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Foreword
The Offender Assessment System (OASys) was introduced in 2001, building upon the existing ‘What

Works’ evidence base. It combines the best of actuarial methods of prediction with structured
professional judgement to provide standardised assessments of offenders’ risks and needs, helping to

link these risks and needs to individualised sentence plans and risk management plans.

OASys has improved and helped to join up assessment practice across custody and the community,
providing a basis for defensible decision making and supporting the effective management of
offenders. By identifying offending-related needs and assisting with the targeting of offenders to
interventions, OASys has contributed to reductions in reoffending. OASys data has been used at the
local, regional and national levels for resource planning and for segmenting the NOMS caseload, with

nearly seven million OASys assessments now collated within a national OASys database.

OASys was piloted prior to implementation and the intention was that, as the evidence base
developed, the system would be improved over time. | am therefore pleased to publish this second
research compendium produced by the NOMS Research and Evaluation Team which will lead to
some further important revisions to OASys, enabling it to continue to play a key role in the delivery and
evaluation of interventions and Offender Management. As community rehabilitation services are
opened up to a diverse range of new providers, the research findings will inform the continuing
development of assessment policies and practices. OASys has been designated an approved tool for
use by Community Rehabilitation Companies (CRCs) and the findings have also contributed to the
development of a Risk of Serious Recidivism (RSR) tool. The latter is an integral part of the new Case
Allocation System (allocating cases to the National Probation System or CRCSs), helping to ensure that
protection of the public remains paramount and that resources are used as efficiently and effectively
as possible.

Michael Spurr
Chief Executive Officer

National Offender Management Service



1. The Offender Assessment System (OASys) and the
2009-2013 research projects

1.1 The development of risk need assessment tools

The effectiveness and efficiency of interventions designed to reduce reoffending and protect the public
is dependent upon accurate estimation of offenders’ risks and needs. Within England and Wales, as
elsewhere, good assessment is thus recognised to be the starting point for managing offenders, as
reflected in the acronym of ASPIRE which provides an overview of the management process (Home
Office 2005:7):

Assess > Sentence Plan > Implement > Review > Evaluate

The international reviews of offender assessment tools have identified four key developmental phases
(Bonta and Andrews, 2010).

. First generation tools: these rely solely upon subjective, professional judgement.

. Second generation tools: these use actuarial models to predict reoffending, based upon
‘static’ risk factors such as age and criminal history. A wide range of studies have found
that such actuarial instruments outperform clinical or professional judgments when
making predictions.

. Third generation risk-need tools: these measure dynamic as well as static risk factors,
enabling interventions to be directed to these dynamic factors and changes in offender
profile to be monitored.

. Fourth generation tools: these integrate other offender-specific factors important to

treatment and enable intervention delivery to be planned and monitored.

Within England and Wales, the fourth generation tool used with adult offenders is the Offender
Assessment System (OASys). A separate tool is used for young offenders aged 10-17 known as
Asset (Baker, 2004; Wilson and Hinks, 2011), while other tools are used for specific types of
offending, e.g. Risk Matrix 2000 (RM2000) for sexual offending (Thornton, 2007) and the Spousal
Assault Risk Assessment Guide (SARA) for domestic violence (Kropp et al., 1995). For adult offenders
who are not assessed through OASYys, a second generation tool is available — the Offender Group
Reconviction Scale v.3 (OGRS3). This tool predicts proven reoffending with one and two years using
age at sentence, gender, number of previous sanctions, age at first sanction and current offence
(Howard et al., 2009).

Chitty (2004:75) has highlighted the need for any assessment system to include “sufficiently reliable,
valid and sensitive measures of risk factors so that they can perform their assessment and monitoring
tasks effectively”. A more detailed list of the desirable characteristics of a risk and needs assessment
system have been set out by Bonta et al. (2001:233) — see Table 1.1 below:



Table 1.1 The desired characteristics of risk-needs classification (Bonta et al. 2001, p 233)

Characteristic Description

Objective Items described with publicly observable referents; structured
administration and scoring rules.

Internal reliability Items relate to each other and the total score.

Inter-rater reliability High agreement among test administrators; items are scored the same way
producing similar results.

Meaningful Information makes sense; items consistent with the research on the
prediction of recidivism.

Predictive validity Scores predict relevant outcomes (e.g. recidivism, prison misconduct,
parole violation).

Dynamic validity Changes in scores predict changes in outcome.

Socially unbiased Items do not violate constitutional / charter rights (e.g. ethnicity, gender).

Generalisation Instrument applies well to other groups and settings beyond the initial

construction sample.

Merrington (2004) has emphasised that ‘a balance has to be struck between technical performance
and fitness for purpose’. Further research (e.g. Aubrey & Hough, 1997; Aye Maung & Hammond,
2000) has focused upon the desirable characteristics of an assessment tool from a practitioner
perspective, identifying the following key points:
. Face validity: It must be clear why each item is included.
. Clear definitions: Clear and unambiguous definitions of the items are required for
consistency.
. Simple scoring system: Question scales that stretch beyond five points have been
found to be difficult.
. Evidence boxes: Practitioners should have the opportunity to express their concerns

and elaborate on their assessment.

. Offender input: Offenders should be provided with the opportunity to express their
views.

. Useable within limited time constraints: Resource implications need to be considered.

. Complements current practice: The instrument needs to be continually developed.

1.2 The development of OASys

OASys was developed through three pilot studies running from 1999 to 2001 (Howard, Clark and
Garnham, 2006). An electronic version of the tool was then rolled-out across both the prison and
probation services, with a new single system being implemented in 2013 through the OASys-R
project. The value of the tool has been summarised as follows: “OASys is a central part of evidence-
based practice. It is designed to be an integral part of the work which practitioners do in assessing
offenders; identifying the risks they pose, deciding how to minimise those risks and how to tackle
offending behaviour effectively. OASys is designed to help practitioners make sound and defensible

decisions” (Home Office, 2002). More specifically, OASys is designed to:




1) assess how likely an offender is to reoffend;

2) identify and classify offending-related needs;

3) assess risk of serious harm, risks to the individual and other risks;
4) assist with managing the risk of serious harm;

5) link the assessment to the sentence plan;

6) indicate the need for further specialist assessments; and

7) measure change during the offender’s sentence.

To fulfil these functions, OASys has several different components. The core assessment classifies
offending-related needs, encompassing individual-level factors, in terms of ‘internal’ disposition,
personality, reasoning and temperament, and ‘external’ social or societal factors and their influences
on offending behaviour. Selected questions from these sections, alongside offending history and
offender demographic information, contribute to two predictors of reoffending: the OASys General
reoffending Predictor v.1 (OGP1) and the OASys Violence Predictor v.1 (OVP1). The OGRS3
predictor (based on static factors only) is also calculated. A separate Risk of Serious Harm (RoSH)
component focuses upon the likelihood of life-threatening and/or traumatic events, requiring assessors
to make informed judgements regarding the risks to various groups (children/public/known adult/staff).
Practitioners are thus able to prioritise public protection issues, identifying appropriate requirements,
conditions and controls for managing specific risks. The OASys summary sheet utilises information
from the core assessment to score the predictors of reoffending and present summaries of offending-
related needs, and present summary RoSH information. A sentence plan and risk management plan is

developed to address these risk and needs.

A continuing research programme has assisted in the development of OASys over time, helping to
ensure that it remains a valid and reliable system. Notably, significant improvements were made to the
measurement of offenders’ risks and needs in August 2009. The research underpinning these
improvements was published within the first OASys research compendium (Debidin, 2009). The
chapters within the first compendium covered construct validity, internal reliability, inter-rater reliability,
predictive validity and dynamic validity, as well as including analysis of OASys rates of completion,

coverage and representativeness, textual analysis, and a review of the underlying evidence.

The analysis of coverage and representativeness was required because while OASys is now in
general use, it is not required to be used with all offenders. At the Pre-Sentence Report (PSR) stage,
all 15-day adjourned reports must be based on an OASys assessment, but on-the-day, five-day and
oral reports can be based upon an OGRS score and an OASys RoSH screening (National Offender
Management Service, 2011a). Post-sentence, an assessment should be completed in the community

for all those cases designated at Offender Management Tier 2 and above, with the exception of those



Tier 2 cases in which there is a stand-alone unpaid work requirement.” In the prison establishments,
all 18-20 year olds and all older offenders serving a custodial sentence of at least 12 months should

be assessed (National Offender Management Service, 2008).”

The analysis presented in the last compendium found that the use of OASys is consistent with the
expectation that resources should follow risk — those offenders with an OASys were more likely to
have committed a violent offence and to have a high likelihood of reconviction than non-assessed
offenders (Moore, 2009a). The ability to validate OASys for use with lower risk offenders is thus

restricted.

Supporting the evidence base and ‘What Works’ principles

A reliable and valid assessment tool is needed to support the existing evidence base on ‘What Works’
in reducing reoffending, particularly the risk, need and responsivity (RNR) principles (McGuire, 1995).
The risk principle ensures that (rehabilitative) interventions are offered to moderate and high risk
cases with low risk cases receiving minimal intervention, while the need principle ensures that
criminogenic needs are the focus of targeted interventions, rather than other needs which are not
related to offending behaviour. The responsivity principle encompasses both general and specific
responsivity. While general responsivity promotes the use of cognitive social learning methods to
influence behaviour, specific responsivity provides that interventions should be tailored to, amongst

other things, the strengths of the offender.

The importance of the RNR principles are highlighted by Bonta and Andrews (2007). They found that
recidivism increased if there was a failure to adhere to any of the RNR principles, i.e. if treatment
targeted non-criminogenic needs of low risk offenders using non-cognitive-behavioural technigues. In
contrast, adherence to all three RNR principles led to a 17% positive difference in average recidivism
between treated and non-treated offenders when delivered in residential/custodial settings, and a 35%

difference when delivered in community settings.

Supporting the risk principle

To support the risk principle, identifying which offenders should receive the available interventions,
OASys includes two robust predictors of reoffending: OGP1 and OVP1. The introduction of OVP1
greatly improved prediction of violence against the person, weapons, robbery, criminal damage and

public order (‘violent-type’) offences and OGP1 improved prediction of other non-sexual (‘general’)

Probation Circular 08/2008 sets out the four Offender Management Tiers and how they are to be applied (National Offender
Management Service, 2008). The four tiers represent different levels of intervention, creating four broad categories of case:
Tier 1 = Punish; Tier 2 = Punish and Help; Tier 3 = Punish and Help and Change; Tier 4 = Punish and Help and Change
and Control. Offenders are allocated to the four tiers according to their risks, needs and circumstances. Consequently, the
lowest risk offenders receive basic levels of intervention at Tier 1 and the highest risk offenders receive the most intensive
interventions at Tier 4.

Following the introduction of ‘layered OASys’ in August 2009, some OASys-eligible offenders receive a full assessment,
whilst some receive a condensed standard assessment.



offences. Both predictors use static and dynamic risk factors, based upon analyses of which OASys

questions were most strongly associated with reoffending (Howard, 2009).

Supporting the need principle
Reviews of the literature have identified the following seven key criminogenic needs (Andrews and
Bonta, 2010):
. Procriminal attitudes (thoughts, values and sentiments supportive of criminal behaviour).
. Antisocial personality (low self-control, hostility, adventurous pleasure seeking, disregard
for others, callousness).

. Procriminal associates.

. Social achievement (education, employment).

. Family/marital (marital instability, poor parenting skills, criminality).
. Substance abuse.

. Leisure/recreation (lack of prosocial pursuits).

Alongside criminal history, the first three have been termed the “big four” risk factors for recidivism,
with the remaining four “moderate” risk factors completing the “central eight” risk factors. Within the
main body of OASys, there are ten separate sections, eight of which are now scored as criminogenic
needs — see Figure 1.1. The questions contributing to the criminogenic need scores have been
streamlined, resulting in clearer distinctions between the differing risk factors, while the cut-off points
have been closely aligned to reoffending rates (Moore, 2009b) — see Appendix A for a list of all the
scored questions (including which are scored in OGP 1 and OVP1).



Figure 1.1: Construction of the core OASys assessment
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Supporting the responsivity principle

To support specific responsivity, assessors are asked to record positive factors in the evidence boxes
for each section of the core OASys assessment. The sentence plan within OASys then enables
assessors to record ‘positive factors to be maintained or developed’. Personal strengths can thus be

integrated into the delivery of interventions.

Engaging offenders

Desistance research (e.g. McNeill and Weaver, 2010) has emphasised the importance of engaging
with offenders, recognising their individuality and focusing upon the development of positive
relationships. To engage offenders within the assessment process, the OASys Self Assessment
Questionnaire (SAQ) provides offenders with the opportunity to comment upon their lives (Merrington,
2004). These views can then be considered as part of the interview with the offender and be
incorporated within the sentence plan. Analysis has revealed that all the SAQ questions have
associations with reoffending (Moore, 2009c). Offenders are also able to comment upon their
sentence plan and consider whether they agree with its content. It is recognised good practice that a

copy of the final assessment should be shared with the offender.



Using collated assessment data

Completed assessments provide large amounts of standardised information about offenders while

they are being supervised. The potential benefits are wide-ranging:
Once it is automated and in general use, OASys has the capacity to provide valuable
management information, some of which will be used by practitioners to develop profiles
of the offenders they are working with and to evaluate overall outcomes. Information will
also be of use to local managers, to enable them to identify which risk factors are most
common within their local offender population and to help ensure that adequate provision
has been made for them. When applied on a national basis, OASys will provide a profile
of offenders and their needs, and will permit resources to be allocated effectively

(Home Office, 2002:3-4)

Now that OASys is both automated and in general use, the collated data has been used widely. For
example, analysis of 2008 assessments (O-DEAT, 2009) found the following differences between
offender sub-groups:

. Female offenders had relatively high levels of need for relationships and emotional
wellbeing, and relatively low levels of need for both thinking/behaviour and attitudes.

. The youngest offenders (aged 18-20) had relatively high levels of need for education,
training and employability (ETE) and lifestyle/associates, and a relatively low level of
need for emotional wellbeing. The oldest offenders (aged over 40) had relatively low
levels of need for ETE and drug misuse.

. Early-onset offenders and the most persistent offenders had relatively high levels of need

across the majority of the OASys sections.

More recent OASys figures are presented in a summary of evidence on reducing reoffending (Ministry
of Justice, 2014), whilst the OASys data has also been used to segment the NOMS caseload to
supply commissioners and providers with standardised offender profiles for differing sub-groups
(National Offender Management Service, 2013). The OASys information is a key data source for
large-scale research projects, for example the Offender Management Community Cohort Study (Wood
et al., 2013). OASys data is also used in outcome studies evaluating the effectiveness of accredited
interventions (e.g. Sadlier, 2010) and the use of differing sentence requirements (e.g. Bewley, 2012).
By the end of March 2014, almost seven million prison and probation assessments had been collated
within the central O-DEAT (OASys Data, Evaluation and Analysis Team) database for over one million

offenders.

1.3 Research in this compendium

The first OASys research compendium (Debidin, 2009) presented the findings from research and
analysis completed between 2006 and 2009. This follow-up compendium covers the studies
completed between 2009 and 2013, including a systematic review of the underlying evidence-base, a

survey of assessors’ views and experiences, and analyses of various aspects of construct validity,



internal reliability, predictive validity and dynamic validity. For those studies that have utilised OASys
and Police National Computer (PNC) data, a couple of limitations are worthy of note. Firstly, due to the
targeting of OASys, the ability to validate the tool for all types of low risk offender is restricted.
Secondly, as the PNC data reflects proven reoffending which has led to a formal caution or conviction,
it will under-record actual offending behaviour and will be affected by the activities of practitioners

within the criminal justice system.

A summary of each chapter within this compendium and the key points are set out below. The focus of
Chapters 2 to 7 is on the performance of the current version of OASys, while Chapters 8 to 12 focus
upon potential revisions to OASys. A glossary of commonly used terms and concepts can be found
towards the end of the compendium — this glossary was included to assist readers and to avoid

unnecessary repetition across the chapters.

Section 1: Assessment of current tool

Chapter 2 presents the findings of a study which aimed to capture prison and probation assessors’
views and experiences of OASys, highlighting potential improvements. The views of over 1,000 prison
and probation assessors were obtained through an online self-completion questionnaire. Twelve
follow-up interviews were conducted with OASys leads/managers, exploring issues raised through the
online survey. Key findings, and consequent implications, were as follows:

. Approximately nine out of ten assessors felt that the information recorded in an OASys
assessment supported them well in managing offenders’ risks and needs. Approximately
two thirds thought that the level of detail and content at each of the OASys layers and
within fast reviews was about right. There was, however, some support for removing
areas of duplication and for revisiting the structure and content of the self assessment
guestionnaire and sentence plan.

. Feedback on the RoSH ratings was positive, providing support to their use in the new
Case Allocation System (CAS; National Offender Management System, 2014) for
allocating cases to the National Probation System (NPS) or Community Rehabilitation
Companies (CRCs).

. More than nine out of ten of the assessors agreed that they regularly used their
professional judgement to complete an OASys assessment. Seven out of ten felt that the
amounts of professional judgement required to complete an assessment were about
right, but approximately one quarter stated it was too little.

. There were some clear resource issues, with over half of the assessors disagreeing that
they usually had sufficient working hours to complete assessments. Future proposals for
changes to the targeting and content of OASys will need to pay careful attention to the
potential resource implications.

. More than four fifths of the assessors felt there was scope for improving the targeting of

OASys and its layers. Of those who held this view, around one quarter felt that the full



layer was targeted at too many offenders, while one fifth believed that fast reviews were
targeted at too few offenders.

. Just under half of the assessors thought that there was scope for improving the OASys
online help. Issues around both navigation and content were raised.

. Approximately two thirds of the assessors felt that the level of quality assurance for
OASys assessments was about right, and over half thought that the introduction of the
quality assurance process had raised the quality of OASys assessments. However,
around three quarters believed that there remained scope for improving quality.

. Areas of concern differed between prison and probation assessors. For example, prison
assessors were more likely to say that they did not always have sufficient offender
information when completing assessments (50% vs. 29%) and that OASys training was
not available when it was needed (53% vs. 36%). Probation assessors were more likely
to say that there was too little offender engagement in the sentence planning process
(30% vs. 18%) and that unnecessary information was being recorded (31% vs. 14%).

. Areas where awareness needed to be raised included: (i) the value and workings of the
actuarial reoffending predictors; (ii) the current targeting criteria for the OASys layers and
fast reviews; and (iii) the availability of the online help.

Chapter 3 sets out the findings from research which tested the ability of OGP1 and OVP1 to predict
proven reoffending for offenders of different gender, ethnicity and age. Key findings were as follows:

. Among all offenders, actual (proven) reoffending was significantly below the predicted
rate, especially for non-violent offending, reflecting known overall reductions in
reoffending since OGP1 and OVP1 were created.

. Among women, non-violent reoffending was 3.7% below predicted, compared with 2.1%
below predicted for male offenders. While the non-violent reoffending of White offenders
was 2.6% below predicted, for Asian and Black offenders it was 3.4% and 2.2%
respectively above predicted. Actual and predicted non-violent reoffending were identical
for offenders aged 18-19, but actual rates were between 1% and 4% lower than
predicted for all other age groups.

. Actual/predicted differences by gender and ethnicity were far smaller for violent
reoffending, while violent reoffending rates were 2% above predicted at age 18-19 and at
least 4% below predicted for 22—23, 4650 and 51+ year olds.

. Both predictors achieved reasonable relative predictive validity — successfully
distinguishing likely reoffenders and likely non-reoffenders — for all offender groups.
Relative predictive validity was greater for female than male offenders, for White
offenders than offenders of Asian, Black and Mixed ethnicity, and for older than younger
offenders. After controlling for differences in risk profiles, lower validity for all Black, Asian
and Minority Ethnic (BME) groups (non-violent reoffending) and Black and Mixed ethnicity
offenders (violent reoffending) was the greatest concern.
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Statistical modelling suggests that some between-group differences in risk factors for
reoffending may exist, but incorporating these factors does not improve prediction of
reoffending sufficiently to justify the introduction of separate predictors. Revision of the
predictors will be required to ensure that they reflect contemporary patterns of

reoffending.

