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Abstract

This paper describes the development and
validation of a dynamic multi-agent model to simulate
social learning of adolescence-limited criminal
behaviour. The parameters of the agent model have
been calibrated using real-world data that has been
collected in a large study. In addition, a measure for
correctness has been developed. The validation shows
that the developed model predicts delinquency
substantially better than a baseline model that only
uses the delinquency of an agent in the previous year.

1. Introduction

The area of Criminology is a multidisciplinary field,
which has as main objective to analyse criminal
behaviour; e.g., [10]. As such, its main research goals
are to predict in which circumstances which types of
criminal behaviour occur. Since a substantial amount of
crimes is performed by juveniles, an important
challenge within Criminology is the analysis of the
emergence of criminal behaviour during adolescence.

To address this challenge, several theories have been
proposed within the criminological literature, that all
depend on social learning: the idea that adolescents
easily copy the behaviour of their peers. According to
this view, the social network of an adolescent can be
seen as a multi-agent system in which various
interactions take place over time. One of the influential
social learning theories is the Differential Association
Theory by [18] which was later expanded by [5]. This
(informal) theory states that behaviour is learned in
interaction with others. We learn most from the people
we are in close contact with, like parents and peers. A
second important theory states that there are two
distinct categories of antisocial behaviour and
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offending, namely life-course persistent and
adolescence-limited [15]. Life-course-persistent anti-
social behaviour is caused by neuropsychological
problems during childhood that interact cumulatively
with  the criminogenic  environments  across
development, which leads to a pathological personality.
Adolescence-limited antisocial behaviour is caused by
the gap between biological maturity and social
maturity. It is learned from antisocial models that are
easily mimicked, and it is sustained according to the
reinforcement principles of learning theory. In this
paper we focus on the second group, the adolescence-
limited offenders, since their behaviour emerges from
interaction with others.

When we take a closer look at the problem of the
adolescence-limited offenders, several questions may
be asked, among which:

® how does the delinquency level of adolescents relate
to their personality traits?

® how do the delinquency levels of adolescents and
their peers relate?

® how does the level of delinquency change over time?

To answer such questions, this paper proposes to
make use of Agent Based Social Simulation (ABSS)
techniques [7]. Since ABSS combines the advantages
of the agent paradigm (e.g., personal characteristics of
the individual agents) with those of social simulation
(e.g., the possibility to perform scalable social
“experiments” without much effort), it turns out to be
particularly appropriate to analyse phenomena within
the criminological domain [17]. Indeed, in recent years,
a number of papers have successfully tackled
criminological questions using ABSS, e.g., [4, 13, 14].

The current paper presents a multi-agent model that
can be used to simulate the development of youth
delinquency in a classroom, based on individual
personality traits on the one hand, and the social
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network on the other hand. To calibrate the parameters
of the model, data from an existing empirical study
[21] have been used. In that study, the social networks
of 1730 non-delinquent, minor delinquent and serious
delinquent pupils at lower level secondary schools in
the Netherlands were analysed. In addition, another
dataset from that study (addressing a different set of
schools than used for the calibration) has been used to
validate the model. In future work, this model could be
used to perform “what-if simulations” that can be
helpful for policy makers, e.g., to investigate what is
the best way to divide pupils over classes.

In Section 2 the empirical study on which our model
is based is briefly summarised. Thereafter, in Section 3
we will introduce the overall approach that is used to
develop and evaluate the model. Details of the
simulation model are presented in Section 4, and in
Section 5 validation of the model is discussed. In
Section 6 related work is presented. Finally, Section 7
concludes the paper with a discussion and some ideas
for future work.

