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The purpose of medium secure services (MSS) is to provide accommodation, support, and treatment to individ-
uals with enduring mental health problems who usually come into contact with the criminal justice system.
These individuals are, therefore, believed to pose a risk of violence to themselves as well as to other individuals.
Assessing andmanaging the risk of violence is considered to be a critical component for discharged decisionmak-
ing inMSS.Methods for violence risk assessment in this area of research are typically based on regressionmodels
or checklists with no statistical composition and which naturally demonstrate mediocre predictive performance
and,more importantly, without providing genuine decision support.While Bayesian networks have becomepop-
ular tools for decision support in themedical field over the last couple of decades, they have not been extensively
studied in forensic psychiatry. In this paper, we describe a decision support system using Bayesian networks,
which is mainly parameterised based on questionnaire, interviewing and clinical assessment data, for violence
risk assessment and risk management in patients discharged from MSS. The results demonstrate moderate to
significant improvements in forecasting capability. More importantly, we demonstrate how decision support is
improved over the well-established approaches in this area of research, primarily by incorporating causal inter-
ventions and taking advantage of the model's ability in answering complex probabilistic queries for unobserved
variables.

© 2015 Elsevier B.V. All rights reserved.

1. Introduction

Adequate management of offenders released from medium secure
services (MSS) is crucial in preventing violent crime and ensuring effi-
cient allocation of resources. To this end, many MSS in the UK and else-
wheremake use of risk assessment tools in the ongoingmanagement of
patients. However, in this application domain, the current state of the
art is represented by regression-based models and checklists with no
statistical composition. Forensic medical practitioners have remained
unimpressed by the current state of the art predictors, in terms of deci-
sion support inmanaging patientswith seriousmental illness problems,
and have identified the need to examine new ways of modelling infor-
mation [6].

Bayesian networks (BNs), which are probabilistic graphical models
based on causal relationships, are especially well-suited for decision
making scenarios that require as to consider multiple pieces of uncer-
tain evidence. Over the last couple of decades, there has been a renewed

interest in Bayesian inference, especially for real-world applications.
This is because Bayesian inference, which used to be computationally
intractable, now allows us to develop large-scale BN models using
specialised software that takes advantage of efficient BN inference prop-
agation algorithms [26,38].

Since then, successful applications of BNs for decision support have
been witnessed in various application domains. These include

a) Law and forensics: [16] proposed the use of BNs as a tool for avoiding
probabilistic fallacies in legal practice, which continue to occur
despite that many of the fallacies have been well documented. [27]
used BNs as part of a novel approach to triage for digital forensics
for collecting and reusing past digital forensic investigation informa-
tion in order to highlight likely evidential areas on a suspect operat-
ing system.

b) Medical and biomedical informatics: [54] presented a methodology
for developing BN models that predict and reason with latent
variables, in order to provide information that is useful for clinical
decision makers, using a combination of expert knowledge and
data, and in [55], the authors described a decision support BN system
for assisting clinicians in making better decisions in Warfarin thera-
py management. Numerous other applications in biomedicine are
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covered in [21,25,35,36].
c) Safety: Naderpour et al. [37] presented a decision support system to

help with the management of abnormal situations in safety-critical
environments and demonstrated, based on a case taken from US
Chemical Safety reports, how the system provided support for
operators inmaintaining the risk of dynamic situations at acceptable
levels. [40] proposed a BN for cascading crisis events, such as
typhoons, rainstorms, and floods, that provides the capability to
analyse the chain reaction path of such an event and potential losses,
with experimental results indicating that this BN-based method
improved forecasting accuracy compared to existing classical
methods.

d) Software development, project management, and information tech-
nology: [32] developed a BN based on information technology
implementations and demonstrated how the BN model can be in-
corporated into a decision support system to supportwhat-if analy-
sis. [28] demonstrated how a BN model, that was learned from data
but which considered expert causality constraints, was able to per-
form better, in terms of predicting project management risks, than
many previously proposed well-known algorithms and models.
Yet et al. [56] proposed a dynamic BN modelling framework for
calculating the costs and benefits of a project over a specified time
period, allowing for changing circumstances and trade-offs.

e) Sports prediction, betting, and psychology: [7,8] demonstrated how an
expert constructed BN model, that combined both data and expert
knowledge, was able to outperform purely data-driven statistical
models and generate profit against the gambling market. In sports
psychology, Constantinou et al. [9] employed a BN to infer referee
bias diagnostically by examining whether relevant causal factors
during a football match could explain referee decisions.

Decision support benefits from the use of Bayesianmodels have also
been reported in other more specialised applications. For instance, [52]
proposed a hierarchical naive Bayes model that improves existing iden-
tity matching techniques in terms of searching effectiveness, and [53]
developed a BN, as part of a framework for model integration and holis-
tic modelling of socio-technical systems, and demonstrated decision
support benefits based on an airport inbound passenger facilitation
case study. [17] illustrate how BNs can be applied to model knowledge
in many more diverse fields.