The study reported in Chapter 4 examined whether scores on supposedly dynamic risk factors

changed over the course of probation supervision, and whether changes in risk factor and predictor

scores were associated with changes in reoffending risk. Key findings were as follows:

Mean OGP1 and OVP1 scores fell over the course of offenders’ supervision. Scores fell
more for non-reoffenders than reoffenders, even though non-reoffenders had lower initial
scores. Accommodation, drug misuse and alcohol misuse scores were especially
dynamic, with the greatest net reduction being in alcohol misuse, though two OVP1 risk
factors did not demonstrate dynamic properties.

Prediction of reoffending was improved by accounting for changes in dynamic risk, by
using current rather than initial assessments. Changes in most OGP1/OVP1 risk factors
contributed incrementally to the prediction of reoffending.

These findings demonstrate the value of reviewing OASys assessments during probation
supervision. Reviewing assessments improves prediction of reoffending by keeping
dynamic risk factors up to date, and offers an evidence-based mechanism for gradual
reductions in the resources allocated to a case. When designing the next iterations of the
reoffending predictors, a methodology should be used which accounts for changes in

dynamic risk factor scores.

In the study reported in Chapter 5, patterns of reoffending for six types of rare, harmful offence were

analysed in order to determine whether offenders specialise in these offences. Key findings were as

follows:

Some degree of specialisation was found for all six offence types. For arson, child
neglect, dangerous driving, kidnapping and racially aggravated offending, those with a
history of such offending were three to four times more likely to commit further offences
than those without, rising to eight times for blackmail. Offence-specific history was
therefore a risk factor for all six offence types.

Arson, kidnapping and racially aggravated offences were well predicted by OVP1. They
should be included in the set of offences which OVP classes as violent.

Child neglect offences were most likely to be committed by young women living with
children, especially those with high scores on dynamic risk factors included in OGP1. The
principal dynamic risk factor in OGP1 is drug misuse.

Dangerous driving offences were most likely to be committed by young men with
employability, lifestyle and impulsivity problems and histories of driving whilst disqualified

or uninsured and/or dangerous driving. OGRS3 and OGP1 were reasonable predictors.
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Blackmail was an extremely rare offence, and the likelihood of such reoffending may be
assessed using OGRS3 or OGP1.

While most of these offences were relatively rare, rates of reoffending among those most
at risk were sufficiently high that the possibility of such offending should be explicitly

considered when conducting risk assessments in these cases.

Chapter 6 presents the findings of a study which examined the positive, promotive and protective

factors recorded within OASys. Positive factors were deemed to be ‘promotive’ when they were

negatively correlated with reoffending, having controlled for risk factors. They were deemed to be

‘protective’ when moderating the impact of specific risk factors. Key findings were as follows:

The textual analysis revealed that the positive factors recorded within the OASys
sentence plan correspond to the socio-economic and individual-level domains covered by
the core OASys assessment. The prevalence rates of the extracted positive factor
categories were relatively low, indicating that the full range of positive factors may not
always have been considered.

The optimum model for predicting reoffending included the OGRS3 score, six dynamic
risk factors, five promotive factors and one protective interaction. The identification of
overlapping risk and promotive processes indicates that, where risk factors are hard to
change, interventions can potentially offset the risks of further offending by enhancing
promotive factors, assisting with offender engagement. The interaction in the model
indicated that positive family relationships moderated the impact of problematic drug
misuse.

The model combining static risk factors, dynamic risk factors, promotive factors and
protective interactions performed only marginally better than a model combining static
and dynamic risk factors alone. Bearing in mind that OGP1 and OVP1 have high
predictive validity, this finding suggests that little would be gained, in terms of accurately
predicting reoffending, from a scoring system which distinguished risk factors from
promotive/protective factors.

Consideration should be given to: (i) highlighting further the importance of identifying
positive as well as risk factors during OASys assessors’ training; (ii) ensuring that the
recording of positive factors is carefully monitored through existing quality assurance
procedures; (iii) introducing fixed response categories to encourage more systematic
recording of positive factors; and (iv) distinguishing between positive factors that need to
be maintained and those that need to be developed, assisting in the identification of
immediately promotive/protective factors and enabling changes in status (development

vS. maintenance) to be monitored.
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Chapter 7 presents an analysis of the reliability and validity of OASys Risk of Serious Harm (RoSH)

ratings. Probation assessments completed between 2005 and 2008 were analysed and those

completed by mid-July 2006 were matched with 24-month reoffending data. Key findings were as

follows:

The analysis revealed not only variation between probation areas in high/very high RoSH
prevalence rates, but also differences in the actual minus predicted residual rates (using
a checklist to identify offenders likely to be rated as high/very high RoSH). The majority of
probation areas had significantly fewer high/very high risk offenders than predicted, with
the large urban areas of Merseyside, London, Greater Manchester, West and South
Yorkshire all having more high/very risk offenders than predicted.

There was also considerable variation between probation areas in the use of the RoSH
screening overrides. Notably, use of the exemption from full analysis clause ranged from
2% to 26%. Bearing in mind that (i) every exemption has to be clearly evidenced, (ii) the
assessor must be confident that the offender is not likely to cause serious harm and (iii)
the exemption has to be countersigned by a senior practitioner, the higher rate may be
viewed as higher than expected. Greater consistency could be encouraged through
improved guidance regarding the use of the overrides and possibly the introduction of
structured response options.

Looking at half-year periods from 2005 to 2008, the increase in high/very high RoSH
ratings from 5.8% to 9.9% appeared broadly justified by the characteristics of the
offenders who were assessed. The more sizeable shift was from low to medium RoSH
ratings; the former falling from 62% to 36%.

Grave reoffences were predicted with much greatly validity by an actuarial risk
assessment score than by the clinical RoSH ratings. It is therefore likely that public
protection could be improved by increasing the influence of actuarial scores upon RoSH
ratings. As highlighted in Chapter 13, this has led to the development of a new actuarial
Risk of Serious Recidivism (RSR) tool (see Appendix H) which is being used alongside
the RoSH ratings in the Case Allocation System (CAS) for routing cases to the NPS or to
CRCs.

Section 2: Revisions to OASys

Chapters 8 to 10 focus on the development and validation of new static and static/dynamic actuarial

predictors of reoffending, covering general, violent and sexual reoffending. Findings from the earlier

chapters feed into the development of these predictors. Chapter 8 presents version 4 of the static

predictor OGRS, setting out the following key points:

OGRS4 includes models for general (i.e. all recordable) and violent proven reoffending,
known as OGRS4/G and OGRS4/V respectively. In predicting general reoffending,
OGRS4/G was found to significantly outperform OGRS3. In predicting violent reoffending,
OGRS4/V significantly outperformed OGRS4/G and other operational predictors.
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The new models included an ‘offence-free time’ element, recognising that an offender’s
probability of future proven reoffending falls with time after community sentence or
discharge from custody without yet reoffending (see Chapter 4 points above). The models
thus allow a more accurate comparison of offenders at different stages of community
supervision, assisting with the targeting of supervision and treatment resources.

The improvements in the prediction of both general and violent reoffending were due to
the application of offence-free time and other innovations in the coding of risk factors. The
choice of ‘primary’ static risk factors — those which must be entered by practitioners — was
nevertheless constrained to ensure that all could be coded quickly. The refinements to
the coding of the ‘secondary’ risk factors, calculated from the practitioner-entered
information, illustrate the degree of fine-tuning required to achieve incremental
improvements in the prediction of proven reoffending.

The nature of the sample used to create OGRS4 means that the new predictors have
scope to be used in settings where OGRS3 is not currently used, among offenders with
cautions or absolute/conditional discharges from court, and in youth justice. Such use
would require the development of user guidance and possibly training. Users who are
already familiar with OGRS3 could be issued with more limited guidance covering the
improved validity, revisions to offence categories, the offence-free time element, and any

subsequent revisions to risk groupings.

Chapter 9 reports on the development of version 2 of OGP and OVP. The chapter sets out the

following key points:

Following feedback from OASys users, the second iteration of OGP predicts all proven
reoffending.

OGP2 and OVP2 have the same static risk factors as those used in OGRS4/G and
OGRS4/V, although these factors are scored differently.

As with OGRS 4, the new models include an ‘offence-free time’ element.

Dynamic risk factors in both predictors include accommodation, employability, intimate
partner relationships, the type of drug used, alcohol misuse, impulsivity, temper control
and problem solving skills. OGP2 also includes frequency of drug misuse and
pro-criminal activities and attitudes.

Improvements in the prediction of both general and violent reoffending resulted from the
application of offence-free time and other innovations in the selection and coding of risk
factors. Version 2 better distinguishes reoffenders from non-reoffenders, and better
calibrates actual and predicted reoffending rates for certain offender groups: the highest-
and lowest-risk, the oldest and youngest, and females (see Chapter 3 points above).
The predictors could be introduced in a revision to OASys, accompanied by user

guidance.
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Chapter 10 examines whether OASys and criminal history information can be combined into a score

which improves prediction of the sexual offences most likely to cause serious harm: those involving

direct contact with victims. These ‘contact offences’, involving direct and serious harm, include rape,

sexual assault, gross indecency, incest, unlawful sexual intercourse and grooming. While clearly still

harmful, the sexual offences excluded from this category principally comprise those related to indecent

images of children and exhibitionism (e.g. indecent exposure). The chapter sets out the following key

points:

Sexual offences were divided into four groups: contact adult, contact child, paraphilia
(e.g. indecent exposure) and indecent images of children. Examining patterns of previous
sanctions (i.e. cautions and convictions) and reoffending, for approximately 15,000
offenders, showed that offenders tend to strongly specialise by committing particular
types of sexual offence.

A new seven-item predictor, the OASys Sexual reoffending Predictor (OSP), was
developed. This predictor uses static risk factors only and can thus be scored on the
basis of summary printouts of individual offenders’ demographics and criminal histories. It
was found to be superior to RM2000/s as a predictor of contact sexual reoffending.

The risk factors in OSP are (strongest first): contact adult sanctions; current age; age at
last sexual offence; contact child sanctions; paraphilia sanctions; not first-time entrant;
and stranger victim of current sexual offence.

As OSP has the potential to improve prediction of those sexual offences most likely to
cause serious harm, and is no more complex to administer, it is recommended that its
implementation in NOMS and police practice should be considered — it has already been
incorporated within the new RSR tool and used for segmenting the NOMS caseload. If
OSP is fully implemented as a stand-alone predictor, amendments to user guidance and

IT systems will be necessary.

While Chapters 8 to 10 focus upon predictors of differing types of reoffending, Chapter 11 shifts

attention to the OASys measurements of discrete criminogenic needs, ensuring adherence to the

‘What Works’ criminogenic need principle as well as the risk principle. Key findings were as follows:

The underlying factor structure of the scored OASys questions corresponds to the eight
OASys criminogenic need sections.

To maximise the item-scale correlations and the dynamism of the scales, as well as
alignment to OGP2/OVP2, the analysis supports some changes to the questions which
are scored — three questions being removed from the scoring and three being added.
These amendments leave 31 scored questions across the eight criminogenic need
scales, but all the scales (bar one — lifestyle and associates) now have four questions and
a 0-8 scale.

The revised scales were found to be independently associated with reoffending, with

some changes required to the criminogenic need cut-off points.

15



. The above changes have an impact upon the criminogenic need prevalence rates across
five of the scales (although a relatively small change for two of the scales) — adjustments
in the allocation of resources would be required to ensure that interventions were
available to address the revised criminogenic need levels.

. Fewer scales were found to be independently predictive for the BME sub-groups, akin to
the lower OGP1 predictive validity for BME offenders reported in Chapter 3.

Chapter 12 presents a systematic review of the literature on the dynamic risk and protective factors for
general and violent reoffending, recognising that OASys must not only continue to pass stringent
reliability/validity performance criteria but must also continue to reflect the research literature on which
it is based. Thirty-two UK and international studies published between January 2000 and November
2011 (heterogeneous in terms of populations, methodology and data reporting) were included in the
review, the key findings from which were as follows:

. No new risk domains were identified that would be worthwhile additions to OASys.

. In terms of more specific items within the domains, not all items were consistently
identified and those that were most consistently identified matched closely to specific
OASys questions.

. Gang membership, which is not currently recorded within OASys, was found to be
predictive of future violent reoffending in one relatively large US study. Consideration
could thus be given to including a question on gang associations/activities within the
current lifestyle and associates section.

. Further reviews of the literature could be undertaken using the same systematic
approach, helping to ensure that offender assessment policy within NOMS continues to
reflect the most up-to-date knowledge about risk and protective factors.

. There is a clear need for further studies identifying: (i) positive factors which are
negatively correlated with reoffending as well as those which moderate the impact of
specific risk factors; and (ii) whether there are differences between the dynamic risk and
protective factors according to age, gender and ethnicity. Further attention also needs to
be given to which dynamic factors are truly causal, where changes over time are
associated with changes in future offending behaviour when other factors are held

constant.

Chapter 13 focuses upon the key implications from the totality of the research presented in the
previous chapters, as well as summarising the work undertaken during 2013 to further validate and
recalibrate the actuarial predictors of reoffending — OGRS4 (Chapter 8), OGP2 and OVP2 (Chapter 9),
and OSP (Chapter 10). The chapter also sets out how the research recommendations are being taken
forward by NOMS, including the design and implementation of the actuarial RSR tool and its use
alongside the RoSH ratings for allocating cases to the appropriate community providers (NPS or
CRCs). By structuring practitioners’ judgements in this way, the intention is to ensure that the most

appropriate high risk cases remain with the NPS. Finally, the chapter sets out potential future
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research, recognising that the validation of a fourth generation assessment tool such as OASys should
be seen as on-going so that it reflects developments in the underlying evidence-base, the latest
validation methodologies and changes in reoffending patterns, while continuing to support
practitioners and current operational priorities and practices. Now that OASys has been designated as
an approved tool for use by CRCs, continuing research and validation will enable it to remain fit for

purpose across custody and community settings.
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2. Prison and probation assessors’ views and
experiences

This chapter presents the findings of a study capturing prison and probation assessors’ views and
experiences of OASys. The views of over 1,000 prison and probation assessors were obtained
through an online self-completion questionnaire. Twelve follow-up interviews were conducted with
OASys leads/managers, exploring issues raised through the online survey. Key points are as follows:

e Approximately nine out of ten assessors felt that the information recorded in an OASys
assessment supported them well in managing offenders’ risks and needs. Approximately two
thirds thought that the level of detail and content at each of the OASys layers and within fast
reviews was about right. There was, however, some support for removing areas of duplication
and for revisiting the structure and content of the self assessment questionnaire and sentence
plan.

e Feedback on the RoSH ratings was positive, providing support to their use in the new Case
Allocation System for allocating cases to the National Probation System (NPS) or Community
Rehabilitation Companies (CRCs).

e More than nine out of ten of the assessors agreed that they regularly used their professional
judgement to complete an OASys assessment. Seven out of ten felt that the amounts of
professional judgement required to complete an assessment were about right, but
approximately one quarter stated it was too little.

e There were some clear resource issues, with over half of the assessors disagreeing that they
usually had sufficient working hours to complete assessments. More than four fifths of the
assessors felt there was scope for improving the targeting of OASys and its layers.

e Approximately two thirds of the assessors felt that the level of quality assurance for OASys
assessments was about right, and over half thought that the introduction of the quality
assurance process had raised the quality of OASys assessments. However, around three

quarters believed that there remained scope for improving quality.

Areas where awareness needed to be raised included: (i) the value and workings of the actuarial
reoffending predictors; (ii) the current targeting criteria for the OASys layers and fast reviews; and (iii)

the availability of the online help.

2.1 Context
Currently, there are an estimated 12,000 OASys assessors. Previous studies obtaining the views of
OASys users had small samples and produced findings relevant to OASys in early stages of roll-out,

and prior to prison/probation connectivity and other more recent developments.3 The latter include the

®  Gloucestershire Probation Area (2004); Cornwell Management Consultants (2005); Mair, G., Burke, L. and Taylor, S.

(2006). A study has recently been conducted with YOT practitioners to gather their perceptions of Asset, the risk
assessment tool for young offenders (Wilson and Hinks, 2011).
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changes implemented in August 2009 which streamlined the original (full) assessment while
introducing a new shorter (standard) assessment (as well as a basic assessment for use in the
community) and a fast review facility. Bearing in mind the importance of user acceptability and the
need for OASYys to support everyday practice as well as possible, it was recognised that these latest

developments would benefit from a robust form of user feedback.*

2.2 Approach

Research questions

The overall aim of the study was to capture prison and probation assessors’ views and experiences of
OASys, highlighting further potential improvements to the tool and associated processes. It was
deemed vital that both prison and probation assessors were included, recognising that the differing
targeting of OASYys alongside the differing regimes, functions and cultures of the two services could

have an impact on their views regarding OASys.

To guide the research, the following six key objectives were set:

1. To identify the perceived strengths and weaknesses of the OASys assessment process.
To identify the perceived strengths and weaknesses of the targeting of OASys.
To identify the perceived strengths and weaknesses of the content of OASys.

To identify the perceived strengths and weaknesses of the OASys training and guidance.

o &~ 0D

To identify the perceived strengths and weaknesses of the OASys quality assurance
procedures.

6. To identify potential improvements to be taken forward following the implementation of
the new OASys IT system (delivered through the OASys replacement (OASys-R)

project).’

The study was conducted in two parts. Firstly, assessors’ perspectives were explored through an
online self-completion questionnaire (Dillman, Smyth and Christian, 2009).6 Secondly, a small number
of individual face-to-face structured interviews were conducted with OASys leads/managers. At both

stages, the questions were framed around the themes of the study’s objectives:

Feedback is currently non-systematic and largely anecdotal, being made via OASys leads in prisons and probation trusts to
the OASYys business team.

As improvements to the IT system were being taken forward through the OASys-R project, the focus was upon non-IT
issues. However, the online questionnaire did include a question asking assessors whether IT issues had a detrimental
impact upon their ability to complete an OASys assessment — nearly two-thirds (64%) said that they did.

A web-based survey was developed and accessed through ‘SurveyMonkey’ (http://www.surveymonkey.com).
SurveyMonkey had previously been used successfully by NOMS colleagues across the probation and prison IT systems. Its
standard survey designs are fully compliant for respondents with disabilities.
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Objective 1: Assessment process

How does the information collected in OASys support practitioners in managing

offenders’ risks and needs? Is this support sufficient?

How is professional judgement used or exercised in completion of OASys? Does OASys

allow for an appropriate amount of professional judgement?
How are offenders engaged in the assessment process? Is this sufficient?

How is the self-assessment questionnaire used to inform the core assessment and

sentence plan?

How are the different predictors of reoffending (OGP1, OVP1, OGRS3) being applied?
How well does OASys assist with completing reports (e.g. Pre-Sentence Reports)?

How well does OASys link to other more specialist assessments?

How well does OASys assist with the targeting of interventions?

How well does OASys enable change and progress to be monitored?

What are the strengths and weaknesses of layered OASys (compared to the pre-layered
system)?

Is sufficient time available to complete OASys?

Objective 2: OASys targeting

Are the OASYys layers targeted at the most appropriate offenders?
Are OASys fast reviews used in appropriate cases?
How has layered OASys helped in terms of resource demands?

How have fast reviews helped in terms of resource demands?

Objective 3: OASys content

What information is available for completing OASys and what information is needed?

What are the general strengths and weaknesses of each of the OASys components (the
core assessment, the RoSH assessment, the offender self-assessment questionnaire

and the sentence plan)?
Is the right level of detail collected at the basic, standard and full layers?
Is the right level of detail collected in fast reviews?