2. Data Collection

The data used in this research come from the NSCR
‘School Project’ [21], a Netherlands based longitudinal
study that focuses on peer network formation, personal
development, and school interventions in the
development of problem behaviour and delinquency.
The sampling procedure was guided by two aims: one,
to obtain a relatively ‘high-risk’ sample with a
substantial proportion of delinquent young people, and
two, to achieve enough variation in school contexts and
student populations to be able to better generalise
results. In order to achieve the first aim, schools and
students in the lower educational strata of a major
Dutch city with inner-city problems were over-
represented. To achieve the second aim, students were
also recruited from schools in smaller cities and towns
in the vicinity. Although the sample is not a random
sample, it can be considered representative of Dutch
youths attending this school type (lower vocational) in
the South West region of the Netherlands. In the whole
country, 60% of young people attend this type of
school.

For the current research, we used a cohort of students
that started high school during the school year
2001/2002. The first year of secondary education in the
Netherlands is comparable with 7" grade in the United
States (most students are 12 or 13 years old). These
students were surveyed during three consecutive years:
2002, 2003 and 2004.
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Respondents’ delinquent behaviour was measured
using self-reports of a variety of offences. The self
report method is a standard procedure in the field of
Criminology, and it results in fairly reliable estimates
of delinquency levels of young people, when it is
conducted in a proper way and in an anonymous
setting. Respondents were asked if they had ever
committed an offence and, if so, how often during the
reference period. The reference period covered the
interval between the last summer holiday prior to the
beginning of the school year and the time when the
survey was administered (spring). The measures of
self-reported delinquency used in this study come from
12 questions, among which: in the last year, how many
times did you: “paint graffiti”, “vandalise property”, or
“steal small things from shops worth less than 5 Euros”
The total delinquency measure indicates how many
types of these 12 delinquent behaviours were reported
by the person.

The composition of student networks was studied
using questions inspired by research carried out
previously in this area. Respondents were provided
with a numbered list of all students in their school year
(so first-year students had the names from all fellow
students in their own class as well as from all in the
other first-year classes in their school). Then they were
asked with whom they spent a lot of time (their school
contacts — up to 10 fellow students could be identified,
two of which could be labelled as “best friends”). In
the analyses, friends’ numbers were linked to the
respondent’s own number, enabling the networks of
friends to be mapped and analyzed.

Apart from the central measures of delinquency and
peer network composition, the study also used a
substantial number of other measures on risk factors
that are central in criminological theories and have
been found to correlate with delinquency in the past.
These risk factors are: low supervision by parents, low
support by parents, low bond with school, low law
conformity, high impulsivity, high adventure and risk-
orientedness, high temper, much material needs, many
time spent with friends, high deviance reinforcement by
peers, being a member of troublesome youth groups.
The relative position of students with regard to these
risk factors were also obtained through the
questionnaire: each risk factor is represented by a
number of question items that were combined to scales
(see [20] and [21] for more information).

3. Approach

As the goal of this research is a model that can be
used to realistically simulate the development of



juvenile delinquency in a multi-agent setting, we
followed structured methodology to develop this
model. As a first step, we built an initial dynamic
model for the development of delinquency through
social learning in a class room, based on an analysis of
the literature. A comprehensive description of this step
is provided in [2]. The model describes the influences
of several personal characteristics, as well as the
influences of other peers.

See Figure 1 for an overview: the box to the right
depicts ‘agent 1’ (which represents a particular pupil).
The delinquency of this agent is influenced by its
previous delinquency (hence the circular arrow), its
individual personality traits shown to the right (i.e.,
impulsivity, risk-orientedness, and so on, see previous
section), and the external factors depicted to the left
(i.e., the school, the parents, and a couple of peers,
which are represented by a similar model as agent 1).
Although the agents in the model are not very
complicated, the multi-agent approach is an essential
element for the simulations. The behaviour of each
agent is influenced both by individual characteristics
and by the relationship with up to 12 other agents in
their network (which differs per agent).
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Figure 1. Overview of the simulation
architecture.

The original model (from [2]) has the form of a set of
differential equations. It has been shown that this
model can be used to simulate delinquency
development of a small set of agents in a classroom.
The simulations exhibited several patterns that would
be expected based on the criminological literature [2].
However, these initial simulations were not yet
evaluated with empirical data, which is the main focus
of the current paper.

