling [5]
could be more suited to the proposed task in a computative way, while maintaining the essence of career analysis. Future research will aim at solving both
above mentioned concerns.
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