Are any important risk factors missed? What additional risk factors are suggested for

inclusion / consideration?

Are any important protective factors missed? What protective factors are suggested for

inclusion / consideration?
Does OASys record any unnecessary information?
How well does OASys cater for all offender groups?

How well does OASys deal with diversity issues?
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Objective 4: OASys guidance and training

. Is OASys training available when required?’

. How well does the training meet users’ needs?

. What are the strengths and weaknesses of joint prison/probation training?

. Is the OASys guidance manual and online help sufficiently clear and detailed?

Objective 5: OASys quality assurance processes

. Are quality assurance procedures sufficient?

. What are the strengths and weaknesses of joint prison/probation quality assurance
procedures?

. Do users feel that the quality of assessments is high?

. Do users feel that the introduction of the OASys QA tool and its associated processes

has helped to raise the quality of assessments?
. Do users feel that there is consistency between different assessors?

. Do users feel that there is consistency between prison and probation assessments?

Objective 5: Potential improvements

. What improvements could be made to the targeting of the OASys layers?

. What improvements could be made to the content and structure of OASys?
. What improvements could be made to OASys training and guidance?

. What improvements could be made to quality assurance procedures?

Both the questionnaire and the interview schedule were piloted with a small number of users to assess
whether: (i) they could be completed within reasonable timeframes; (ii) the questions were clear and
understandable; and (iii) any specific questions needed to be amended, added or omitted. It was
checked that the online questionnaire operated correctly across the probation and prison IT systems
and that it was sufficiently respondent-friendly.8 When conducting the interviews, attention was given
to ensuring that the interview questions were fully understood, with clarification provided when

necessary. An interview guide was used to ensure the same key questions were addressed.

For the prison service, training is managed centrally; whereas for the probation service, training is managed by the
individual trusts.

Users complete OASys assessments in the prison and probation IT systems, and are thus sufficiently IT literate. A Welsh
language version of the survey was not developed, taking into account time and resource constraints, and the fact that the
OASys IT systems and OASys communications are in English only.
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The samples

The use of the online questionnaire enabled a broad cross section of OASys assessors to be targeted,
with a disproportionate stratified random sample being extracted from the O-DEAT database. The
assessments held within this database included the names of the OASys assessors who have
completed the assessments. It was thus used to create a sampling frame of both prison service and
probation service assessors. De-duplication ensured that an assessor was only included once on the
sampling frame list. During the first quarter of the financial year 2010/11 (April to June 2010),
assessments were completed by 8,810 different users across the 35 probation trusts and 133 prisons.
Of these 8,810 users, the majority were from the probation service: 7,627 (87%) assessors compared
to 1,183 (13%) prison service assessors. 2,801 (32%) of the assessors could be considered ‘new’
assessors, having completed their first assessment no earlier than 2007/08. But the proportion of
‘new’ assessors differed greatly between the two services; 58% in the prison service compared to 28%

in the probation service.

As shown by Figure 2.1 below, the sample was disproportionately stratified (Sapsford, 1999) to ensure
that it was representative of probation and prison assessors and of those who were relatively new to
OASys and those who had been using the tool for sometime. To ensure sufficiently large samples for

all four strata were obtained, the following sampling proportions were used:
. New probation assessors: 25% — 530/ 2,118
. Older probation assessors: 15% — 818 / 5,509
. New prison assessors: 55% — 375 / 683

. Older prison assessors: 100% — 500 / 500
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Figure 2.1:

Sampling approach for OASys user perspective survey

All assessors
=8,810

Probation assessors
=7,627

Prison assessors
=1,183

Newer assessors
=2,118

Older assessors
=5,509

Newer assessors
=683

Number sampled
=530 (25%)

Number sampled

Number sampled

Completed
questionnaires
=253

Response rate=48%

=818 (15%) =375 (55%)
Completed Completed
questionnaires questionnaires
=378 =204

Response rate=46%

Response rate=54%

Weight = 1.04
Weighted n = 263

Weight =1.81
Weighted n = 684

Weight = 0.42
Weighted n = 86

Older assessors
=500

Number sampled
=500 (100%)

Completed
questionnaires
=258

Response rate=52%

Weight = 0.24
Weighted n = 62

In total 2,223 assessors were contacted at the start of April 2011 The email addresses for each of the
prison and probation assessors in the sampling frame were obtained and verified through the internal
NOMS email system, the Probation Directory (National Association of Probation Officers, 2011) and
the Electronic Probation Information Centre (EPIC) — the Probation intranet. One disadvantage with
using the O-DEAT database as the sampling frame was that in some circumstances, it was not
possible to confirm whether the individuals were still working as an OASys assessor, or even whether
they were still working within a prison establishment or probation trust.” When an email delivery error
message was received to say the email address was undeliverable, efforts were made to obtain the

correct email address.*°

°  In some instances, individuals responded to emails asking them to participate in the survey to say they were no longer

OASys assessors; these people were removed from any further communication or follow-up emails regarding the survey.

1 Replacement assessors were not selected when individuals could not be contacted.

23



A response rate of around 50% was anticipated, '’ resulting in an acceptable margin of error for the
total sample — a maximum 2.7% margin of error'? (50/50 response rates) at the 95% confidence level
for a final sample of 1,111 assessors.™® Early communication and close liaison with both services
ensured that the purpose of the research was clearly understood, while encouraging sufficient time to
be allowed for staff participation. While assessors were not offered incentives for their participation,
they were made aware that their contribution would enhance the further development and
improvement of OASys. The use of the online survey enabled quick monitoring of survey progress and
allowed multiple reminders to be issued easily. Following the issuing of these reminders, a final
sample size of 1,093 assessors was achieved, representing a response rate of 49%. Potential unit
non-response bias, due to distinct differences between those who responded and those who did not,
was checked by comparing the two groups in terms of their locations and OASys experience (Berg,
2005). To correct for the differing sampling ratios and response rates across the four strata, a
non-inflationary, proportional design weight was applied,** calculated as % of stratum in the
population / % of stratum in the final sample. Thus, for old probation assessors, the weight was (5,509
/8,810) /(378 /1093) = 1.8.

Item non-response was also checked by comparing the response rates to individual questions across
the four different sample groups. Having examined the patterns of missing data,™ the decision was
taken to impute values to replace any missing values. Multiple imputation was used, imputing the data
five times over and then pooling the results (Wayman, 2003).*® For each question, key assessor
details (prison or probation, probation grade, age, gender and ethnicity) and responses to all the other

guestions were entered into the models as predictors.

At the second stage of the study, twelve face-to-face interviews were conducted with OASys
leads/managers, examining the respondents’ more strategic perspectives and their knowledge of the
OASys completion process and risk assessment practice more generally. For this stage of the study,
non-representative convenience sampling was used; the purpose being to explore further, through
open-ended questions, the issues raised in the online survey. The OASys leads/mangers were

identified through the OASys business team who asked for volunteers to participate. It was

™ Response rates for two previous online surveys conducted by NOMS colleagues were 53% (video conferencing project;

111/209) and 67% (Layered Offender Management project; 65/97).

The margin of error is a common summary of sampling error that quantifies uncertainty about a survey result. For example a
margin of error of 2.7% indicates that if, for example, 45% of the sample respond in a particular way we can be confident
that if the entire population were asked the same question between 42% and 48% would also answer in the same way.
This margin of error is for the whole sample and does not take into account the stratification that was used.
Non-inflationary, proportional weights make the weights sum to the sample total (rather than grossing-up to the population
total) through inflating the under-sampled cases and deflating the over-sampled ones. Correcting the proportions in the
sample without increasing the scale of the figures is advisable when conducting significance tests in SPSS Statistics.
Whilst the levels of missing data were low at the beginning of the questionnaire i.e. around 1% of all cases, the levels were
higher towards the end of the questionnaire, i.e. approximately 15% to 20% of all cases.

An iterative Markov chain Monte Carlo (MCMC) method was used. For most questions, the results when including and
excluding the imputated values for the missing cases did not differ greatly — the differences were usually less than five
percentage points. The main exception was Q39 (Overall how would you personally rate the quality of OASys assessments
in other trusts/establishments?) - the results across the three-point scale differed by sixteen, nine and seven percentage
points.
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nevertheless ensured that differing types of prison establishments and differing sized probation trusts

were represented.

Analysis

The combination of fixed response and open-ended questions within the online survey enabled (i)
comparisons to be easily made between different users and between the prison and probation
services while (ii) allowing assessors to provide further explanation and elaboration. The responses to
all fixed-response questions were analysed through use of IBM SPSS Statistics, assessing whether
certain views were related to the assessors’ location (prison or probation), grade, OASys experience,
gender, age or ethnicity,”” or were more typical of general views and responses. Chi-square tests

were used to assess whether the views between assessor sub-groups differed significantly.18

The responses to the open-ended questions in the self-completion questionnaire were explored via
the text analytics component of IBM SPSS Modeller. This text mining tool employs advanced linguistic
technologies and Natural Language Processing to extract key concepts/terms.*® For the open-ended
questions included within the face-to-face interviews, a thematic analytical framework was developed

with links to the research questions.

Limitations
Some potential non-response biases from use of the online survey were checked (see above), but
other potential biases remained. For example, enthusiastic users or users with a more negative

attitude to OASys might have been more likely to respond than indifferent users.

As noted above, no attempt was made to ensure that the second stage interviews were fully
representative. Furthermore, only a small number of interviews were conducted at this stage meaning
any results will not be generalisable to the wider OASys lead or manager population. In order to save
time and resources, these interviews were conducted through the use of video conferencing
technology (VCT). However, in some circumstances it was not possible to use the VCT facilities, with
one interview being conducted face-to-face and two being conducted over the telephone. It is possible
that these differing forms of engagement may have affected the responses obtained (Oppenheim,
1999).

7 All statistically significant differences at the 95% confidence level were examined, but this chapter focuses upon such

differences between (i) prison and probation assessors and (ii) Probation Officers (POs) and Probation Service Officers
(PSO0s).

In relation to probation grades, chi square tests were only performed between PSO and PO grades due to low base
numbers for Senior Probation Officer (SPO) grades. Similarly, chi square tests were not performed on ethnicity due to low
base numbers for Black, Asian and Minority Ethnic (BME) assessors.

Key concepts/terms, representing the essential information, were extracted automatically, with normalisation and grouping
techniques correcting punctuation and spelling errors respectively. Closely related concepts were then grouped into higher-
level categories, firstly through further linguistic based methods, identifying synonym and hyponym relationships and root
terms, and then manually.
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The results of the linguistic text mining, used to extract the textual information recorded within the
completed online questionnaires, are dependant upon the linguistic resources used. The dictionary
resources include synonyms, words to be excluded from extraction, types that group together multiple
terms, and other more specialised tuning algorithms, such as words not to be confused when fixing
spelling errors. Further editing of these resources through multiple iterations could improve the
accuracy and value of the concepts extracted.

2.3 Results

The assessment process

Approximately nine out of ten assessors (89%) felt that the information recorded in an OASys
assessment supported them very or fairly well in managing offenders’ risks and needs. Assessors
were specifically asked about the usefulness of the differing risk predictors/ratings in managing
offenders’ risks and needs. As shown by Table 2.1, the RoSH ratings, which are based upon
structured professional judgement, were most commonly viewed as very or fairly useful — 90% of
assessors responding in this way. For the actuarial reoffending predictors (OGP1, OVP1 and
OGRS3), the proportion of assessors viewing them as very or fairly useful were 67% for OGP1, 68%
for OVP1 and 70% for OGRS3.% Across all three actuarial predictors, there were significant
differences between the views of Probation Service Officers (PSOs) and Probation Officers (POSs),
with the former more likely to view the predictors as very or fairly useful.” For example, three-quarters
(75%) of PSOs viewed OGP1 as very or fairly useful compared to less than two-thirds (64%) of POs,

with 16% of the latter responding that it was not very or not at all useful.

Within the interviews, the majority of the OASys leads tended to agree that the RoSH ratings were
most useful, with the use of professional judgement underpinning these ratings being highlighted as a
positive. Other explanations for the differing views regarding the predictors/ratings included a
preference for textual summaries and low, medium and high ratings rather than a quantitative score or
percentage figure.

“In terms of accessibility, when you want to quickly look something up and get a quick

overview of somebody you are about to interview who you don't know, | would look for the

words rather than numbers.” Probation, Quality development officer

Another interviewee felt that the RoSH ratings were easier to understand than scores, and admitted
that they did not have a good understanding of the actuarial scores or percentages. There also

appeared to be some confusion about the actuarial scoring. A couple of interviewees were not aware

2 All these actuarial reoffending predictors have been validated as robust measures (Howard, 2009; Howard et al., 2009).

Differences in assessors’ views between the usefulness and application of actuarial and clinical measurements has also
been highlighted through previous research with probation officers (Fitzgibbon et al., (2010), Robinson, (2002)).

A Canadian study, based on 71 interviews with correctional workers, reported that some respondents felt that actuarial
assessments were most useful for less experienced staff, with seasoned professionals being able to use their “experiential
knowledge” and/or “common sense” (Hannah-Moffat, Maurutto and Turnbull (2009)).
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that the actuarial reoffending predictors also produced low, medium and high ratings or that they

incorporated both static and dynamic factors.

“To me | look at the stats and say it's a high score, but for me | can’t internalise that,

whereas if | could think in terms of low, medium, high that's better for me, it's more

tangible.”

Prison, Offender supervisor

“RoSH ratings are easier compared to scores — [some assessors] don't know what the

scores mean. It is a training/knowledge issue and use of language.”

Prison, Head of Offender Management

Table 2.1: Assessors’ views on the OASys assessment process

Unweighted
Question n Answer (%)
Very / |Neither well | Not very / not

How well do you feel: fairly well | or not well at all well
e the information recorded in an OASys assessment

supports you in managing offenders’ risks and

needs? 1,093 89 8 3
o that an OASys assessment assists with the targeting

of accredited interventions? 1,093 57 25 19
o that an OASys assessment assists with the targeting

of non-accredited interventions? 1,093 54 28 18
o that specialist assessments (e.g. RM2000, SARA) link

to OASys assessments? 1,093 38 28 34
e OASys assessments assist with completing standard

delivery Pre-Sentence Reports? 631* 67 13 20

Very / Neither
How useful do you feel the following risk predictors/ fairly useful or |Not very / not
ratings are in managing offenders’ risks and needs? useful not useful | at all useful
e OGP1 1,093 67 21 13
e OVP1 1,093 68 20 12
e OGRS3 1,093 70 17 13
o Risk of Serious Harm ratings 1,093 90 6 4
Strongly Neither Disagree /

To what extent do you agree or disagree with the agree/ agree nor strongly
following statements? agree disagree disagree
¢ OASys assessments enable progress in addressing

offenders’ risks and needs to be monitored. 1,093 80 13 7
o OASys assessments enable changes in offenders’

risks and needs to be monitored. 1,093 81 12 7
¢ | usually have sufficient working hours to complete

OASys assessments. 1,093 29 15 56
o | regularly use my professional judgement to

complete an OASys assessment. 1,093 93 4 3
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Unweighted

Question n Answer (%)
About

Generally, | feel that the amount of: right Too little Too much
o professional judgement required to complete an

OASys assessment is... 1,093 71 24 5
o offender engagement in the sentence planning

process is... 1,093 69 28 3

Yes No

Generally, do you feel that you have sufficient offender
information to complete an OASys assessment? 1,093 68 32 -

Do you use the offender self-assessment questionnaire
to inform the sentence plan? 1,093 84 16 -

Do you feel that IT issues have any detrimental impact
upon your ability to complete an OASys assessment? 1,093 64 36 -

*indicates a probation only question

Professional judgement

The majority (93%) of the assessors strongly agreed or agreed that they regularly used their
professional judgement to complete an OASys assessment (Table 2.1).22 A higher percentage of
probation assessors strongly agreed or agreed they regularly used their professional judgement
compared to prison assessors (94% compared to 89%). Differences were also noted when the
assessors were asked about the amounts of professional judgement they felt were required to
complete an OASys assessment. Overall, approximately seven out of ten (71%) of the assessors felt
that the amounts were about right, but approximately a quarter (24%) stated it was too little. Probation
assessors were more likely than prison assessors to respond that too little professional judgement
was required to complete an assessment (27% compared to 11%), with just under a third (32%) of

POs responding in this way compared to 15% of PSOs.

During the OASys lead interviews, mixed views were expressed on the amounts of professional
judgement required and whether more should be used. There were suggestions that the structure of
the OASys assessment could, in some instances, make it feel to the assessor that they were not using

their professional judgement.

“I think a lot of professional judgement is required in OASys but sometimes the way
things are worded and some of the tick boxy bits of OASys make it feel like professional
judgement isn't being exercised.” Probation, OASys countersigner and quality assurer

2 Similarly, in a Canadian study, correctional workers reported that professional judgment was “regularly incorporated into the

actuarial assessment process” (Hannah-Moffat, Maurutto and Turnbull, 2009). The practitioners continued to “exercise
considerable judgment in determining the selection of information, the identification of collateral sources to be consulted, the
assessment of criteria, the calculation of risk scores, and the extent to which risk outputs determine recommendations and
case management”.
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It was noted that the text boxes within the assessment could allow an assessor to expand upon and
use their professional judgement. If more professional judgement were to be used, the interviewees
noted that it would be important to ensure that:

0] assessors had sufficient confidence in their own abilities; and

(i) sufficient time was made available to enable them to complete assessments which were

of sufficient quality.

“It's also about confidence, not just about not having the option”
Probation, OASys quality assurer

Two of the interviewees who had been involved in ‘Professional Judgement pilots’ noted how there
had been a shift in attitudes amongst assessors towards OASys. The pilots had relaxed the probation

National Standards on the timescales for OASys completion.

“Certainly in [probation area]...[there has] been a shift through the pilot from people
thinking OASys is a very lengthy form they have to fill in before they can get on with doing
their job, towards thinking OASYys is there to serve us and we need to be using our
judgements and assessments, and we need to make a decision about how OASYys is
going to best help us record those things. In a sense, OASys should be all about
professional judgement and | think it's about trying to help practitioners see it in a
different way to make it more about professional judgement.”

Probation, OASys countersigner and quality assurer

Offender information for the OASys assessment
Approximately two-thirds (68%) of the OASys assessors felt they had sufficient offender information to
complete an OASys assessment (Table 2.1). The views of prison and probation assessors differed
significantly, with a higher proportion of prison assessors compared to probation assessors stating
they did not have sufficient offender information (50% and 29% respectively). Where the assessors
stated the information was insufficient, the reasons included difficulties gaining access to:

0] earlier reports such as Pre-Sentence Reports;

(i)  Crown Prosecution Service documents including the disclosure pack;

(i) information from previous establishments; and/or

(iv)  previous offence history for all types of offenders, and, more specifically, non-UK offence

information for Foreign National Prisoners.

It was evident from the OASys lead interviews that there were local differences in the ease with which
relevant information could be obtained. Areas gave examples of local initiatives or changes in the

ways of working which had helped overcome some problems. These included (i) the merging of court
administrative teams and a more consistent presence in court, leading to better access to key reports,

and (ii) establishing direct contact with partner agencies.
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Offender engagement in the sentence planning process

Approximately seven out of ten (69%) assessors felt that the amount of offender engagement in the
sentence planning process was about right; with over a quarter (28%) saying it was too little.
Significant differences were noted between prison and probation assessors with a higher proportion of

probation assessors stating it was too little (30% and 18% respectively).

While most interviewees thought that there was scope for increasing the levels of offender

engagement, having the time to fully engage with an offender was seen as a key issue.