Second, the dataset that is described in Section 2 has
been split up in a training set and test set. Each set
contains the data of around 250 pupils. When making
this split, we guaranteed that there was no overlap
between the schools used in the training set and those
used in the test set. This way, we avoided that
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friendship relations exist across the boundary (i.e. that
some pupils in the training set have friendship relations
with pupils in the test set). Moreover, this approach
makes it possible to detect whether the model has over-
fitted to specific schools (which is not possible if the
pupils used for the test set and the training set come
from the same school).

Third, an evaluation measure has been developed
that can be used to quantify the correctness of models
and to discriminate between the accurate and less
accurate models. This measure accommodates the
intuitive ideas about a correct prediction in one
number. The precise description of this measure is
given in Section 4.1.

In a next step, we tried to calibrate the model with
the data in the training set. This has been done by
taking the model from [2] (extended with some
additional factors reported in [21]) as a basis, and
systematically adjusting it and comparing the
agreement of the simulation results with the actual
measurements in the training set. The adjustment
consisted of both ignoring factors in the model (i.e.
leaving out variables in the formulae) and calibrating
parameters (i.e. changing the value of weighting
variables). The idea behind this was to take a ‘principle
of parsimony’ approach: although the original model
was composed of factors that (according to the
criminological literature) play a role in juvenile
delinquency, this does not necessarily mean that the
best model contains all of these factors. The aim of this
phase was to achieve a list of models that resulted in a
high correctness score.

Finally, the second data set was used to validate the
different variations of the model that seemed promising
during the calibration phase. In this phase, we did not
change the model or parameters, but just calculated the
accuracy according the developed measure for all
formulae that resulted in a high score in the first phase.
This method gives an unbiased validation of the
accuracy, as the validation is performed on a different
data set than the tuning.

4. Models for Simulating

Before development of a simulation model itself, a
measure for evaluation has been established. This is
described in the next section. The subsequent sections
discuss the actual models and the calibration phase.

4.1. Evaluating Measure

The development of an evaluation measure is an
important step, since it has a large impact on which



models are considered accurate, and which are not.
Intuitively, a simulation model for juvenile delinquency
can be considered accurate when for a given set of
pupils (and their personal characteristics) it predicts
correctly when which pupil will show delinquent
behaviour. To develop an evaluation measure, each
pupil is assigned a delinquency score based on their
answers to the questions related to their delinquent
behaviour. However, for practical reasons, the 12-point
scale used in the empirical study is converted to a
binary scale: all pupils that have a delinquency score of
>1 are assigned the value 1 (i.e., delinquent), and all
other pupils are assigned the value O (not delinquent).
The main motivation for this is that the distribution of
the empirical data is not uniform: by far, most of the
pupils have a delinquency score of <1 on the original
scale, whereas only a few of them have a score of >1.
For the simulated pupils (the agents) the same
conversion will be made.

Next, the issue of time should be solved: for which
moments will the simulated data be compared with the
empirical data? For this, we simply used the time
points for which the empirical data was available, i.e.,
after 1 year and after 2 years. Thus, the problem of
defining a measure of evaluation has been reduced to
matching the 0’s and 1’s of the pupils in the empirical
data to the 0’s and 1’s of the corresponding agents in
the simulation, both for the time point after 1 year and
after 2 years. A good solution to this problem would
provide points for hits (i.e., cases where both the data
and the simulation result in 1) and correct rejections
(i.e., data=0 and simulation=0), but may provide
penalty points for misses (data=1 and simulation=0)
and false alarms (data=0 and simulation=1). To select
such a measure, it is worthwhile to consider the
following standard measures from signal detection
theory [11]:

Hit Rate = Hits / (Hits + Misses)
False Alarm (FA) Rate = FA / (FA + Correct Rejections)
Accuracy Rate = (Hits + Correct Rejections) /

(Hits + Misses + FA + Correct Rejections)