However, there have been limited previous attempts in developing
decision support systems using BNs in forensic psychiatry, as well as
from questionnaire and interviewing data in general. [45] acknowl-
edged this by stating that BNs have been rarely used to analyse custom-
er survey data. More specifically, these previous relevant attempts
focused on analysing survey data for customer complaints and satisfac-
tion [1,44,45] and for marketing purposes [29,46] also used survey data
to extract general information from the British general household
survey, which provides a continuous information on a range of social
fields such as population, housing, education, employment, health,
and income. All of these previous studies have reported a number of
advantages in using BNs for analysing this kind of data. Most notably,
these include that BNs a) offer a rich and descriptive overview of the
broader customer behaviour by providing insights into determinants
and subsequent behaviour, b) provide a causal explanation using
observable variables within a single nonlinear multivariate model,
c) provide the ability to conduct probabilistic inference for both predic-
tion and diagnosis, and d) provide a graphical representation and
outputs that be easily understood by professionals.

Despite the significant benefits demonstrated, BNs are still under-
exploited in forensic psychiatry. Therefore, it was felt that causal BNs
could improve on the current state of the art. In [10] we presented the
first BN model for preventing violent re-offence in released prisoners
with serious history of violence. This paper is an extension of that
study, but which focuses on mentally ill patients and provides decision
support for discharged decision making from MSS. The paper is

organised as follows: Section 2 describes the data and methodology,
Section 3 describes model validation and discusses the results, and
Section 4 provides our concluding remarks and directions for future
work.

2. Data and methodology

Wemake use of a dataset referred to as VoRAMSS (The Validation of
New Risk Assessment Instruments for Use with Patients Discharged from
Medium Secure Services; [15]). The dataset consists of questionnaire,
interviewing and assessment data from 386 patients, out of whom
343 are males and 43 are females. Interviews were performed at 6 and
12months post-discharge. At 6months post-discharge, the occurrences
for general violence† and violent convictions are 13.73% and 2.33%, re-
spectively, while at 12 months (i.e. between 6 and 12 months after re-
lease), the respective occurrence rates are 11.40% and 3.12%. The
cumulative rates (i.e. 0–12 months) for general violence and violent
convictions are 22.28% and 5.18%, respectively.

In addition to the VoRAMSS dataset mentioned above, we have also
made use of a small part of a second dataset which is referred to as the
Prisoner Cohort Study (PCS) [5]. This is because the PCS dataset provid-
ed information for a small number of model parameters that were con-
sidered important for decision analysis, but which the VoRAMSS dataset
failed to capture (details in Section 2.2). However, the PCS dataset is
somewhat different to the VoRAMSSdataset in the sense that it involves
released prisoners, rather than patients discharged fromMSS. However,
many of those released prisoners also suffered frommental health prob-
lems (i.e. severe depression, anxiety, psychotic disorder). In an attempt
to maintain relevant to the VoRAMSS dataset, we have restricted the
cases considered by this second dataset to mentally ill individuals. The
PCS dataset consists of questionnaire, interviewing and assessment
data from 953 prisoners (before and after release), 778 males and 175
females, with a reconviction rate of 25.18% over a ~5 year period post-
release. There were 594 cases of mentally ill individuals, and which
were used to learn the causal relationships for the following model
factors: a) anger management, b) drug misuse treatment, c) alcohol
misuse treatment, d) cocaine dependence, e) cannabis dependence,
f) stimulants dependence, and g) alcohol dependence.

All of these data that had been extracted from questionnaires, inter-
views, and assessments of patients with a specialist was then combined
with relevant patient data retrieved by the Police National Computer
(PNC), which mainly consisted of criminal records. As a result, we
were presented with a set of unstructured patient data that had been
collected independently of the requirements of a BN model, with a
large number of variables consisting of repetitive, redundant, and in
many cases, contradictory information. This meant that the initial for-
mat of the data was inappropriate for causal analysis. In order to make
the data adequate for causal inference, we had to restructure the
dataset.

Fig. 1 presents a diagram which demonstrates the practices we had
to use in order to move from the unstructured data into a BNmodel ca-
pable of simulating interventions for risk management decisions, indi-
cating that expert knowledge played a crucial role at every step of the
process. Expert knowledgewasprovided by two clinically active experts
in forensic psychiatry (JC) and forensic psychology (MF), each with at
least 8 years' experience in forensicmental health research, having pub-
lished widely on criminal justice outcomes [2,3,19], psychopathy and
personality disorder [4,20], andmental illness [2]. We discuss these de-
velopment stages in turn in the subsections that follow.

† The definition of general violence in this paper is identical to that of violence as defined
in [15] for the VoRAMSS dataset, which includes sexual assaults, assaultive acts that in-
volved the use of a weapon, or threats that are made with a weapon in hand as well as
all the acts of battery, regardless of whether or not have resulted in injury.

43A.C. Constantinou et al. / Decision Support Systems 80 (2015) 42–55



https://isiarticles.com/article/43930