“By and large we have as much as we can, because we really are busy. A lot of it is very
reactive. We often don't get the time to work one-to-one with somebody and build up a
relationship with them, where you feel like you can make a difference in offending
behaviour. Biggest complaint — everybody would like to be able to spend more time.
Considering the constraints and the amount we have to juggle we do a good job, but we

would like to do more.” Prison, Offender supervisor

The majority (84%) of the OASys assessors responded that they used the offender self assessment
questionnaire (SAQ) to inform the sentence plan. Respondents stated that the SAQ helped to identify
problem areas or areas of need for the offender. Others highlighted the importance of gaining the
offenders’ opinions and an understanding of their perspective, which could then be incorporated within
the sentence planning process. A higher percentage of probation assessors compared to prison
assessors said they used the offender SAQ to inform the sentence plan (86% compared to 78%).
Furthermore, a higher percentage of PSOs than POs used the offender SAQ in this way (92% and
81% respectively).

For those who responded that they did not use the SAQ to inform the sentence plan, this was often
because they were not involved in the sentence planning process. Some had a preference for using
information from (i) the core OASys assessment and/or (ii) face-to-face discussions with offenders.

Others felt that the form was too basic and did not provide sufficiently reliable information.

“More of a 50/50 [in terms of SAQ use] rather than an outright ‘no’. Sometimes a good
SAQ marries up well with the assessor’s own observations, other times the offender can
have very limited insight or wishes to conceal some issues and therefore the SAQ is not

completed with insight or integrity.” Probation assessor (Questionnaire response)
During the interviews, the OASys leads highlighted scope for improving the offender SAQ form. One

probation interviewee felt that, whilst more people were using the SAQ, it was not very ‘solution

focused’ because of the yes/no format of answers to set questions. The position of the offender SAQ,
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which was placed towards the end of the OASys operational IT systems, was also seen by some

OASys leads as unhelpful.?

OASys resource demands

Over half (56%) of the assessors strongly disagreed or disagreed with the statement ‘I usually have
sufficient working hours to complete OASys assessments’ (Table 2.1). There were differences
between probation grades, with a higher percentage of POs compared to PSOs strongly disagreeing
or disagreeing that they usually had sufficient time (63% and 48% respectively). A higher percentage
of probation assessors compared to prison assessors also strongly disagreed or disagreed they

usually had sufficient time (57% and 47% respectively).

During the OASys lead interviews, mixed feelings were expressed regarding the amount of time
assessors had to complete OASys assessments. Whilst some interviewees felt there was an issue

with the amount of time required for completing good quality assessments, others disagreed:

“Yes, most people (across all grades POs PSOs) feel that they don't have sufficient time
to complete an assessment to the standard that they would like. It's taking time away
from other things that they would rather be doing.”

Probation, OASys countersigner and quality assurer

“Possibly not now. Originally when [OASys] first rolled out it was [an issue with the
amount of time required to complete a quality assessment]. But | think that the assessors

we have are now all up to speed, apart from two new ones.” Prison, Transfer Officer

Nine out of ten (90%) of the assessors were OASys users prior to the changes made to OASys in
August 2009. Of these, more than half (53%) felt that the introduction of the standard OASys layer
was very or fairly helpful in terms of reducing the time they spent completing assessments (Table 2.2).
The views of the POs and PSOs differed significantly — 71% of PSOs found the introduction of the
standard OASys layer helpful, compared to less than half (45%) of POs. This difference could be due
to the PSOs handling a larger proportion of the lower risk cases and thus using standard assessments

more regularly.

# The position of the SAQ was changed as part of the OASys-R project. It now appears before the RoSH component.
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Table 2.2: Assessors’ views on the August 2009 changes to OASys

Unweighted

Question n Answer (%)

Yes No
Were you an OASys user prior to the
changes made within OASys release
4.3.1 (August 2009)? 892 90 10
How helpful do you feel the
introduction of the following have been Neither
in terms of reducing the time you Very/fairly helpful or | Not very/not Don't
spend completing assessments? helpful unhelpful | at all helpful know
e Standard OASys layer 780 53 27 15 6
e Fastreviews 780 58 15 17 9
Do you think the basic OASys layer
has been a helpful addition? 457* 46 20 17 18

*indicates a probation only question

As Table 2.2 also shows, just under half (46%) of the probation assessors who used OASys prior to
the August 2009 changes viewed the introduction of the basic layer as a very or fairly helpful
addition.?* During the OASys lead interviews, mixed feelings were expressed. Whilst some felt that the
information collected was too simplistic, others thought the detail was adequate. Just under three-fifths
(58%) of all the pre-August 2009 assessors felt that the introduction of fast reviews was very or fairly
helpful in terms of reducing the time they spent completing assessments. There was a significant
difference between the views of prison and probation assessors; approximately three-fifths (61%) of
probation assessors noted a positive impact of fast reviews on time spent completing assessments
compared to approximately two-fifths (39%) of their prison counterparts. This difference may be
attributed to the fact that assessments are reviewed less regularly within a prison setting, limiting the
appropriateness of fast reviews. Within the probation service, 72% of PSOs stated that fast reviews

had saved time, compared to 55% of POs.

Whilst some OASys leads felt that the basic layer and fast reviews reduced the time spent completing
assessments for lower risk cases and increased their face-to-face time with higher risk offenders,
others thought that fast reviews did not save as much time as they could, pointing out that they could

not be used whenever the questions in a specific section required updating.

#  While basic assessments have been completed by all probation trusts, their initial uptake varied hugely. Thus, while the

question on basic assessments was asked of all probation assessors who were users prior to August 2009, some assessors
will have been able to reach a more informed judgment than others.
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Targeting of the OASys assessment

More than four-fifths (83%) of all assessors felt there was scope for improving the targeting of OASys
and its layers (Table 2.3), with probation assessors significantly more likely to agree with this view
compared to prison assessors (84% and 78% respectively). Of all assessors who held this view,
around a quarter (24%) felt the full layer was targeted at too many offenders, while one-fifth (20%)

believed that fast reviews were targeted at too few offenders.

“I agree fast reviews are used with too few offenders. | think that's about potentially
changes in practice rather than targeting. | think the targeting is okay but because people
have the option to do what they've always done it's easier to keep doing that rather than

learn to do something differently.” Probation, Quality Development Officer

Table 2.3: Assessors’ views on the targeting of the OASys assessment

Unweighted

Question n Answer (%)

Yes No - -
Do you believe that there is scope
for improving how OASYys is
targeted at offenders? 1,093 83 17
Do you feel that the following
types of OASys are targeted at the Yes, about |No, too many | No, too few
most appropriate offenders? right offenders offenders No, other
e Basic 531* 64 15 14 7
e Standard 888 66 16 10 8
o Full 888 63 24 8 5
o Fast reviews 888 57 12 20 11

*indicates a probation only question

Some assessors, and also OASys leads, indicated that a decision had been taken in their
trust/establishment not to complete a specific type of assessment or fast reviews. Fast reviews were
not considered to be as resource friendly as had been initially suggested.

“[There is] confusion over fast reviews. I'm not sure how fast they are. We've got to do
the work either way. We have to go through the work even if we are not sure whether it
should be a fast review or not. There is a push for assessors to do more fast reviews
wherever possible because it's supposed to be resource friendly but the outcome could
be different with assessors having to go back and do another one (assessment).”

Probation, Practice Manager
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Furthermore, some OASys leads perceived that the different layers and fast reviews were not always

used correctly because of a lack of knowledge and/or training.

“I would agree. I'm confused. I'm clearer now about the different layers. What | need to
get my head around is the fast reviews. And that's because the team that | work in largely
deal with Tier 4 offenders, so we haven't had the option other than a full, standard review.
And now that is a shift in practice. Mainly doing full and standard and not fast reviews. |
think there is scope to do fast reviews but we are not fully aware of what scope there is.”
Probation, OASys countersigner and quality assurer

Overall, the majority of interviewees agreed that there was scope for improving the targeting of the
different layers. When OASys leads were asked to suggest what could be done to improve the
knowledge of how to use the different OASys layers and fast reviews, suggestions included:
. Team managers helping to ensure that the correct layer is used and, if necessary, having
discussions with assessors when the wrong layer of assessment has been used.
. Creating a discussion database where assessors can access relevant information on the

different layers and their use.

. Asking staff members to assess the quality of other assessors’ work.
. Sending out local guidance and practice instructions.
. Staff being given the opportunity to attend briefings which provide further information on

the OASys layers, rather than only being sent information about OASys changes via

email correspondence.

“For me personally the guidance has been in a written form and | have had or made the
time to sit down and get my head around it. It's not my preferred way of receiving
information. | would rather somebody sat down and talked to me about it and perhaps
even went through one with me. So | think it is probably implementing changes via email.”

Probation, OASys countersigner and quality assurer

“I think the difficulty is the people writing the guidance know what they are doing, so they write the
guidance from a point of having a great deal of knowledge which sometimes isn't helpful guidance for
the person who has no knowledge.”

Probation, Quality Development Officer

Content of OASys assessments

Level of detail and content

When assessors were asked about the level of detail and content in the different types of OASys, the
proportion of assessors viewing them as about right was 63% for the basic (probation assessors only),
68% for the standard, 73% for the full and 68% for fast reviews (Table 2.4). More than one in ten felt

that too much detail was collected in the standard and full layers of OASys (13% for both respectively),
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but a similar proportion (12%) felt that too little detail was collected at the standard layer. Some

highlighted the difficulties that could be caused by switching between the two layers, with some

valuable information not being pulled through to subsequent assessments.

Table 2.4: Assessors’ views on the content of the OASys assessment

Unweighted
Question n Answer (%)
Do you feel that the right level
of detail is collected in the Yes, about
following types of OASys? right No, too much | No, too little No, other
¢ Basic 631* 63 9 19 9
¢ Standard 1,093 68 13 12 7
o Full 1,093 73 13 7 7
e Fast reviews 1,093 68 8 16 8
To what extent do you agree or Strongly
disagree with the following Strongly Neither agree disagree/
statements? agree/agree | nor disagree disagree
| feel that the content of OASys
is sufficient for assessing all
offenders. 1,093 59 19 22 -
How well do you think the
OASys assessment deals with Very/fairly Neither well Not very/not
the following diversity issues? well or not well at all well
o Age 1,093 49 29 22 -
o Gender 1,093 49 28 23 -
¢ Ethnicity 1,093 49 26 25 -
¢ Disability 1,093 52 25 23 -
¢ Religion 1,093 46 31 22 -
e Sexual orientation 1,093 36 35 29 -

Yes No Don't know

Do you feel that any
unnecessary information is
required to be recorded at any
of the OASys layers? 1,093 29 71 -
Do you feel that any risk
factors are missed from all of
the OASYys layers? 1,093 21 59 20
Do you feel that any
positive/protective factors are
missed from all of the OASys
layers? 1,093 16 61 23

*indicates a probation only question

The proportion of assessors stating that too little detail was collected at the basic layer and within fast

reviews was 19% and 16% respectively (Table 2.4). As Table 2.4 also shows, approximately three-

fifths (59%) of assessors agreed that the content of OASys was sufficient for assessing all offenders.
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Comparing probation grades, PSOs were more likely to agree with this statement than POs (68% and

59% respectively).

Information collected in an OASys assessment

Approximately seven out of ten (71%) of the assessors did not feel that unnecessary information was
required to be recorded at any of the OASys layers (Table 2.4). Probation assessors were more likely
to feel unnecessary information was required than their prison counterparts (31% versus 14%).

Similarly, POs were more likely to state this view compared to PSOs (33% versus 20%).

Some assessors made specific reference to overlaps between the summary and full RoSH sections.
OASys leads differed in their views; some agreed that the RoSH sections were 'long-winded' with a lot
of information either being carried over or just ‘cut and paste' from the different sections. But others

stated that the summary sheet was useful, providing a 'quick snapshot of all issues and scores'.

Some assessors also made specific reference to overlaps between the sentence plan and risk
management plan, with which the majority of OASys leads agreed. For example, details on
professional contact and agency involvement in the risk management plan were often duplicated in the

liaison arrangement of the sentence plan.

When asked about duplication of questions within the core OASys assessment, prison and probation
OASys leads felt that there was extensive repetition in the information being recorded, notably within
the evidence boxes at the end of each section. However, one interviewee felt that some degree of

repetition was inevitable, as offenders' risks and need factors were intertwined and could not be seen

in isolation.

Interviewees agreed that duplication occurred in the following sections:

0] Section 2 (analysis of the offence) — this section was considered too repetitive; only the
pertinent information should be pulled through.

(i)  Section 9 (alcohol misuse) — 9.1 two text boxes — Information from the Q9.1 text box (‘'If a
problem describe level and frequency of alcohol consumption at present time’) is
repeated in the evidence ratings text box at the end of the section.

(i)  Sections 11 (thinking and behaviour) and 12 (attitudes) — these two sections were

considered to be 'quite closely linked and could be incorporated into one'.

Risk factors

Approximately three-fifths (59%) of assessors thought that no risk factors were missing from the
OASys layers, with approximately one-fifth (21%) disagreeing (Table 2.4). Probation assessors were
more likely to indicate that risk factors were missing compared to prison assessors (23% and 12%

respectively), with POs more likely to hold this opinion than PSOs (30% and 10% respectively).
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Some assessors who said that risk factors were missing did not identify specific factors, but indicated
that OASys was too general for specific offender groups such as female sex offenders, female
domestic violence perpetrators, internet sex offenders and serving or ex-serving military personnel.
Others, on the other hand, cited the following risk factors they felt could be included or expanded upon
within the assessment:
0] Domestic violence (DV): jealousy; number of DV call outs; number of police call
outs/police intelligence; any presence of children in the household; prostitution; historic
DV history; vulnerability to harm posed by others; power/controlling behaviours; any
current restrictions e.g. harassment order.
(i)  Sex offenders: sexual interest; sexual experiences; issues relating to sexuality.
(i)  Mental health: nature of delusional beliefs/hallucinations; psychosis; personality disorder;
Asperger’s syndrome/autism; Attention Deficit Hyperactivity Disorder (ADHD).

(iv)  Other: gambling; gang-related issues.

OASYys leads had mixed views when they were asked whether specific risk factors relating to DV and
sex offenders should be included. In terms of sex offenders, some interviewees felt that OASys was
not well tailored for this group or particular sub-groups (e.g. child sex offenders) or for highlighting
sexual offences which were not the index offence. Some interviewees thought that specific prompts
should be made to Risk Matrix 2000 (RM2000).?> On some occasions, OASys leads suggested that
assessors would complete RM2000 on paper but this information was not reflected in the OASys
assessment. Furthermore, one third of assessors felt that OASys assessments did not link very or at
all well with specialist risk assessments such as RM2000 or Spousal Assault Risk Assessment
(SARA)*® (Table 2.1).

In terms of DV, some OASys leads felt that this area was sufficiently covered within the relationships
section (which includes a textual box for recording relevant information) and within SARA. Others, on
the other hand, felt that DV was not highlighted enough and could be overlooked. For example, in
some cases, assessors would tick yes for domestic violence but would not provide the supporting
evidence.?’ It was also suggested that more in-depth questions could focus on issues relating to
stalking/harassment. One interviewee said that OASys focused upon partner violence and was less
tailored towards violence that takes place in a domestic setting between other family members, for

example, mother and son or other non-intimate partner.?®

25
26

RM2000 is a risk measurement tool specifically designed to assess risk for male sex offenders (Thornton, 2007).

Spousal Assault Risk Assessment (SARA) is a clinical checklist of risk factors for spousal assault. It is used in the UK prison
and probation service to determine whether an offender is suitable for an intervention (Kropp, Hart, Webster and Eaves,
1995).

The OASys assessment provides free text boxes to allow the assessor room to expand on any issues.

The current question in the OASys assessment asks for evidence of domestic violence which relates to any form of
violence, or emotional or physical abuse, threatened or actual, that occurs between two domestic partners. The question is
deliberately narrow to identify a specific group of offenders and does not include physical violence against other relatives, or
members of the household.

27
28
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Positive/protective factors

Around three-fifths (61%) of assessors felt that no positive or protective factors were missing from the
OASys layers (Table 2.4). Some of those who disagreed (16% of the sample) felt that OASys
assessments largely focused on offenders’ problems and their risk factors rather than their strengths
(see also Chapter 6). The following positive/protective factors were mentioned in assessors’

open-ended responses:

. Accommodation

. Family support / stable relationships
. Employment

. Financial stability

. Faith / Religion

. Cultural factors

. Educational ability / courses completed

. Self efficacy / self belief / self esteem

. Motivational factors (previous engagement with partner agencies, potential engagement

with changing process)

° Offender’s hobbies / interests

Diversity issues

Approximately half of the assessors felt that OASys assessments covered age (49%), gender (49%),
ethnicity (49%), disability (52%) and religion (46%) very or fairly well. For sexual orientation, the
proportion was nearer one third (36%; Table 2.4). There were some significant differences in the views
of prison and probation assessors, with the former more likely to agree that gender, ethnicity, religion

and sexual orientation were very or fairly well covered compared to their probation counterparts.

OASys training and guidance

Training

At the time of the research, training requirements varied depending on geographical location and
between probation and prison, although the expectation on the probation side was that assessors
should attend OASys refresher training every three years. As shown by Table 2.5, approximately a
half (51%) of all respondents to the questionnaire last received OASYys training two or more years ago.
The remainder had received training in the last 12 months (25%) or between a year and two years ago
(24%). There were significant differences between prison and probation assessors, with more prison
assessors than probation assessors having completed OASys training two or more years ago (62%
and 49% respectively). In terms of the availability of training, over a half (53%) of prison assessors felt

that OASys training was not available when it was needed, compared with just over a third (36%) of
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probation assessors.” Importantly, current training arrangements are different between the two

services. For the prison service, training is managed centrally; whereas for the probation service,

training is managed by the individual trusts.

Table 2.5: Assessors’ views on OASys training

Unweighted
Question n Answer (%)
12 months to
Less than 12 less than 2 2 or more
months ago years ago years ago
When was the last time you
received OASYys training? 921 25 24 51
Yes No -
Do you feel that OASys training is
available when it is needed? 1,093 62 38 -
Neither well or | Not very/not at
Verylfairly well not well all well
How well do you feel that OASys
training meets your needs as an
OASys assessor? 1,093 61 19 20

Such differences were also evident through the OASys lead interviews. In some probation trusts, the
interviewees stated that most types of training (including the initial induction training and quality
assurance role training) could be accessed quickly; assessors did not have to wait for a course to be
fully subscribed and they would receive training within a week of starting their roles. In contrast, prison
interviewees reported variability in: (i) the availability of the different types of training; and (ii) the
waiting times.*® One OASys lead mentioned difficulties around releasing prison staff to complete

training courses, especially if the training took place off site.

“As soon as a new member of staff starts... they go on training as soon as is possible.”

Probation, OASys training officer

“Well when people arrive they take ages to go on the course. You can't do OASys until
you've done the training, you can't log on to the system. You can't be an assessor unless
you've done the training.” Prison, OASys quality assurer
Guidance

As shown by Table 2.6, over half of the OASys assessors strongly agreed or agreed that the OASys
online help is sufficiently clear (56%) and sufficiently detailed (51%). Just under half (45%) of the

assessors thought that there was scope for improving the OASys online help. Suggestions for

?  This survey was undertaken at a time where there was a gap in prison training due to the imminent release of the new IT

system through the OASys-R project.

% As noted above, this could be due to the gap in availability of prison OASys training at the time the survey was undertaken.
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improvement included: (i) making the guide more user-friendly through improved navigation; and
(ii) improvements and updates to the Appendix offence code list to make it quicker and easier to

identify the relevant offences.