For the current purpose, all four elements used in
these measures are relevant: the model should
maximise the amount of hits and correct rejections, and
minimise the amount of misses and false alarms.
Therefore, it makes sense to select the Accuracy Rate
as evaluation measure. However, another problem is
that in the empirical data, the amount of pupils that
show delinquent behaviour is much smaller than the
amount of pupils that do not show delinquent
behaviour (ratio of about 1:3). Given this information,
the extremely simple strategy to always predict non-
delinquency would already result in a relatively high
Accuracy Rate. To illustrate this, imagine a classroom
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of 100 pupils, of which 25 show delinquent behaviour
and 75 do not. In that case, the above strategy would
provide O hits, 75 correct rejections, 25 misses, and 0
false alarms, thus an Accuracy Rate of 75/100 = 0.75.
This is not very desirable, since all crucial cases (the
delinquent pupils) are missed here. To compensate for
this, the following alternative Accuracy Rate has been
defined:
Accuracy Rate 2 = (w*Hits + Correct Rejections) /

(w*Hits + w*Misses +

False Alarms + Correct Rejections)

Here, w is a weight factor, representing the
importance of finding hits. For the current research, it
makes sense to choose w=3, since in the data the ratio
of delinquents vs. non-delinquents is more or less 1:3.
Given this new formula and weight factor, the
Accuracy Rate of the simple strategy defined above
would become 75/150 = 0.5, which is more reasonable.
For this reason, both during the calibration and the
validation phase (explained below), this alternative
Accuracy Rate has been used.

4.2. Development of the Simulation Model

In the simulation experiments, the delinquency of a
large number of agents is calculated according to a set
of formulae that determine how the delinquency of an
individual agent is influenced by its own delinquency
in the previous year, its personal characteristics, its
peers and the delinquency of its peers. Eventually, this
can be used to simulate the development of the
delinquency of a large number of agents over several
years.

To perform these simulations, we used standard
numerical simulation software. The multi-agent system
was modelled as a multi-dimensional array, where each
array represented a different agent. The different
dimensions represented characteristics of the agents
over time. For example, these dimensions specified the
individual characteristics (like impulsivity and risk-
orientedness) and the relations to peers. To calculate
the new delinquency of each agent, the following
algorithm was used (in pseudo code):

For each agent:

1. determine current delinquency

determine individual characteristics
compose the social network (friends)
calculate average deling. of social network
calculate new delinquency, using
information from step 1, 2, and 4

(61BN OV I V)

For the calculation of the new delinquency of the
individual agents (step 5), various variants of the model
have been tried. The initial model that was used takes
all risk factors mentioned in Section 2 into account for
which was determined that they were statistically



significant (all except “many time spent with friends”
and “being a member of a troublesome youth group”).
The data set contained scores for all these factors, but
the maximum score for the distinct factors differed.
Therefore, the scores first had to be scaled into the
same dimension, i.e., between 0 and 1. As weighting
factors, the delinquency odds ratio’s for the individual
risk factors were used. An odds ratio is defined as the
ratio between the odds of an event occurring in one
group and the odds of it occurring in another group. In
this particular case, they provide information about the
chance on delinquent behaviour when a certain risk
factor (e.g., impulsiveness) is present [21]. The main
formula in the initial model (i.e., the formula to
calculate delinquency in the next year, step 5) consisted
of a weighted sum of all risk factors (except the
“deviance reinforcement by peers”) and the average
delinquency of friends in the previous year multiplied
by the “deviance reinforcement by peers”. The idea
behind the specific treatment of the “deviance
reinforcement” factor is that this factor will leverage
the influence of peers.

The main formula of the
following:

initial model is the

delinquency(y) = ( w-delinquency(y-1) +
0ddSparent supenision * Parent_supervision(y)
+ 0ddSparent support* Parent_support(y)
+ 0ddSpond_school  bONA_school(y)
+ 0ddSiaw_confirmiy * law_confirmity(y)
+ 0ddSimpuisivity - impulsivity(y)
+ 0ddSrisk_orientedness * FiSk_orientedness(y)
+ 0ddSiemper - temper(y)
+ 0ddSmaterial needs * Material_needs(y)
+ 0ddSgeviance_reinforcement - deviance_reinforment(y)
* average_delinquency_friends(y-1) ) / W + Xodas
This formula formed the basis for the calibrations in

the next phase.
4.3. Calibration of the Model

To fine-tune the model, we followed a systematic
approach in which we identified the contribution of all
elements of the initial model to the overall correctness
of the simulation results, by leaving out specific risk
factors and / or changing the weighting or combination
mechanism. In order to do so, we simulated the
behaviour of delinquency for the pupils in the training
set (which involved 194 pupils) and compared this to
the actual data, using the evaluation measure as
described in Section 4.1. This resulted in a correctness
score for each variation of the model.
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However, there is one additional concern. The
simulation yields a real value for the delinquency,
while the abstracted actual data is a binary value (0 or
1). To compare them, a specific threshold for the
simulated delinquency has to be used above which an
agent is considered to be delinquent. This threshold has
a different optimal value for each variation of the
model. Therefore, the correctness of a specific variant
of the model is actually the highest accuracy for all
values of the threshold. Thus, if the accuracy of a
model variation is reported, the threshold at which this
accuracy is reached has to be mentioned as well.

To be able to compare the quality of the predictions
of the model with a baseline, we included four baseline
predictions (variant 1-4). These predictions simply say,
respectively, that all agents will become delinquent (i.e.
regardless of all data, it will always output “1”), that no
agent will become delinquent (always “0”), or predict a
random distribution of delinquents and non-
delinquents, either in the ratio 1:1, or in the same
proportion as the empirical data(1:3). Next, different
variants of the model were tried (variant 5-11), starting
with the initial formula from Section 4.2. During the
calibration, it turned out that many risk factors did not
have a positive influence on the accuracy of the model.
Leaving them out resulted in a higher accuracy rate
than including them in the model. In addition, it
appeared that the delinquency in the previous year is a
very good predictor for the delinquency in the next
year. In many variations of the model, we therefore
used a disjunction of the delinquency in the last year
and a combination of risk factors. Table 1 lists the most
promising models, their accuracy according to the
developed evaluation measure and the thresholds and
weights at which this value was achieved.

Model variant 10 yielded the highest accuracy
scores. This model uses, in addition to the delinquency
in the previous year, the impulsivity and the product of
the deviance reinforcement and the delinquency of the
best friends. Conversations with criminological experts
pointed out that these factors are well in line with the
main theories in criminology. For the selected data of
194 pupils, model variant 10 resulted for the simulation
of the first year in 46 hits, 44 false alarms, 11 misses,
and 93 correct rejections, and for the second year in 46
hits, 43 false alarms, 8 misses, and 97 correct
rejections. All other variations resulted in lower
accuracy scores.

In addition to the above described evaluation
measure, we also assessed the quality of the model
using an ROC curve analysis [9]. An ROC (Relative



Table 1. Variants of the model and accuracy values.

Model Main formula Optimal Weights Accuracy Accuracy Average
variant threshold yl > y2 y2-y3 accuracy
1 always 0 44.48 46.36 45.42
2 always 1 55.52 53.64 54.58
3 random 0 and 1 (with ratio 1:1) 51.95 48.68 50.31
4 random 0 and 1 (with ratio 3:1) 51.95 44.37 48.16
5 initial formula (see Section 4.2) 0.59 62.99 69.21 66.10
6 delinquency(y-1) 67.21 73.84 70.52
7 delinquency (y-1) OR delinquency_friends(y-1) 0.14 65.58 76.49 71.04
8 delinquency (y-1) OR delinquency_friends (y-1) OR 0.34 14,12 70.45 74.83 72.64
risk_orientedness(y) > w1 OR temper(y) > w2
9 delinquency (y-1) OR ( odd * risk_orientedness(y) + 0.55 72.08 75.17 73.62
odd * deviance_reinforment(y) *
delinquency_friends(y-1)) / >oqds
10 delinquency (y-1) OR ( odd * impulsivity(y) + odd * 0.31 75.00 77.81 76.41
deviance_reinforment(y) * delinquency_best_friends(y-
1)) /Zodds
11 delinquency (y-1) OR ( odd * impulsivity(y) + odd * 0.31 0.35 75.32 77.15 76.24
deviance_reinforment (y) * (w * delinquency__ friends
(y-1)) + (1-w) delinquency best friends (y-1) ) / >odds