Table 2.6: Assessors’ views on OASys guidance

Unweighted

Question n Answer (%)
Do you agree or disagree with the Strongly Neither agree Strongly
following statements? agreel/agree nor disagree disagree/disagree
e The OASys online help guidance is

sufficiently clear 1,093 56 24 20
e The OASys online help guidance is

sufficiently detailed 1,093 51 27 22
e Supplementary OASys guidance

issued by NOMS is sufficiently

clear 1,093 37 44 19
e Supplementary OASys guidance

issued by NOMS is sufficiently

detailed 1,093 36 45 19
e Locally devised OASys guidance is

sufficiently clear 1,093 44 38 18
o Locally devised OASys guidance is

sufficiently detailed 1,093 43 33 23

There were differences in the way assessors made use of the different OASys help manuals and
guidance. For example, some who did not know of the existence of the online help guidance or had
never used it, chose instead to refer to the OASys manual or ask colleagues for support and
clarification when needed.

“I have been with my area’s service for numerous years and nobody knows about the

online help”. Probation Service Officer (Questionnaire response)

“I have never used the online help, and didn’t know it existed. If | need help | will refer to

the manual.” Probation Officer (Questionnaire response)

The interviewees similarly stated that assessors did not always use the guidance if they needed help,

instead relying on locally produced guidance or preferring to discuss the issue with their colleagues.

“We have additional guidance — discussion and training database — which supplements
the main guidance [this includes templates with example assessments].

Probation, Training Officer
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“That's really difficult for me to comment on because | don't use it [the online guidance].

And I'm not conscious of officers using it routinely. | think what they [assessors] do if they

come unstuck is they come and talk about the issue, discuss it with fellow workers, rather

than necessarily use the [online help]... I'm not conscious of them using it a lot.”

Prison, Quality Assurance Lead

The majority of the OASys leads also agreed that there was scope for improving the OASys online

help. Whilst some of the OASys leads/managers felt the guidance was useful, others felt it did not

always provide the necessary answers. Furthermore some felt it was cumbersome and difficult to

navigate through.®*

OASys quality assurance procedures

As set out in Table 2.7, approximately two thirds of assessors (65%) felt that the level of quality

assurance for OASys assessments was about right. There were significant differences between

probation grades, with over three quarters of PSOs (79%) holding this view, compared to two thirds of

POs (66%).

Table 2.7: Assessors’ views on the OASys quality assurance procedures

Unweighted
Question n Answer (%)
Too little About right Too much

Overall, | feel that the level of Quality
Assurance (QA) in OASys assessments is: 1,093 18 65 17

Very / fairly | Neither helpful | Not very / not

helpful or unhelpful at all helpful

How helpful do gou think the introduction of
the QA process 2 has been at raising the
quality of assessments? 1,093 56 22 22

Excellent /

very good Good Fair / Poor
Overall, how would you personally rate:
the quality of OASys assessments in
YOUR trust/establishment? 1,093 44 34 22
the quality of OASys assessments in
OTHER trusts/establishments? 1,093 29 31 40

Yes No

Do you believe there is scope for improving
the quality of OASys assessments? 1,093 75 25 -

31

application now has a navigation menu, which moves with the user as they scroll up or down the page.
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This relates to the Quality Assurance role which was introduced in 2010.

The navigation of the guidance has been improved through the OASys-R project. Once within an assessment, the




Over half (56%) of the assessors thought that the introduction of the quality assurance process had
raised the quality of OASys assessments. Over two-fifths (44%) of assessors rated the quality of
OASys assessments in their own trusts/establishments as excellent or very good (Table 2.7). Prison
assessors were more likely to hold this view compared to their probation counterparts (57% and 42%
respectively). Approximately a third of assessors (29%) rated the quality of OASys assessments in
other trusts/establishments as excellent or very good (Table 2.7). Within the interviews, the majority of
OASys leads agreed that assessors were often more critical of assessments completed at other

trusts/establishments. They attributed it to 'human nature' and assessors' critical attitudes.

Three quarters (75%) of the assessors believed that there was scope for improving the quality of
OASys assessments (Table 2.7), with POs more likely to hold this view than PSOs (79% and 66%
respectively). When they were asked how the quality of OASys assessments could be improved,
frequently mentioned themes included:
. Management and supervision
- Increased support from managers and more constructive feedback.
- Building in a culture of developmental supervision on a monthly basis.
- Improved accountability for locking and signing off assessments which are blank or
not fully completed.
- Encouraging assessors to use their assessment rather than their 'story telling' skills
— some assessors tended to provide a narrative or description of offenders' lives
rather than an analysis of their risk/needs factors.
- Reducing caseloads/targets.
. Training and guidance
- Updating training packages to reflect all recent changes to OASys assessments. >
- Reviewing whether staff needed to attend group or one-to-one training.
- Having more, better, consistent and regular training across both services.
. Revisions to OASys
- Further streamlining of the assessment.
- Improving the RoSH content, e.g. a clearer distinction between risk of harm and
risk of serious harm.
. Reviewing QA processes
- Developing a feedback questionnaire asking assessors how beneficial the QA
process has been.
- Conducting benchmarking exercises on cases within the QA database, getting
others to quality assure the same assessments to check the consistency of

ratings.>*
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This has been addressed through the OASys-R project.
The quality assurance of others’ assessments already takes place in many regions.
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2.4 Implications

The findings presented in this chapter demonstrate that OASys was seen by assessors as having
various strengths. Crucially, the majority of assessors felt that the information recorded in an OASys
assessment supported them well in managing offenders’ risks and needs and enabled them to monitor
progress and change over time. Feedback on the RoSH ratings was positive, providing support to their
use in the new Case Allocation System (CAS) for allocating cases to the National Probation System
(NPS) or Community Rehabilitation Companies (CRCs). However, the assessors’ responses also
indicated areas for potential improvement. More specifically, consideration should be given to the

following:

The assessment process:
. Improving assessor awareness of: (i) the value and workings of the actuarial reoffending
predictors; and (ii) the current targeting criteria for the OASys layers and fast reviews.
The former will be important when designing the communications and training documents
which accompany the implementation of the next iterations of the reoffending predictors
(see Chapters 8 and 9).
. Encouraging establishments and trusts to share information/good practice, e.g. how to

access offender information.

OASys targeting:
. Reuvisiting the targeting of OASys and its layers. As the resources available for
assessment appeared to be stretched, any recommendations regarding future targeting

will need to pay careful regard to the resource implications.

OASys content:
. Removing areas of duplication within OASys (e.g. between the RoSH sections), and
revisiting the structure and content of the OASys self assessment questionnaire and the
sentence plan.

. Further examining the inclusion of positive and protective factors (see also Chapter 6).

OASys guidance and training

. Improving awareness of the online help guidance alongside the OASys manual.

OASYys quality assurance processes
. Encouraging the set up of local initiatives, such as staff briefings, discussion forums, peer
review support mechanisms and improved developmental supervision to help continue to

improve the quality of OASys assessments.

A number of the issues which have been highlighted in the research have now been addressed

through the OASys replacement (OASys-R) project and the introduction of a new OASys IT system.
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For example, the navigation of the OASys online help and the positioning of the offender SAQ form.
Similarly, the layer of assessment required for different offenders is currently under review as part of
the Offender Management Change Programme. It is also important to recognise that the national
figures disguise significant differences between the individual probation trusts and prison
establishments. These differences illustrate clear potential for the alleviation of trust/establishment

specific issues through improved guidance and the sharing of good practice.
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3. The prediction of reoffending by age, gender and
ethnicity

This chapter sets out the findings from research which tested the ability of OGP1 and OVPL1 to predict
proven reoffending for offenders of different gender, ethnicity and age. Key points are as follows:

e Among all offenders, actual (proven) reoffending was significantly below the predicted rate,
especially for non-violent offending, reflecting known overall reductions in reoffending since
OGP1 and OVP1 were created.

e Among women, non-violent reoffending was 3.7% below predicted, compared with 2.1% below
predicted for male offenders. While the non-violent reoffending of White offenders was 2.6%
below predicted, for Asian and Black offenders it was 3.4% and 2.2% respectively above
predicted. Actual and predicted non-violent reoffending were identical for offenders aged 18-19,
but actual rates were between 1% and 4% lower than predicted for all other age groups.

e Actual/predicted differences by gender and ethnicity were far smaller for violent reoffending,
while violent reoffending rates were 2% above predicted at age 18-19 and at least 4% below
predicted for 22—23, 46-50 and 51+ year olds.

e Both predictors achieved reasonable relative predictive validity — successfully distinguishing
likely reoffenders and likely non-reoffenders — for all offender groups. Relative predictive validity
was greater for female than male offenders, for White offenders than offenders of Asian, Black
and Mixed ethnicity, and for older than younger offenders. After controlling for differences in risk
profiles, lower validity for all Black, Asian and Minority Ethnic (BME) groups (non-violent
reoffending) and Black and Mixed ethnicity offenders (violent reoffending) was the greatest

concern.

Statistical modelling suggests that some between-group differences in risk factors for reoffending may
exist, but incorporating these factors does not improve prediction of reoffending sufficiently to justify
the introduction of separate predictors. Revision of the predictors will be required to ensure that they
reflect contemporary patterns of reoffending.

3.1 Context

Awareness of diversity issues is important to NOMS'’s offender assessment and management
practice, and they were thoroughly considered in developing the Offender Management Model through
an equality impact assessment. It is therefore important to establish whether NOMS's risk predictors

are equally valid for offenders with different personal characteristics. Data available in OASys allows
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identification of age, gender and self-reported ethnicity. The analysis in this chapter therefore studies

these aspects of diversity in risk prediction.*

The aims of the analysis were to:
1. Establish whether the predictive scores within OASys predict absolute and relative risks
of reoffending equally well for offenders of different age, gender and ethnicity.
2. Where any differences in predictive validity exist, investigate the reasons for these
differences in order to:
a. provide guidance to operational staff on use of the scores as they are now; and

b. inform future research to update the predictive scores.

3.2 Approach

Sample

Lists of offenders assessed using OASys by 31 March 2007 were submitted to the Ministry of Justice’s

(MOJ’s) Police National Computer (PNC) research database in June 2009. The following cases were

filtered out:

. those whose index offence could not be identified on the PNC;

. those whose assessment was not within three months of their community sentence or
discharge from custody;

. those for whom OGRS, OGP1 or OVP1 scores could not be calculated;*

. those whose follow-up commenced less than 36 months prior to the PNC extract date;
and

. those included in the original OGP1/OVP1 construction and validation study (Howard,
2009).

A sample of 92,514 cases remained for the analysis of 24-month proven reoffending outcomes. These
offenders commenced community sentences or were discharged from custody between July 2004 and
June 2006. Offenders could be included more than once, when these assessments were related to
separate non-concurrent sentences. The eligible sample comprised 24% on licence from a custodial
sentence, 31% on Criminal Justice Act 2003 (CJA 2003) Community Orders, 6% on Suspended
Sentence Orders and 39% on pre-CJA 2003 community sentences. The breakdown by principal
current offence was as follows:

. 25% violence against the person

. 2% robbery

% Research on the associations between risk prediction and sexual orientation, disability and other aspects of diversity is not

currently possible. While information on religious faith is also collected in OASys, levels of data completion, the relatively
small size of many faith groups within the offender population and especially the strong correlation between faith and
ethnicity make meaningful analysis of the relationship between faith and reoffending difficult.

* Dueto missing date of birth or apparent convictions aged under 10, or missing data on OGP1 or OVP1 items.

46



. 7% public order offences
. 3% sexual offences

. 5% burglary

. 14% theft and handling
. 3% fraud and forgery

. 8% absconding

. 19% motoring offences
. 4% criminal damage

. 7% drugs offences

. 3% all other offences

Demographic details of the eligible sample are included in the results section below.

Procedure

The analysis focused on 24-month proven reoffending outcomes. The 24-month period related to the
time following community sentence or discharge from custody within which reoffending must have
occurred to be included in the outcome measure. An additional 12-month ‘buffer’ period was allowed
for the offence to be brought to justice and PNC data entry to occur, summing to the 36-month period
specified in the Sample section above. For convenience, the outcomes predicted by OGP1 and OVP1
are referred to as non-violent and violent proven reoffending respectively, and the term reoffending is
sometimes used as a synonym for proven reoffending. The potential complexity of the relationship
between true reoffending and proven reoffending should always be noted, and is discussed further in

the Implications section below.

The validity of OGP1 and OVP1 across diverse groups was tested in two respects: their ability to
identify absolute and relative risk. An additional benefit of the analysis presented in this chapter is that
testing absolute and relative predictive validity on this sample also provides information on how well
OGP1 and OVP1 predict for offenders post-dating the sample on which they were constructed and
validated. As Howard (2009) reports, OGP1 and OVP1 were developed on samples assessed until

September 2004; this chapter’s eligible sample covers the period October 2004 — June 2006.

To test absolute risk, actual and predicted proven reoffending rates are compared for all offenders,
and for those in given score bands. The bands initially covered 5-point ranges along the 100-point
OGP1 and OVP1 scales, with adjacent bands merged where necessary to increase numbers. The
figures which present these results include only bands containing at least 50 offenders, in order to

avoid presenting potentially misleading results based on very small numbers.

To test relative risk, Area Under Curve (AUC) statistics are presented. High AUCs are clearly desirable

if a risk predictor is to help offender managers and other staff correctly identify the subset of offenders
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who require scarce supervision and intervention/programme resources and/or should be incapacitated
(imprisoned or subjected to restriction on their movements or activities while in the community) for
public protection. It is important to understand that high AUCs arise when many offenders have very
low and/or very high probabilities of reoffending and the risk predictor accurately estimates these
probabilities. Lower AUCs arise when groups are homogeneous (i.e. offenders within the group have
similar actual probabilities to one another) or the actual probabilities of reoffending are less extreme
(i.e. closer to 50%) than predicted because the predictor fails to include relevant risk factors and/or

under- or overestimates the importance of the risk factors it does include.

Differences between AUCs for the same predictor are detected using T-tests (Gonen, 2007), with
reference groups of age 26-30, male and White offenders (these are the most frequent age, gender
and ethnic groups). If AUCs differ significantly between groups, this may be because the predictor fails
to discriminate effectively between higher and lower risk offenders, or it may be that the group is
unusually homogenous. AUCs will be lower when offenders do not differ on major risk factors.
Accordingly, AUCs for specific age and gender groups are likely to be lower than the overall AUCs, as
age and gender are each scored in both OGP1 and OVP1. The banded score figures mentioned
above are useful for showing the extent of differences in proven reoffending across bands between
those in each group. A more precise method is the calculation of standardised AUCs. Differences in
the proportions with each score are controlled for by applying each score’s reoffending rate among the
group of interest to the population distribution of the reference group. This means that only the

reoffending rates are varied between the group of interest and the reference group.*’

Note that age is categorised using the scheme applied in the original OGP1/OVP1 study (Howard,
2009), and ethnicity uses broad rather than Census groups. Both of these categorisation schemes
have the practical benefit that most sub-groups are large enough that the confidence intervals around
AUC estimates are reasonably narrow and each sub-group can itself be broken down into smaller
groups in order to study reoffending rates by levels of OGP1 and OVP1 score. However, the ‘other’
ethnicity group does remain small (n=503), and results for this group therefore will be presented in

tables and figures but rarely referred to in the text.

Where appropriate, logistic regression models were run to predict non-violent or violent reoffending
among a specific group of offenders. This helps to identify whether this group differs from the overall
patterns in terms of the associations between static or dynamic risk factors and reoffending, and

whether there is sufficient value to be gained from the development of differing scoring systems.

%7 Where the group of interest includes scores which are not present in the reference group, outlying scores are combined

(e.g. no male offenders score below 5 on OVP1, so the combined reoffending rate of female offenders scoring 0-5 is applied
to the population of males scoring 5 when calculating the standardised AUC for females). When the group of interest has no
observations for scores which are present in the reference group, the reoffending rate of the reference group is used (e.g.
no female offenders score 85 on OVP1; the male reoffending rate for those scoring 85 is therefore used in the female
standardised AUC calculation).
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3.3 Results

Table 3.1 presents the predictive validity of OGP1 and OVP1 as estimates of absolute risk among all
offenders and each sub-group. Among all offenders, actual reoffending was significantly below the
predicted rate, especially for non-violent offending. This reflects the gradual reduction in proven
reoffending across the entire NOMS caseload during the past decade (Ministry of Justice, 2013a).
Among women, non-violent reoffending was a further 1.6 percentage points lower than predicted,
compared with male offenders (i.e. the actual rate for women was 3.7 percentage points below
predicted, whereas for men it was 2.1 percentage points below predicted). White offenders reoffended
2.6 percentage points below predicted, whereas Asian and Black offenders reoffended 3.4 and 2.2
percentage points above predicted respectively. Actual/predicted differences by gender and ethnicity

were far smaller for violent reoffending.

Actual and predicted non-violent reoffending were identical for offenders aged 18 or 19, but actual
rates were between 1.3 and 4.0 percentage points lower than predicted for all other age groups.
Violent reoffending rates were 1.7 percentage points above predicted for 18—-19 year olds, whereas
they were at least four percentage points below predicted for 22—-23, 46-50 and 51+ year olds. The
overall age pattern for violent reoffending shows a more extreme age trend than the OVP1 scoring
algorithm allows for. Howard (2009) explains that the OVP1 scoring system was deliberately simplified
in order to make the weighting system more user-friendly and increase the scope for change on
dynamic factors to influence reoffending. However, this was shown to have very little effect on the
overall predictive validity of OVP1 and had a very mild impact on age, changing its weight from 23 to
20 of the 100 points, which cannot account for the largest residuals here, and especially not for the
large negative residual for the relatively young 22—23-year-old age group. (That is, the artificially
lowered age weighting should, if anything, cause the predicted violent reoffending rate of 22—-23 year
olds to be too low rather than too high.) Overall, the age trends here suggest that reoffending rates fell
between 2002—4 and 2004—-6 among all age groups except those aged 18-19 years old.
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Table 3.1: Absolute predictive validity: Actual and predicted non-violent and violent
reoffending by gender, ethnicity and age

Non-violent reoffending within
2 years of sentence/discharge

Violent reoffending within
2 years of sentence discharge

Offender group Residual Residual
(number / % of (actual minus (actual minus
offenders) Actual Predicted predicted)| Actual Predicted predicted)
All offenders (92,514) 40.4% 42.7% -2.3% 28.7% 29.8% -1.1%
Gender

Female (12,194 / 13.1%) 35.8% 39.5% -3.7% 19.5% 19.8% -0.3%
Male (80,320 / 86.9%) 41.0% 43.1% -2.1% 30.1% 31.3% -1.2%
Ethnicity

Asian (2,661 / 2.9%) 36.2% 32.8% 3.4% 21.5% 22.0% -0.5%
Black (3,361 / 3.6%) 42.8% 40.6% 2.2% 27.0% 26.7% 0.3%
Mixed (1,485 / 1.6%) 47.6% 47.9% -0.3% 32.1% 32.5% -0.4%
Other (503 / 0.5%) 31.2% 34.4% -3.2% 17.3% 20.4% -3.1%
White (75,006 / 81.1%) 41.5% 44.1% -2.6% 29.5% 30.6% -1.1%
?3',159'29/ ég?efit)ated 30.7% 34.4% 3.7%| 25.2% 26.5% -1.3%
Age

18-19 (10,379 / 11.2%) 51.6% 51.5% 0.1% 45.5% 43.8% 1.7%
20-21 (10,662 / 11.5%) 46.7% 50.1% -3.4% 38.5% 39.1% -0.6%
22-23 (8,819 / 9.5%) 45.8% 47.4% -1.6% 34.3% 38.7% -4.4%
24-25 (8,233 / 8.9%) 45.8% 48.4% -2.6% 30.2% 30.9% -0.7%
26-30 (15,625 / 16.9%) 45.6% 47.7% -2.1% 28.0% 28.0% 0.0%
31-35 (13,412 / 14.5%) 40.6% 43.1% -2.5% 25.0% 26.5% -1.5%
36—40 (10,582 / 11.4%) 32.8% 36.2% -3.4% 22.3% 24.9% -2.6%
41-45 (6,896 / 7.5%) 26.6% 29.6% -3.0% 18.3% 21.8% -3.5%
46-50 (3,710 / 4.0%) 20.0% 24.0% -4.0% 14.2% 18.2% -4.0%
51+ (4,196 / 4.5%) 13.5% 14.8% -1.3% 8.7% 13.3% -4.6%

Table 3.2 examines relative predictive validity, showing the AUC statistics within each offender group.