Operating Characteristic) curve is a graphical plot of
the fraction of true versus the fraction of false positives
for a binary classifier system as its discrimination
threshold is varied. The threshold in our model is the
value of the calculated delinquency above which a
pupil is classified as delinquent.

Figure 2 shows the graph of the ROC curve for the
best model variant, number 10. We also calculated the
area under the ROC curve (AUC), a scalar measure for
the quality of the predictions. For model variant 10, the
AUC is 0.79. An AUC-value larger then 0.70 is called
‘acceptable’, larger then 0.80 ‘excellent’ and larger
then 0.90 ‘outstanding’ [12].

ROC curve
—=— random
1
09 |
0.7 -/
0.6 1'/
g 0,5 /
0.4
0.3
0,2
0.1
o
o o1 02 03 04 05 06 07 08 09 1
1-specificity

Figure 2. ROC curve for model 10 and a
random prediction.

5. Validation

In order to validate the models presented in the
previous section, a second dataset was used. Like the
dataset used for calibration of the model, this second
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dataset was also taken from [21]. Thus, for each pupil
the same types of information (i.e., delinquency
measures, peer networks, and individual risk factors)
were available; only a different pool of pupils was
taken. However, as mentioned earlier, we guaranteed
that there was no overlap between the schools used in
both datasets. This second dataset involved 299 pupils.

As mentioned earlier, for the validation the same
formulae as used for the calibration were used. This
means that the same parameter values, (e.g. for
thresholds, weight factors) were used. To be able to
evaluate the results of the different models, also the
baseline models were applied to the validation dataset.
The empirical data for this dataset (of 299 pupils) were
fed as input to the different models, and the Accuracy
Rate was calculated.

The results of applying the different models to the
validation dataset are shown in Table 2. As shown by
this table, the more sophisticated models (i.e., variant
8-11) are clearly more accurate (varying from 65.35 to
66.33) than the baseline strategies (varying from 41.84
to 58.16), the initial model (57.53) and the model that
predicts stability with respect to the previous year
(60.53). Surprisingly, for this dataset the strategy of
taking the peer network into account (variant 7) does
not seem to add much with respect to the strategy of
looking at the previous year only (variant 6), but does
make a difference when taken in combination with the
deviance reinforcement factor (later variants).

Furthermore, it is worthwhile to note that most
overall accuracy rates are slightly lower than they were
for the first dataset. This is the case for all variants,
except for model 1-4 (which is obvious, since these
models do not make use of any predicting factor). It is
however surprising that also variant 6 (the
measurement that only takes the previous year into



account) scores lower here than for the first dataset.
This in an indication that this second dataset was
simply less ‘stable’ than the first dataset: there were
more changes in delinquency, which makes it more
difficult for a model to make accurate predictions.
Despite this more difficult dataset, the performance of
the best model (variant 8) was still more than 6 points
better than the performance of the straightforward
strategy of variant 6, which is about the same
difference as was found for the first dataset.

Table 2. Validation results.

Model Acc.yl - y2 Acc.y2 — y3 Avg. acc.
1 42.33 41.36 41.84
2 57.67 58.64 58.16
3 50.44 52.18 5131
4 44.97 49.74 47.36
5 55.73 59.34 57.53
6 61.02 60.03 60.53
7 60.85 60.03 60.44
8 68.78 63.87 66.33
9 65.26 67.19 66.22
10 66.14 66.14 66.14
11 64.73 65.97 65.35

For the validation, we also plotted the ROC curve
and calculated the AUC value. Similar to the results
using the other evaluation measure, the AUC for the
validation data was less then the AUC for the training
data, i.e. 0.68. This is still much larger than the 0.50
that a random prediction would yield.

6. Related Work

With respect to related work, there are both
commonalities with the social and behavioural
sciences, and the Al and Computer Science.

Concerning the first, the current paper is related to
important articles from the 1960’s and 1970’s such as
[5, 18], which were the first to formulate (different
variants of) the social learning theory. In fact, these
theories formed the basis of the research questions
addressed in this paper. Based on these theories, [16]
identified a number of (informal) properties that are
expected to hold for social learning in Criminology.
The simulation model presented within this paper
indeed satisfies these properties. Next, a number of
papers in Criminology propose more refined models
for social learning, often focusing on specific aspects
of the learning. For example, [19] compared three
theoretical (but not computational) models of the
interrelations among associations between delinquent
peers, delinquent beliefs, and delinquent behaviour.
Finally, several authors have performed empirical
studies on social learning of delinquent behaviour in
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schools, e.g., [20]. Our model was designed explicitly
with the purpose of reproducing such data.

Concerning the literature in Al and Computer
Science, we are not aware of approaches using multi-
agent technology to simulate delinquent behaviour of
individuals in a group. However, various papers have
similarities to the work proposed here. First, [8]
presents a model that uses differential equations to
describe the development of juvenile criminal
behaviour. They aim for an integration of multiple
criminological theories, whereas we focus (in more
detail) on the former only. Moreover, several authors
have created models that address social learning and
criminal behaviour at a more global level e.g. [22].
These models differ from our model in the sense that
they are situated at a macroscopic level, thereby
abstracting from differences between individuals.
Furthermore, a large number of approaches address
simulation of the environmental aspects of criminal
behaviour, such as the displacement of crime and the
emergence of “hot spots”, e.g., [1, 13]. Finally, relevant
work is put forward by [6]. They identify a number of
(cognitive) factors that are relevant in social learning in
general. However, in contrast to our work, they do not
provide a computational model.

7. Conclusion

This paper contributed the development and
validation of a dynamic agent-based approach to
simulate social learning of adolescence-limited
criminal behaviour. This approach has been used to
perform simulation experiments in which the
delinquency of 250 pupils is dynamically calculated
over a couple of years. This expected delinquency is
based on personal characteristics on the one hand and
the delinquency of peers on the other hand. A second
dataset has been used to validate the model, using a
specifically developed accuracy measure. The
validation shows that the model predicts delinquency
substantially better than a baseline model that only uses
the delinquency of the previous year.

Note that an inherent consequence of the use of
empirical data is that such data is often incomplete.
This incompleteness may be caused by respondents not
answering all the questions or by the fact that some
respondents reported friends that were not part of the
study. Such incompleteness is one of the complicating
factors in the development of an accurate simulation
model. However, an important advantage of the
approach presented in this paper is that it does not use
one single formula to calculate future delinquency, but
presents a whole range of different formulas. As a



result, for a particular real-world case, the modeller can
choose the particular formula that best fits the available
information. E.g., if no information about the
participant’s impulsiveness is available, then a formula
can be selected that does not make use of this factor'.
This property of flexibility (and user transparency) of
the model is an important advantage over, e.g.,
approaches based on machine learning. Nevertheless,
for future work it is worthwhile to explore whether
automated learning techniques can be exploited to
improve (at least parts of) the model.

As soon as the model is sufficiently validated, an
interesting direction for future work is to perform so-
called “what-if simulations”, or computer-supported
thought experiments. These thought experiments can be
particularly useful in policy making. An interesting
question could be, for example, “what would happen if
we placed one bad child in a classroom full of teacher’s
pets”? Will this delinquent pupil adapt himself to the
environment and become good as well, or will he
manage to make the entire class a bit more delinquent?
How will the average class level evolve? The answers
to these questions may be very important for high
schools, to decide how to fill in their classes. In future
work, it is planned to perform a number of such what-if
simulation in a systematic manner, in collaboration
with experts from Criminology.
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