Overall, the AUCs for all offenders are only fractionally below those reported for the initial (2002—04)

validation sample in Howard (2009) — a positive finding, given the increasing homogeneity of assessed

offenders as the scope of OASys gradually narrowed due to the withdrawal of assessments from

offenders with Unpaid Work-only requirements in some probation areas.

As in Howard (2009), both tools had significantly higher AUCs for female than male offenders. AUCs

for Asian, Black and Mixed ethnic groups were significantly lower than those for White offenders for

both tools, though the difference between those of Asian and White ethnicity was only marginally

significant for OVP1. The relative validity of both tools was greater at older ages. The AUCs of OGP1

were lower among those aged under 26 than those aged 26+, with similar AUCs for all age groups
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above this threshold and the very lowest AUCs found among the very youngest offenders. The AUCs
of OVP1 were quite uniform among offenders aged 18—35 and greater for older offenders, with an

especially high score for those aged 51+.
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Table 3.2: Relative predictive validity: Area Under Curve (AUC) statistics by gender, ethnicity and age

OGP1 OVP1
T-test T-test
(vs. reference group (vs. reference group
Offender group AUC 26-30/Male/White) AUC 26-30/Male/White)
(number of offenders) Estimate Lower CI  Upper Cl T p value| Estimate Lower Cl Upper Cl T p value
All offenders (92,514) 0.794 0.791 0.797 0.743 0.740 0.747
Gender
Female (12,194) 0.822 0.815 0.830 63.602 0.000 0.763 0.752 0.773 82.081 0.000
Male (80,320) 0.789 0.786 0.792 - - 0.737 0.733 0.740 - -
Ethnicity
Asian (2,661) 0.767 0.749 0.785 10.136 0.001 0.723 0.701 0.746 3.079 0.079
Black (3,361) 0.741 0.724 0.757 42.596 0.000 0.713 0.694 0.732 10.356 0.001
Mixed (1,485) 0.744 0.720 0.769 17.115 0.000 0.707 0.679 0.735 6.862 0.009
Other (503) 0.752 0.705 0.798 3.614 0.057 0.738 0.683 0.793 0.048 0.826
White (75,006) 0.797 0.794 0.800 - - 0.744 0.741 0.748 - -
Missing / not stated (9,498) 0.784 0.774 0.794 6.227 0.013 0.745 0.733 0.756 0.002 0.967
Age
18-19 (10,379) 0.741 0.731 0.750 64.803 0.000 0.702 0.692 0.712 0.095 0.757
20-21 (10,662) 0.751 0.742 0.760 40.664 0.000 0.712 0.703 0.722 3.310 0.069
22-23 (8,819) 0.764 0.754 0.774 15.991 0.000 0.710 0.699 0.721 1.844 0.175
24-25 (8,233) 0.771 0.761 0.781 8.252 0.004 0.707 0.695 0.719 0.908 0.341
26-30 (15,625) 0.789 0.782 0.796 - - 0.700 0.691 0.709 - -
31-35 (13,412) 0.795 0.787 0.802 1.211 0.271 0.706 0.696 0.716 0.728 0.394
36—40 (10,582) 0.788 0.778 0.797 0.035 0.853 0.736 0.725 0.747 24.686 0.000
41-45 (6,896) 0.799 0.788 0.811 2.252 0.133 0.739 0.724 0.754 19.715 0.000
46-50 (3,710) 0.791 0.772 0.809 0.037 0.847 0.755 0.733 0.777 20.385 0.000
51+ (4,196) 0.780 0.759 0.800 0.687 0.407 0.806 0.784 0.827 77.560 0.000




Absolute and relative predictive validity by gender

Figure 3.1 presents actual non-violent reoffending rates by gender and OGP1 score band. The results
controlling for score bands are consistent with the overall finding that non-violent reoffending by
female offenders was overestimated to a greater extent than non-violent reoffending by male
offenders. While overall overestimation was 1.6 percentage points greater for females than males, the

equivalent differences within score bands ranged from +5 to -2 percentage points.

There was little difference between the slope of the male and female reoffending curves, suggesting
that differences in the AUCs were due to differences in population distribution rather than in true
relative predictive validity. Figure 3.2 confirms this, presenting the distributions of OGP1 scores.
Female offenders had a peak in OGP1 scores between 8 and 16, with 16% of offenders having these
scores, associated with estimated non-violent reoffending rates of just 7 to 11%. In all, 33% of female
offenders had OGP1 scores of no more than 26 (i.e. estimated non-violent reoffending rates below
20%), compared with 24% of male offenders, despite their comparatively similar overall estimated
rates. The standardised AUC was calculated at 0.793, just 0.004 above that for male offenders,
confirming that the higher AUC of OGP1 for female offenders was almost wholly due to their score
distribution.

Figure 3.3 presents actual violent reoffending rates by gender and OVP1 score band. This suggests
that OVP1 may slightly overestimate female rates at most scores. This pattern reverses at higher
scores (46 and above) but, as Figure 3.4 shows, few female offenders had such scores. The crossing
pattern of the two curves suggests that OVP1 may predict relative risk less well for females than males
once population distribution has been controlled for. Standardisation confirms this, producing an AUC
of 0.720, compared with the unstandardised female AUC of 0.760 and the male AUC of 0.737.
Producing a separate predictor just for women has very modest success when a naive modelling
approach is used, improving the AUC to 0.771: it includes education, relationship and drug misuse
items while excluding accommodation and employability. A more thorough approach — splitting female
offenders between model construction and validation datasets — fails, with an AUC of 0.758 for the
female-only model and 0.754 for OVP1 on the validation dataset, there being no statistically significant
difference between the two (p=.11, using the method of Génen, 2007). This suggests that the risk
factors for violent reoffending among females are insufficiently different to those for males to be

usefully separated in a predictive model.

In summary, the greater spreads of OGP1 and OVPL1 scores among female offenders (standard
deviations of 22.3 and 13.7 respectively, compared with 20.3 and 13.1 for males) means that the
highest- and lowest-scoring female offenders had very well differentiated reoffending rates. However,
the relative predictive validity of OVP1 — its ability to differentiate the risks of reoffending of two

offenders with a given pair of scores — was slightly weaker among women than men.
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Figure 3.1: Non-violent reoffending within 24 months of sentence/discharge, by grouped OPG score and gender
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Figure 3.2: Distribution of OGP scores by gender
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Figure 3.3: Violent reoffending within 24 months of sentence/discharge, by grouped OVP score and gender
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Figure 3.4: Distribution of OVP scores by gender
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Absolute and relative predictive validity by ethnicity: non-violent reoffending
Figure 3.5 presents actual nhon-violent reoffending rates by ethnicity and OGP1 score band. The
reoffending rates of Asian and other ethnicity offenders were greater than those of White offenders for
most or all of the bands for which comparisons are presented, while those of Black and Mixed ethnicity
offenders were greater than those of White offenders at low OGP1 scores but equal or less than those
of White offenders at high OGP1 scores. The greatest differences were found at low-medium scores:
Asian offenders scoring 21-25 (n=210) had a rate 10.5 percentage points above that of similar White
offenders, while Black offenders scoring 26—30 (n=269) had a rate 10.1 percentage points above that
of similar White offenders.

Table 3.3 presents a simple logistic regression model which confirms some of these findings. OGP1
was a significant predictor of non-violent reoffending, and Asian, Black, Mixed and other ethnicity were
all associated with significant increases in the probability of reoffending. However, for Black and Mixed
ethnicity offenders, the increase in reoffending probability was significantly greater at lower scores
than higher scores. At an OGP1 score of 20, for example, a Black offender would have odds of
reoffending 1.69 times those of a White offender, whereas at an OGP1 score of 60 the equivalent ratio
would be only 1.09.% This means that OGP1 had less relative predictive validity within the Black and
Mixed ethnicity sub-groups. Note also the difference between individual and group results: overall
proven non-violent reoffending rates were lower for Asian and other ethnicity offenders than White
offenders, as shown in Table 3.1, but individuals with a given OGP1 score were more likely to have a

proven reoffence if they were Asian or other ethnicity.

Table 3.3: Logistic regression model predicting proven non-violent reoffending within
24 months of sentence/discharge by OGP1 score and ethnicity

Parameter Standard error Odds ratio (for
Risk factor estimate of estimate P value OGP1, per point)
OGP1 score .0623 .0005 <.001 1.064
Asian ethnicity 451 121 <.001 1.570
Black ethnicity .748 112 <.001 2.113
Mixed ethnicity .603 .185 .001 1.828
Other ethnicity 513 .257 .046 1.670
Ethnicity missing / not stated .032 .073 .662 1.033
OGP1 score (Asian offenders only) -.0027 .0029 .343 0.997
OGP1 score (Black offenders only) -.0109 .0024 <.001 0.989
OGP1 score (Mixed ethnicity
offenders only) -.0096 .0036 .007 0.990
OGP1 score (Other ethnicity
offenders only) -.0061 .0064 .337 0.994

¥ The ratio at a score of 20 = 2.113 * (0.989%°) = 1.69. At a score of 60, it equals 2.113 * (0.989°%) = 1.09.

58




Parameter Standard error Odds ratio (for

Risk factor estimate of estimate P value OGP1, per point)
OGP1 score (ethnicity missing

offenders only) -.0024 .0016 .123 0.998
Constant -3.256 .026 -- --

A further model disaggregated OGP1 into the OGRS3 score and the 40-point dynamic risk factor
score. The weights for OGRS3 and the dynamic score were fairly similar to each other, and the simple
ethnicity terms were similar to those in Table 3.3. The results suggest that there was a negative
interaction with dynamic risk score (i.e. less relative predictive validity) for Asian and Mixed ethnicity
offenders, while there were negative interactions with both elements of the score for Black offenders.
In other words, a high score on dynamic risk factors is less predictive of proven reoffending for Asian
and Mixed ethnicity offenders, and a high score generally is less predictive of proven reoffending for
Black offenders, though offenders of all three groups are more likely to proven-reoffend than White

offenders before taking their score into account.®

Further logistic regression models were run, predicting non-violent reoffending for Asian, Black and
Mixed ethnicity offenders in turn. All OGP1 risk factors were included, together with other questions
from the Analysis of Offences and dynamic risk factor sections which are not scored in OGP1.*° While
these models of non-violent reoffending among Black, Asian and Minority Ethnic (BME) offenders
found some differences in predictive validity, using the overall reoffending model did not worsen
relative predictive validity much, with none of the bespoke models for BME groups improving AUC by
more than 0.01.

Figure 3.6 presents the distribution of OGP1 scores by ethnicity. The distributions for offenders of
Mixed and, to a lesser extent, White ethnicity had negative skew. The distribution for Black offenders
was not skewed, while those for Asian, other and missing ethnicity offenders had positive skew.
Standardised AUCs were calculated for Asian, Black and Mixed ethnicity offenders, setting their score
distributions to those of White offenders. The standardised AUC of OGP1 was calculated at 0.794 for
Asian offenders, compared with Table 3.2’s 0.797 for White offenders, but only 0.766 for Black

offenders and 0.768 for offenders of Mixed ethnicity.

Together, these results suggest that OGP1 has less relative predictive validity (i.e. ability to clearly
distinguish likely non-violent reoffenders from likely non-violent non-reoffenders) for offenders of Black
and Mixed ethnicity than those of Asian and White ethnicity. While OGP1 also has less success in

differentiating non-violent reoffenders and non-reoffenders among Asian offenders than White

% While the geographic distribution of BME offenders was very different to that of White offenders, and reoffending rates did

vary by probation area, adding probation area to the above models had no meaningful impact on the ethnicity-related
results.

The models used forward stepwise selection at p=.05. Given the relatively small numbers in each group and the strong
baseline predictive validity provided by static risk (OGRS), some risk factors with moderate associations with reoffending
may hot be included.

40
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offenders, this appears to be due to the lower score distribution of Asian offenders (i.e. few Asian
offenders have scores high enough to denote them as likely non-violent reoffenders) rather than a
failure of OGP1 to predict well for Asian offenders of any given score. Attempts to address relative
predictive validity shortcomings by creating separate models of non-violent reoffending for different

ethnic groups by using different OASys dynamic risk factors were not particularly successful.
Differences in absolute predictive risk were also apparent. That is, Asian, Black, Mixed and other

ethnicity offenders were all more likely to reoffend non-violently than White offenders with similar

OGP1 scores. Possible explanations are discussed in the Implications section.
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Figure 3.5: Non-violent reoffending within 24 months of sentence/discharge, by grouped OGP score and ethnic group
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Figure 3.6: Distribution of OGP scores by ethnic group
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Absolute and relative predictive validity by ethnicity: violent reoffending

Figure 3.7 presents actual violent reoffending rates by ethnicity and OVP1 score band, while Figure
3.8 shows the distribution of scores for each ethnic group. Reoffending rates for Asian, Mixed and
missing ethnicity offenders fluctuated around those of White offenders, while those for Black offenders
were among the highest at scores below 25 and between 36 and 50. Their scores were 5% below
those of White offenders for scores of 56 to 65, but this is based on only 200 Black offenders between
the two bands. Average scores were highest among Mixed and White ethnicity offenders. Few Mixed
ethnicity offenders had very low scores (below 25, equating two-year probabilities no higher than
10%), whereas there were few Asian or other ethnicity offenders with scores above 50 (scores of 50

equate to two-year probabilities of 43%).

Table 3.4’s logistic regression model tests whether OVP1 predicted violent reoffending with equal
absolute and relative validity for offenders of different ethnicity. The patterns for Asian, Mixed, other
and missing ethnicity offenders were not significantly different to those of White offenders, but the
interaction between Black ethnicity and OVP1 score suggests a lack of relative validity for this group.
The model suggests that the majority of Black offenders were more likely to reoffend violently than
equivalent White offenders, but the 15% of Black offenders with scores of 51 and above (where the
‘Black/OVP1’ term exceeds the ‘Black’ term) were less likely to do so; this corresponds with Table
3.1's results that predicted and actual violent reoffending rates were similar for Black offenders
whereas actual rates were 1% below predicted for White offenders. While the exact parameters of this
model are imprecise (i.e. the 51+ crossover estimate is prone to random error), the general pattern is

significant, and is similar to that for OGP1 and non-violent offending.
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Figure 3.7: Violent reoffending within 24 months of sentence/discharge, by grouped OVP score and ethnic group
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Figure 3.8: Distribution of OVP scores by ethnic group
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Table 3.4: Logistic regression model predicting proven violent reoffending within 24 months of
sentence/discharge by OVP1 score and ethnicity

Parameter Standard error Odds ratio (for
Risk factor estimate of estimate P value OVP1, per point)
OVPL1 score .0735 .00075 <.001 1.076
Asian ethnicity -.001 192 .997 0.999
Black ethnicity 444 .160 .006 1.559
Mixed ethnicity .280 .260 .280 1.323
Other ethnicity -.288 439 512 0.750
Ethnicity missing / not stated .036 .100 722 1.036
OVPL1 score (Asian offenders only) |.001 .005 .860 1.001
OVP1 score (Black offenders only) |-.009 .004 .019 0.991
OVPL1 score (Mixed ethnicity
offenders only) -.005 .006 .338 0.995
OVP1 score (Other ethnicity
offenders only) .003 .011 767 1.003
OVPL1 score (ethnicity missing
offenders only) -.001 .002 .570 0.999
Constant -3.994 .034 -- --

A further model disaggregated OVP1 for Black offenders. Static risk factors were generally more
predictive than dynamic factors though this would be expected — as Howard (2009) describes, the
OVP1 scoring system does artificially boost the weight of dynamic factors to encourage score
changes.41 Merely fitting this model, which reweights OVP1'’s existing risk factors, yields only a
modest improvement, with the AUC rising from 0.713 to 0.719. Allowing a complex new model with
other risk factors raises AUC to 0.727, but this is almost certainly an overestimate of what could be
achieved with new offenders, and scores would be difficult to interpret. In short, refitting OVP1 for
Black offenders achieves modest improvements in relative predictive validity which may not be

repeatable if put into practice.

Standardised AUCs were calculated for Asian, Black and Mixed ethnicity offenders, setting their score
distributions to those of White offenders. The standardised AUC of OVP1 was calculated at 0.736 for
Asian offenders, 0.719 for Black offenders and 0.732 for offenders of Mixed ethnicity, compared with
Table 3.2's 0.744 for White offenders. These results therefore confirm that relative predictive validity

for Black offenders is the most pressing concern.

“ " Among static factors, gender and non-violent sanctions were more predictive than their current weight in OVP1 allows (i.e.

males with many sanctions for non-violent offences had markedly higher reoffending rates). Among dynamic factors, failure
to acknowledge the impact of offending and poor accommodation had low or negative weightings and were not significantly
predictive. Attitudinal problems were by far the most predictive dynamic factor.
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Absolute and relative predictive validity by age: non-violent reoffending

Figure 3.9 presents actual non-violent reoffending rates by age and OGP1 score band. Of the
relatively few results which stand out visually, OGP1 appears to underestimate the reoffending
likelihood of 18—-19-year-old offenders at low-medium scores and, to a lesser extent, more generally.
The rates of those aged 46-50 and 51+ stand out at medium scores, but few such offenders were
assessed. A logistic regression model confirms that non-violent reoffending was more likely among the
youngest offenders, especially at the lowest scores (i.e. being aged 18-21 significantly increased
reoffending probability, as did each point of OGP1 score while the interaction between being aged
18-21 and OGP1 score significantly lowered the effect of OGP1 score on reoffending probability).

The negative interaction suggests that OGP1 is less successful in sorting relative risk among younger

offenders. This supports the basic message presented in Table 3.2.

Figure 3.10 illustrates the distribution of OGP1 scores by age. The oldest offenders have extremely
skewed score distributions — around 55% of those aged 51+ had scores no higher than 15/100,
equating to a two-year reoffending probability no higher than 10%, and few were likely to reoffend,
only 5% scoring 50+/100 (50+% in 2 years). Offenders aged under 30 often scored around 50, but
very few scored highly enough to be almost certain to reoffend (a score of 85+/100 is required for a
90+% two-year probability). Therefore, there is less relative difference in the likelihood of non-violent
reoffending amongst the younger offenders. The very youngest offenders have the tightest central
score distribution, with 42% scoring in the 41-60 range where prediction is very difficult (reoffending
probabilities of 37—-65%).

Removing the distributional effect by standardisation has a positive effect on prediction for the
youngest offenders: standardised against the 26—30-year-old distribution, 18-19 year olds have an
AUC of 0.772, considerably higher than their unstandardised AUC of 0.741 but lower than the 26—-30
year olds’ AUC of 0.789. The standardised AUC of 0.778 for the oldest offenders (aged 51+) is almost
identical to their unstandardised AUC of 0.780.

New logistic regression models were run for the 18-19, 26-30 and 51+ age groups, to see how risk
factors differed between age groups. For the 18-19 group, this bespoke model had an AUC of 0.748,
compared with 0.741 for OGP1. For 26-30 year olds, the AUC of 0.793 for the bespoke model is just
0.004 above that of OGP1. Among those aged 51+, many of the OGP1 dynamic items were absent
from the bespoke model, but its AUC of 0.785 was again only moderately higher than the 0.780 of
OGPL1. Itis concluded that risk factors for non-violent reoffending do not differ greatly across age

groups.
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Figure 3.9: Non-violent reoffending within 24 months of sentence/discharge, by grouped OGP score and age group
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Figure 3.10: Distribution of OGP scores by age group
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Absolute and relative predictive validity by age: violent reoffending

Figure 3.11 presents actual violent reoffending rates by age and OVP1 score band, while Figure 3.12

illustrates the distribution of OVP1 scores by age.

Note that OVP1 directly scores age as a risk factor, the score ranging from 0 for age 51+ to 20 for age
18-19. The very youngest offenders are considered most likely to reoffend: the score of 10 is reached
by age 26-30. This direct scoring of age is the cause for the lack of results in Figure 3.11 for scores of
0-20 for age 18-21, 0-15 for age 22-23, 0-10 for age 24-25, and 0-5 for age 26—40. This also
affects the top end of the score range, but is less initially obvious as the tails of these distributions are
in any case very long, as very few offenders score towards the top of the ‘violent sanctions’ or total
dynamic score ranges. The top 1% of offenders aged 18-19 scored 77+, whereas the top 1% of
offenders aged 26—30 scored 67+ and of those aged 51+, the top 1% scored 58+. The top 5% of these
groups scored 70+, 59+ and 48+ respectively. These are far below the highest possible scores (100,

90 and 80 respectively), but the extent to which they fall short seems consistent across age groups.

OVP1 appears to underestimate differences in reoffending rates between age groups within several
score bands. At each band between 36 and 60, a difference of at least ten percentage points existed
between one of the three youngest age groups (18-23) and one of the three oldest age groups (41+),
with some such differences being as large as 15 percentage points and almost all being over five
percentage points.

These results may imply that OVP1 gives insufficient weight to age as a predictor, and a logistic
regression model confirms that prediction in the current sample would improve slightly if age was more
strongly weighted. The weight of the age factor was indeed slightly reduced during OVP1's
construction, as part of efforts to make the predictor more user-friendly and dynamic, but this
adjustment was only from 23 to 20 points of OVP1’s 100-point weighted maximum score, and the
package of adjustments of which it was part made very little difference to overall predictive validity
(Howard, 2009). Differences of 10% are well beyond what can be explained by a three-point shift in
OVPL1 scores, which would only introduce errors in reoffending predictions of a maximum of 4-5
percentage points (less at low total scores, and ignoring the redistribution of the three points to other
predictive risk factors, which should reduce the net error). The new model suggests a maximum

weight of 26, rather than 23, points for age.

In searching for an explanation for the remaining age-related differences, various logistic regression
models were fitted. These suggested that some risk factors (being male, having many non-violent
criminal sanctions, antisocial attitudes) are more strongly associated with violence risk at younger
ages, but poor temper control is more strongly associated among older offenders. The interaction
between age and dynamic risk factors appears to be complex, and modelling them does not result in
large improvements in predictive validity. A simple model which allows the total dynamic risk factor

score to interact with age (i.e. so that dynamic risk factors assume a greater or lesser role in prediction
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depending on the offender’s age) does not improve predictive validity. An alternate explanation is that
changes in violent reoffending patterns between 2002-04 and 2004-06 has increased the strength of
the association between age and violence. A degree of random variation between the original (2002—

04) OVP1 sample and the current sample may also have occurred.

Standardised AUCs show that the shape of each age group’s risk distributions accounted for OVP1'’s
greater predictive validity at higher ages. When the distributions of 26—30 year olds’ scores was
applied to 18-19 year olds, an AUC of 0.738 resulted, and when applied to those aged 51+, an AUC
of 0.719 was found. These compare with 0.702 and 0.806 respectively for the unstandardised AUCs.
The fall in AUC for the oldest offenders is likely to be due to the elimination from study of this group’s
high proportion of low scoring offenders. In other words, OVP1 identifies likely violent reoffenders well
among older offenders because most of this group have a very low probability of future violence.
Differences in violent reoffending rates between those with low-medium to medium-high scores are

actually greater among the youngest offenders.
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Figure 3.11: Violent reoffending within 24 months of sentence/discharge, by grouped OVP score and age group
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3.4 Implications

This chapter presents several important results. The sample used comprised offenders starting
community sentences or post-custodial supervision in 2004-06. Their overall violent and, especially,
non-violent reoffending rates were less than predicted by OVP1 and OGP1 respectively, which were
developed using data on similar offenders from 2002—-04. These results, including a greater reduction
for female than male offenders, are consistent with reductions in proven reoffending recorded in

official statistics (Ministry of Justice, 2013a).

However, the non-violent reoffending rates of Asian and Black offenders were greater than predicted,
as were the non-violent and violent reoffending rates of offenders aged 18-19. Within offender
sub-groups, the relative predictive validity of both OGP1 and OVP1 was greater for White offenders,
female offenders, and those in the older age groups. Calculations of standardised AUCs demonstrate
that these gender and age differences are primarily a result of different distributions in underlying
population risk — the predictors actually have fairly similar levels of effectiveness at distinguishing

reoffending probabilities for individuals within those different demographic groups.

Gender differences in predictive validity have not been studied widely: Coid et al. (2009) found that
most risk assessment instruments had greater predictive validity for male prisoners than female
prisoners, but these differences were not significant. Rettinger and Andrews (2010) found that gender-
neutral risk factors from the LSI-R risk assessment system predicted well for adult females, with little
evidence that proposed gender-specific risk factors had incremental validity; they suggest that it is
feasible, though not proven, that gender-specific issues may affect responsivity (e.g. delivery of

interventions to female offenders through a strong therapeutic alliance with staff).

The most sustained differences are by ethnicity, with both predictors working less well for Black
offenders and OGP1 also working less well for offenders of Mixed ethnicity. Literature comparing
predictive validity between the ethnic groups as categorised here could not be identified. For example,
the one relevant report published by the Correctional Service of Canada compares aboriginal and non-
aboriginal populations (Sioui, Thibault & Conseil, 2002), rather than involving BME populations with
ethnic origins outside Canada. This study did however corroborate the findings in this chapter through
its finding that risk factor and level of need variables were less predictive among the minority

(aboriginal) population.

A number of possible explanations can be advanced for the weaker relative predictive validity of
OGP1 and OVP1, and the higher reoffending rates observed after controlling for predicted rate,
among BME offenders. One possibility is that true differences in offending behaviour exist, with
greater levels of reoffending among some BME offenders with given dynamic and static risk factors;
this explanation would explain higher rates but not weaker relative predictive validity. (A subset of this
explanation, for dynamic risk factors, might be overlenient assessment of BME offenders’ risk factors

by cautious probation staff.) Another possibility is that bias in the criminal justice system leads to
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greater prosecution of BME groups than those of White ethnicity. These explanations are speculative
—itis not possible to test them using OASys and PNC data alone. However, evidence on how
individuals of differing ethnicities are treated by the criminal justice system has been summarised

elsewhere (Ministry of Justice, 2011).

In terms of the development of the next iterations of the predictors (see Chapters 8 and 9), the logistic
regression analyses run here suggest that there is limited scope to improve the validity of OASys-
based predictive scores for BME offenders by building separate scores for each ethnic group. These
analyses achieved limited increases in predictive validity, and the relatively small absolute number of
cases in each BME group presents the risk of generating new models which are either too cautious
(i.e. do not include all possible risk factors, thereby reducing predictive validity) or not cautious enough
(i.e. that work well in the sample they are developed on, by capitalising on chance variation, but work
less well in the future). Ethnicity is not currently included in the predictors, and the residuals found
here are too small to provide statistical justification for the controversial step of including ethnicity as a
risk factor in a model to be used with all offenders. The potential for separate models for female

offenders or particular age groups also seems limited.

For NOMS to produce separate models or include interactions in future revisions of OGP or OVP,
there must be a theoretical underpinning for diversity-related differences in risk factors, and it must be
possible to adjust for any such proven differences in a way which can be understood and therefore
correctly interpreted by assessors. The general conclusion is that the overall predictive validity of
OGP1 and OVP1 remains good. The two predictors are valid for all offenders, with most of the risk
factors in OGP1 and OVP1 being valid for each sub-group, and there is currently no indication that
alternate means of risk assessment would provide a meaningful improvement. However, future
revisions of these predictors and the OGRS predictor should refit the age and gender terms and
therefore correct for over- and under-prediction. The construction and validation of these next-
generation tools should consider the modelling of age and gender carefully, and clearly present
any concerns relating to validity by age, gender and ethnicity so that offender managers and other

stakeholders are fully aware of how the predictors should be used responsibly.
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4. Measuring changes in likelihood of reoffending

The study reported in this chapter examined whether scores on supposedly dynamic risk factors
changed over the course of probation supervision, and whether changes in risk factor and predictor

scores were associated with changes in reoffending risk. Key points are as follows:

e Mean OGP1 and OVP1 scores fell over the course of offenders’ supervision. Scores fell more
for non-reoffenders than reoffenders, even though non-reoffenders had lower initial scores.
Accommodation, drug misuse and alcohol misuse scores were especially dynamic, with the
greatest net reduction being in alcohol misuse, though two OVP1 risk factors did not
demonstrate dynamic properties.

e Prediction of reoffending was improved by accounting for changes in dynamic risk, by using
current rather than initial assessments. Changes in most OGP1/OVP1 risk factors contributed
incrementally to the prediction of reoffending.

e These findings demonstrate the value of reviewing OASys assessments during probation
supervision. Reviewing assessments improves prediction of reoffending by keeping dynamic
risk factors up to date, and offers an evidence-based mechanism for gradual reductions in the
resources allocated to a case. When designing the next iterations of the reoffending predictors,

a methodology should be used which accounts for changes in dynamic risk factor scores.

4.1 Context

The value of measuring purportedly dynamic risk (or protective) factors has been questioned by some
researchers. Ideally, for the purpose of prediction itself and for interventions to reduce offenders’ risk
levels, risk factors would be causal: to be causal, risk factors must be capable of changing (i.e.
genuinely dynamic) and must be associated with changes in the likelihood of recidivism when they do
change (Kraemer et al., 1997). On a practical level, it is easier to justify the commitment of scarce
practitioner time to the assessment of dynamic risk factors if doing so improves the assessment tool’s
predictive validity. Some recent empirical evidence has suggested that utilising both static and
dynamic risk factors promotes greater predictive validity than utilising only one or the other (Andrews
and Bonta, 2007; Kroner et al., 2007), but other findings have suggested only very limited benefits
(Campbell, French and Gendreau, 2007; Hanson and Morton-Bourgon, 2009). Douglas and Skeem
(2005) observed that the lack of evidence to date supporting the use of dynamic risk factors in
actuarial scales may simply stem from a failure to use genuinely dynamic measures in such research.
For example, the prominent actuarial scale Violence Risk Assessment Guide (VRAG; Quinsey et al.,
1998) measures parental factors and alcohol misuse using lifetime or wholly historic measures which
are effectively static. Some research has shown that prediction of recidivism is improved by repeatedly
measuring dynamic risk factors over the course of supervision, but these studies (most recently Jones,

Brown and Zamble, 2010) have been small-scale and have used North American data.
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Examining the nature of changes in OGP1 and OVP1 scores over time, and whether they are
predictive of changes in likelihood of reoffending, will contribute substantially to the research literature
on the relative merits of static only and static/dynamic actuarial risk prediction (see also Howard and
Dixon, 2013), and provides several opportunities to NOMS. Evidence that changes are indeed related
causally to reoffending would support the use of OASys reviews as opportunities to revise resource
allocation and Risk of Serious Harm (RoSH) classifications. On the other hand, failure to find such
causal relationships would suggest that OASys reviews are less valuable than had been supposed.

If changes in the total OGP1 and OVP1 scores demonstrate causal association, then more detailed
analysis may indicate which dynamic risk factors have the strongest causal associations with
reoffending, as well as which factors change most often. Focusing interventions and supervision upon
factors which are both strongly dynamic and strongly causal would help to maximise reductions in

reoffending.

The aims of the study were therefore to:
1. Measure the extent of change in OGP1 and OVP1 scores.
2. Estimate the overall impact of changes in OGP1 and OVP1 scores and the passage of
time on the predictive validity of these scores.
3. Improve understanding of the extent to which individual risk factors are causally dynamic,

thus representing promising treatment targets.

4.2 Approach

Sample

OASys assessments completed by 31 March 2008 were filtered to select those completed at the start
of a community sentence or at discharge from custody, or at Pre-Sentence Report (PSR) stage — the
assessment needed to have been completed within three months of the sentence or discharge date.
The assessments were further filtered to remove those with missing dynamic risk factor or RoSH data,
missing offender demographic data, or missing/inconsistent sentence data. It was also ensured that
there was only one assessment for each offender’s period of contact with the service. These
assessments were submitted to the Ministry of Justice’s (MoJ’s) Police National Computer (PNC)
research database. Following matching, 221,157 assessments remained for inclusion in at least some
survival analyses — in all these cases, OGRS3, OGP1 and OVP1 scores could be calculated and the

sentence/licence length was at least four months.

The follow-up started on the day of an offender’s conviction leading to a community sentence or upon
discharge from custody for their index offence, and it continued until either the offender committed the
offence type being studied or a censoring event occurred. Censoring occurred when the offender:

0] reached the cutoff date for a reliable PNC follow-up without reoffending;

(i)  was imprisoned for any offence;
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(i)  was recalled to custody;** or

(iv)  received a further OASys ‘start’ or PSR assessment.

The cutoff date for this study was 2 July 2009. When data were drawn from the PNC database, it had
last been synchronised with the operational database on 2 July 2010; thus allowing dates of
reoffending and follow-up periods until a year previously, as an offence committed after this date
would too often have not yet resulted in a PNC-recorded conviction. Follow-up periods were therefore
‘censored’ (cut off) at this point, if imprisonment, or a further OASys start or PSR assessment had not
censored them at an earlier point. For imprisonment, the analysis used the date of sentence, but for
reoffending it was the date of offence. The use of sentence date for imprisonments meant that
offenders were only removed from the follow-up at the point at which it was clear that they were no
longer at risk of committing further offences in the community. Imprisonment could either be for a new
offence not under study*® (e.g. a non-violent reoffence, when violent reoffending was the outcome of
interest) or for a pseudoreconviction (i.e. an offence of any type committed before the start of the

follow-up period but brought to justice afterwards).

Clause (iv) above was included as the offender’s static factors would have been rescored when a new
‘start’ or PSR assessment occurred:; it also guarded against double counting of assessments.** In this
study, follow-up periods ranged from one day to over six years. However, the longest follow-ups were
rare, as very few offenders were assessed with the electronic version of OASys before 2004, and
therefore calculations ceased at the five year point to provide clarity when presenting and interpreting

the results.

Relatively small numbers of offenders (544 for any reoffending) were excluded from one or more
analyses because they committed the reoffence of interest or were recalled to custody on ‘day zero’ of
the follow-up — plainly, these offenders were not of interest when studying the impact of changes in
risk assessment score as community supervision progresses. The numbers of cases included in

various tables in the results section vary accordingly.

Offenders could be included as multiple cases when they were subject to separate sentences. The

mean follow-up length was 3.1 years, with the cases dropping off as follows:

. 172,354 (78%) could be followed up for 12 months;

“2 The use of recall data as a source of censoring information was innovative, and checks confirmed that, by removing

offenders with limited opportunities to reoffend, it improved predictive validity.

It will not be for the offence under study because, as described above, the outcome of interest in a survival analysis is the
date of reoffending, whereas censoring only occurs on the date on which a custodial sentence is passed. (No reliable
information on remand periods is unavailable.) Therefore, a reoffence cannot be discounted through censoring by its own
custodial sentence, as the offence date precedes the imprisonment date. However, if (say) this offence was non-violent then
while overall and non-violent follow-ups would be uncensored, a follow-up for violent reoffending would be censored unless
a separate act of violent reoffending occurred before the non-violent reoffence’s imprisonment date.

Start of order/licence assessments are not counted as further assessments for clause (iv) when the index assessment was
the PSR for the same order. A qualifying further assessment would, if it includes adequately complete data, lead to inclusion
as a separate case in our sample; failure to censor at this point would therefore allow double counting. Moreover, at this
point the static factors in an assessment are likely to be rescored.
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. 112,203 (51%) for 24 months;

. 65,054 (29%) for 36 months;

. 34,220 (15%) for 48 months; and
. 10,796 (5%) for 60 months.

Among the whole sample, 87% were male, while 17% were aged 18-20, 19% aged 21-24, 47% aged
25-40 and 17% aged 41+. They included 24% on licence from a custodial sentence, and 21%
domestic violence perpetrators. Principal current offences were violent for 39% of cases and sexual
for 2%. While the level of attrition reported above illustrates a risk inherent in using operational data,

the sample still appears to have been representative of OASys-assessed offenders.*

Procedure

OASys assessments were linked for all contact periods — continuous periods of contact between
NOMS and an offender while under supervision in the community — using a combination of name, date
of birth, gender and sentence details. In a contact period, the OGP1 and OVP1 scores at the initial
assessment (i.e. at the start of community supervision) were copied across all assessments. The
OGP1 and OVP1 scores at the current assessment were also calculated, together with the changes in
score since the initial assessment and since the previous assessment. Similar calculations were done
for all dynamic risk factor components of the OGP1 and OVP1 scores; the static factors were
calculated from PNC data and fixed at their initial scores throughout. (The standard approach for static
tools, e.g. OGRS3, was followed by not recalculating static risk factor scores as offenders aged during

the follow-up.)

Changes in risk factor scores were accounted for in Cox regressions by time-dependent covariates.
These are covariates whose values change over the course of the follow-up, i.e. because the offender
has had a new OASys assessment. These covariates were handled by treating the reassessment as
an additional form of censoring, while allowing the follow-up to be split into the periods between
OASys assessments. For example, if the offender was reassessed after 90 days and reoffended after
120 days, they were included twice in the Cox sample: once for the 0 to 90 day period,*® with the risk
scores from their initial assessment, and once for the 90 to 120 day period, with the risk scores from

their reassessment.

The predictive validity of the risk prediction scores was measured using the Concordance Index (C)
(Harrell, Lee and Mark, 1996). Dealing with the combination of time-dependent covariates and C

measurement required an innovative measurement approach. Where risk predictor scores could vary

* The data completeness filters had little effect on the sample’s characteristics. Among all OASys start and PSR assessments

completed by 31 March 2008, 86% were male, 17% aged 18-20, 19% aged 21-24, 47% aged 25-40, 16% aged 41+, 23% of
those with recorded sentences were on licence, 21% were perpetrators, 40% violent and 3% sexual. Note that the ‘violent’
offences are all those classified as such by OVP1.

Note that all our ‘day’ counts are relative to the individual offender. For an offender whose follow-up started on 1 March
2005, ‘day 90’ is 29 May 2005, whereas for one whose follow-up started on 1 March 2006, ‘day 90’ is 29 May 2006.

46

78



over time, C was calculated by making comparisons between each reoffender and each offender who
had survived to that day but not yet reoffended, using the scores in effect on that day. This simulated
the ability of the predictor to highlight the highest-risk offenders at the points in the follow-up when
reoffending actually occurred.*’ For consistency, this approach was also used to calculate C when the
predictor scores were held constant at their initial follow-up values, and for static predictors (i.e. the
OGRS3 score).*

The day-by-day nature of C calculation meant that daily C scores could be summed and weighted to
produce C scores for intermediate periods, measuring the ability of the predictor to distinguish
between reoffenders and non-reoffenders among those still in the follow-up at that point in time. This

chapter includes some results for one- and four-month periods.*®

A further adjustment to the calculation of C was made to account for the varying dates of the start of
follow-up. As some offenders would be censored at a 16 month cutoff date while others would have
potential follow-ups of five years, the calculation of C would have been slanted towards the earlier
months where no/few offenders would be artificially censored in this way. Weights based on follow-up
start dates were therefore applied to the C calculation to multiply up the numbers of comparisons in
later months to the numbers which would have been made if all offenders had started follow-up by 2
July 2004 (i.e. had been potentially at risk for five years or more). Weights ranged from 1 (months 1 to
15) to 12.4 (month 60). This calculation adjustment did not redress any of the legitimate bias towards
the earlier months caused by the other causes of censoring: reimprisonment, new supervision

episodes, and recall to custody. In practice, the adjustment had little effect on final C scores.

PNC data were processed to determine dates of reoffending for:
0] all offences;
(i)  OGP1-class offences; and

(i) OVP1-class offences.

47 S0, assume a study with five offenders labelled V to Z, of whom V had the shortest follow-up through to Z having the

longest, where W and Y were reoffenders whose first reoffences occured on W-day and Y-day respectively. W's score on
W-day could be compared with the scores of X, Y and Z on W-day, and Y’s score on Y-day with Z's score on Y-day. (Both Y
and Z may have changed score between W-day and Y-day.)

Note that confidence intervals for C can conventionally only be calculated through resampling methods such as the
bootstrap (Harrell et al., 1996); for very large samples such as those used in this study, this imposes impractical
computational demands, and thus no confidence intervals or standard errors can be provided. Attempts to circumvent these
problems in medical statistics (Raykar et al., 2008) are also highly involved yet produce narrow confidence intervals on
samples in the low hundreds, suggesting that intervals would in any case be extremely narrow with our very large samples,
allowing us to assert with some certainty that differences in C scores are due to real differences in predictive validity.

In the above example, if offender W reoffended in day 17, and Y sometime after day 31, then both the day 17 and month 1
score would be based on the comparisons between W and offenders X, Y and Z.

Dates were also calculated for homicide and wounding reoffending so that further checks could be conducted for the most
serious non-sexual violent offences.
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Censoring dates were calculated for each offender, and individual valid follow-up periods were
therefore determined. The actual number of pre-censoring assessments completed for each offender
was constant when considering different types of reoffending, but the number of pre-censoring or

reoffending assessments varied according to the reoffence type.

Table 4.1 reports the numbers of assessments followed through successive four-month periods®* and
within each of the first four months. Four-month periods were chosen as this was the required
frequency of OASYys reviews in the community (for the years being studied), as set out in the 2007
National Standards (Ministry of Justice, 2007). The table sets out the numbers who were censored,
the numbers who had reoffended and the proportions of surviving, non-reoffending offenders with any
post-initial assessment and with any change in any OASys dynamic risk factors.>* Howard and Moore
(2009) showed that a substantial proportion of offenders never change on any dynamic risk factors,
concluding that a significant fraction of these must be due to the ‘cloning’ of previous assessments
rather than a genuine lack of change.

Table 4.1 shows that more than five in every six offenders eventually had at least one reassessment,
and more than three-fifths had at least one score change, allowing for censorship of follow-ups.
Reassessment and change peaked in the fourth month — recall that the 2007 National Standards
stated that reassessment should occur within four months — with relatively little activity in the first two
months.>® Most of those with reassessments experienced their first reassessment within a year, and
almost all within two years; the same was true of score changes. This is unsurprising: as well as the
influence of National Standards, many Community Orders last for two years or less, and all post-
custody supervision of those with sentences of four years or less (and some of those on longer
sentences, if they were remanded before sentence) will last for two years or less.> Therefore, beyond

the two-year point, most offenders would no longer have been eligible for reassessment.

L In this table only, for illustrative purposes, survival calculations were made on a four-monthly rather than daily basis.

An offender censored during a four-month period was not eligible to be counted in the measurement of reoffending,
reassessment or change in dynamic risk factors during that period. Imprisonment other than for pseudoreconvictions cannot
and should not be counted, as such cases would involve genuine reoffending leading to imprisonment within the same four-
month period. New start/PSR occasions and recalls were noted when they preceded (on a day-by-day basis) any
reoffending.

This included any item counted towards section scores in OASys prior to its August 2009 revision, plus the OVP1-scored
items 2.6 (acknowledges impact of offending) and 10.7 (current/pending psychiatric treatment). We used the fuller set of
questions preceding August 2009 in order to ensure that minor changes were taken into account.

This supports the earlier exclusion of cases eligible for under four months supervision after release from custody.

The pattern of censoring in Table 4.1 is due to the sample start dates running until March 2008 and reoffending data being
available until July 2009; cut-off date censoring therefore commences in month 16. The overall hazard of any reoffending
drops steeply in the first year, and more slowly thereafter. Note that this pattern is not necessarily applicable to individual
offenders or for sub-groups with particular OGP1 and OVP1 scores. The overall hazard is initially calculated from all
offenders; many of the highest-risk offenders reoffend early, leaving the later hazards to be calculated from the remaining
uncensored offenders whose average risk level will be lower than the initial average. Howard (2011) provides hazards for
sub-groups of offenders, where such changes in sample composition should have much less extreme effects.
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Table 4.1: Life table tracing reoffending for any offence and censoring over a 5-year follow-up

T8

Number of non- Cumulative % with no Cumulative % with no

Number at Number | censored reoffending | Number surviving | reassessment by end change in dynamic risk

Time period start of period censored (% hazard) to end of period of period | factors by end of this period
0-4 months, of which 220,613 7,098 39,412 (18.5%) 174,103 51.2% 73.2%
0-1 month 220,613 1,793 13,586 (6.2%) 205,234 95.9% 98.3%
1-2 months 205,234 1,556 10,741 (5.3%) 192,937 91.0% 95.8%
2-3 months 192,937 1,422 9,006 (4.7%) 182,509 76.8% 87.5%
3-4 months 182,509 1,256 7,150 (3.9%) 174,103 50.7% 71.7%
4-8 months 174,103 3,259 20,981 (12.3%) 149,863 29.7% 56.2%
8-12 months 149,863 1,690 13,757 (9.3%) 134,416 23.8% 47.9%
12-16 months 134,416 3,806 10,262 (7.9%) 120,348 21.0% 44.2%
17-20 months 120,348 13,902 6,993 (6.6%) 99,453 19.5% 42.2%
20-24 months 99,453 13,542 5,048 (5.9%) 80,863 18.5% 40.3%
24-28 months 80,863 11,088 3,662 (5.3%) 66,113 17.9% 39.6%
28-32 months 66,113 9,318 2,728 (4.8%) 54,067 17.5% 39.2%
32-36 months 54,067 8,310 1,874 (4.1%) 43,883 17.2% 38.9%
36-40 months 43,883 6,845 1,397 (3.8%) 35,641 16.9% 38.7%
40-44 months 35,641 6,264 1,051 (3.6%) 28,326 16.7% 38.6%
44-48 months 28,326 5,364 734 (3.2%) 22,228 16.5% 38.5%
48-52 months 22,228 4,772 513 (2.9%) 16,943 16.1% 38.4%
52-56 months 16,943 5,101 311 (2.6%) 11,531 15.9% 38.4%
56-60 months 11,531 4,472 163 (2.4%) 6,896 15.5% 38.3%

Note. Reassessment and change in dynamic risk factors are only calculated for those surviving the period. The % hazard equals N reoffending / (N at start — N censored). The
cumulative percentage equals (1 — period-1 %)*(1 — period-2 %)*...*(1 — current-period %). The final day of a four-month period is counted as part of that period and not the
following period e.g. day 122 is part of ‘0—4 months’ not ‘4—-8 months’. Similar rules apply in the single-month periods; event numbers for these months do not sum to those for
‘0—4 months’, nor do cumulative %s match, due to the interactions of censoring and reoffending rules when the four months are treated separately rather than together.



The analysis of score changes assumes that reassessments represent pure measures of change as and
when they occur. This is untrue in one sense, in that changes are hidden from the view of researchers
when there is no real reassessment (Howard and Moore, 2009). Where meaningful reassessment does
occur, it usually conforms to a set schedule (due to the National Standards that applied at the time). In
contrast, changes in circumstances will not occur conveniently on-schedule. If the practitioners have
some awareness of a change in circumstances before this formal review, they will therefore know about
the change before they record it. This mismatch between the timings of real changes and review
assessments implies that offenders’ behaviours in the periods before review will, on average, have been
more like their post-review behaviours than their scores suggest. Furthermore, practitioners might act
upon information about negative changes (increases in risk score) to suppress increased criminality,
and therefore counteract the changes. All such effects will reduce both the measured frequency of

changes in score, and (for those changes which are recorded) their measured effect on reoffending.

4.3 Results

Changes in score

Table 4.2 shows how the dynamic risk factors scored in OGP1 and OVP1 changed from one risk
assessment to the next.>® There were 393,893 further assessments in the OGP1 follow-up, and
413,060 in the OVP1 follow-up. The overall results for OGP1 and OVP1 are very similar:

. The dynamic elements of both scales had initial means slightly below 12 points and mean
absolute score changes slightly below 1.3 points between any given pair of successive
assessments.

. The total score changed in about two-fifths of pairs, so the mean score change will have
been greater than three points in those assessments where it did change.*® The mean
change in score therefore was about 11% of the mean size of the initial dynamic score.

. In both cases, the mean net scores fell by over 0.4, so about two-thirds of the score
change was negative. All mean net score changes, on both scales, were significantly
different from zero (p<.001).

In OGP1, accommodation and drug misuse scores showed the greatest absolute change. ‘Regular
activities encourage offending’ and thinking/behaviour showed the greatest net decrease in scores.
Thinking and behaviour changed most often, but ‘regular activities’ and drug misuse did so least often:
when changes in these risk factors did occur, the scoring rules (see Appendix B) made it likely (drugs)
or certain (‘regular activities’) that scores would change by multiple points. The drug misuse scale is
also notable in that most offenders always score zero, with the scores of the minority being high and

prone to change. Attitudes scores showed the smallest net reduction over time.
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o These are weighted scores, and it should be noted that the underlying raw score ranges differ, as shown in Appendix A.

For offenders around the low/medium or medium/high boundaries, three-point changes in the 100-point score trigger
changes of 3% to 5% in the likelihood of non-violent recidivism or 4% to 6% in the likelihood of violent recidivism. As
Appendix B shows, a six-point change in OVP1 score results in a 10% change in likelihood of violent recidivism in over
three-fifths of cases, when scores are between roughly 35 and 70.
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In OVP1, offenders’ statuses on the two yes/no questions — recognising the impact of offending and

psychiatric treatment — seldom changed. Alcohol misuse showed the greatest mean absolute change

and the greatest fall in net score of any scale from either predictor; reductions in alcohol misuse score

accounted for about half of the total net fall in OVP1 score. Temper control changed less often, but

changes in this score also usually indicated reductions in risk. Changes in accommodation,

employability and attitudes scores were similar to those in OGP1, though not identical due to the

different item weights.”’

Table 4.2: Changes in OGP1 and OVP1 risk factors between successive assessments

Mean (SD) of Mean net
weighted scores | Mean absolute| change (%| % with
at initial| change (% of of initial any
Risk factor (maximum points) assessment initial mean) mean)| change
OGP1 risk factors
Total score (100) 42.6 (20.4) 1.29 (3%)| -0.44 (-1%)| 40.7%
OGRS3 [static] score (60) 30.9 (14.9) n/a n/a n/a
Total dynamic score (40) 11.7 (8.1) 1.29 (11%)| -0.44 (-4%)| 40.7%
Accommodation (5) 1.28 (1.81) 0.34 (22%)| -0.06 (-4%) 13.7%
Employability (5) 2.07 (1.57) 0.18 (9%)| -0.05 (-3%) 12.9%
Regular activities encourage offending (5) 1.91 (1.97) 0.24 (13%)| -0.11 (-6%) 8.2%
Drug misuse (15) 2.74 (3.91) 0.31(11%)| -0.09 (-3%) 8.5%
Thinking and behaviour (5) 2.39 (1.37) 0.24 (10%)| -0.12 (-5%) 16.6%
Attitudes (5) 1.28 (1.12) 0.16 (12%)| -0.02 (-2%) 12.9%
OVP1 risk factors
Total score (100) 39.4 (13.8) 1.26 (3%)| -0.41 (-1%)| 38.6%
Static score (60) 27.6 (9.3) n/a n/a n/a
Total dynamic score (40) 11.7 (7.3) 1.26 (11%)| -0.41 (-4%) 38.6%
Recognises impact of offending on
victim/community/society (4) 0.84 (1.63) 0.07 (8%)| -0.01 (-1%) 1.7%
Accommodation (4) 1.09 (1.45) 0.28 (25%)| -0.05 (-4%) 13.6%
Employability (6) 2.73 (2.00) 0.23 (8%)| -0.06 (-2%) 13.7%
Alcohol misuse (10) 3.27 (3.83) 0.45 (14%)| -0.20 (-6%) 11.5%
Psychiatric treatment current/pending (4) 0.21 (0.89) 0.02 (10%) 0.00 (2%) 0.5%
Temper control (6) 2.04 (2.28) 0.20 (10%)| -0.08 (-4%) 6.2%
Attitudes (6) 1.55 (1.33) 0.20 (13%)| -0.02 (-1%) 15.2%

Note: Initial assessment N=220,793 for OGP1, 220,997 for OVP1. Change assessment N=393,893 for OGP1,
413,060 for OVP1. All mean net changes were significantly different from zero at p<.0001.
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The accommodation section of OASys contains a special scoring rule: those scoring 2 on item 3.3 (indicating no fixed

abode or transient accommodation) automatically score 2 on the other three items. It is therefore possible that offenders

could suddenly move from being in an unproblematic housing situation to unexpectedly losing their accommodation,
causing their weighted scores to change from 0 to 4 (OGP1) and 5 (OVP1), or moving from homelessness into a good

housing situation for the opposite scoring effect. In fact, this seldom happened. Most offenders scoring highly on
accommodation questions switched between no fixed abode status and other severely problematic housing situations, and
their OGP1/OVPL1 scores therefore only changed by one or two points.
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Changes in score by final assessment of follow-up, for reoffenders and non-
reoffenders

Table 4.3 refers to the most recent assessment for each case, separating cases where only one
assessment occurred from those where there were multiple assessments. It therefore allows
examination of how offenders’ scores changed over the course of the supervision and follow-up
period, among cases where there may be a score change. It summarises initial scores and score
changes since the initial assessment for (i) follow-ups resulting in reoffending and (ii) follow-ups

resulting in censoring (which may be for any of the four reasons set out in Section 4.2 above).

For all three types of reoffence, offenders’ scores tended to reduce over time, but mean reductions in
score were greater among non-reoffenders, even though the non-reoffenders had lower initial scores
and therefore less capacity to reduce their scores. While these differences in initial score were
considerable for those with multiple assessments, they were greater still for those with a single
assessment. The high scores of reoffenders with a single assessment naturally reflect the tendency of
high-scoring offenders to reoffend quickly (Howard, 2011), while the low scores of hon-reoffenders
with a single assessment suggests some tendency among assessors to deprioritise those with low

initial scores.>® All score reductions were statistically significant at p<.001.

Table 4.3: Initial scores and changes in score by final assessment for reoffenders and

non-reoffenders

Change from initial

Initial score to final score
Reoffence type and predictor score Mean (% of
used, and follow-up type and outcome N Mean SD SE| mean initial) SD SE
All reoffending (OGP1 score)
Follow-ups involving one assessment
only
No reoffending 20,638 36.2| 21.0 0.15 n/a n/a n/a
Reoffending 53,557 54.7| 17.9 0.07 n/a n/a n/a
Follow-ups involving multiple
assessments
No reoffending 87,551 32.8| 18.1 0.06| -1.49 (-4.5%) 3.93| 0.01
Reoffending 58,867 48.3| 17.6 0.07| -0.85 (-1.8%) 4.04| 0.02
Non-violent reoffending (OGP1 score)
Follow-ups involving one assessment
only
No reoffending 25,936 38.4| 20.9 0.13 n/a n/a n/a
Reoffending 39,074 57.4| 173 0.09 n/a n/a n/a
Follow-ups involving multiple
assessments
No reoffending 113,377 35.2| 183 0.05| -1.23(-3.5%) 4.15| 0.01
Reoffending 42,406 51.2| 173 0.08| -0.80 (-1.6%) 4.23| 0.02
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A minority of offenders were not eligible for OASys according to current user guidance.




Change from initial

Initial score to final score
Reoffence type and predictor score Mean (% of
used, and follow-up type and outcome N Mean sSD SE| mean initial) sSD SE
Violent reoffending (OVP1 score)
Follow-ups involving one assessment
only
No reoffending 33,748 38.1 14.2 0.08 n/a n/a n/a
Reoffending 24,992 48.1| 124 0.08 n/a n/a n/a
Follow-ups involving multiple
assessments
No reoffending 127,410 36.3| 13.2 0.04| -1.15 (-3.2%) 4.10| 0.01
Reoffending 34,847 456 11.8 0.06| -0.67 (-1.5%) 4.04| 0.02
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Validity of initial and revised risk predictor scores

Table 4.4 reports the predictive validity of OGP1 as a predictor of all and non-violent reoffending, and
of OVP1 as a predictor of violent reoffending. OGRS3 is included as a comparator; as OGRS3 scores
are based on static risk factors, they are not recalculated during supervision. Concordance Indices (C)
are reported for the original scores — see Appendix C for the distribution of initial OGP1 and OVP1
scores — and for the scores at time of reoffending. The Indices were then calculated twice. The first
included predictor score comparisons for all reoffenders; the second used only comparisons for those
reoffending after at least four months of follow-up. Given the primary interest in the impact of score
changes, this latter calculation removed offenders who reoffended too quickly to be expected to have
a reassessment. That is, it focused on offenders where OASys review was a strong possibility.
However, the former calculation has value in that it provides a global estimate of the predictive impact

of reassessment without any pro-reassessment sample selection process.

Table 4.4: Predictive validity of OGRS3 and initial and current OGP1 and OVP1 scores

Concordance Index (C) by predictor and scoring method

Follow-up range and OGRS3 OGP1 OVP1

reoffending outcome Initial| Current| Static-only Initial Current

All offenders

Any 0.7147 0.7211 0.7232 n/a n/a n/a
Non-violent 0.7399 0.7498 0.7519 n/a n/a n/a
Violent 0.6824 n/a n/a 0.7048| 0.7155 0.7197

Excluding those
reoffending/censored in
first four months

Any 0.7013 0.7056 0.7083 n/a n/a n/a
Non-violent 0.7240 0.7314 0.7342 n/a n/a n/a
Violent 0.6796 n/a n/a 0.7027 0.7086 0.7136

Note. OGPL1 is not designed to predict violent outcomes, nor OVP1 to predict overall (‘any’) or non-violent
outcomes. OGP1 uses OGRS3 to score static risk factors, whereas OVP1 has a separate static score
component.

All reoffending and non-violent reoffending

Table 4.4 confirms the result of Howard (2009), that OGP1 produced a modest improvement in
predictive validity compared with OGRS3, for both all and non-violent reoffending. Among all
offenders, the initial score raised C for all reoffending by 64 base points and the current score raised C
by 85 base points. When only those with four months’ follow-up were considered, the respective
improvements were 43 and 70 base points. For non-violent reoffending, the improvements were 99
and 120 base points among all offenders and 74 and 102 base points among those surviving more
than four months. These improvements in C were greater than for all reoffending, reflecting the
intended design of OGP1. For both outcomes, among both offender groups, using the current score

improved predictive validity. For both outcomes, the improvement associated with using the initial
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score rather than OGRS3 was greatest among those reoffending or censored in the first four months,
but the improvement associated with using the current rather than initial score was greater among

those surviving four months.

The difference in predictive validity between the initial and current score emerged over the first few
months, as reassessments commenced (as was shown in Table 4.2). The advantage of either OGP1
score over OGRS3 was greatest in the earliest months: in month 1, it was 165 base points. All
predictors had higher C in the earlier months, when the highest-risk offenders were still part of the
cohort and could therefore be compared with the lowest-risk offenders. The advantage of the current
over initial score peaked in months 4 to 12, between 29 and 39 base points. It persisted through the
second year but vanished during the third year, while the advantage over OGRS3 gradually
diminished (it is around 100 base points or slightly higher between 5 and 24 months) and became very

inconsistent after the third year.

Violent reoffending

Table 4.4 confirms that using OVP1 in full produced a reasonable improvement over only using its
static risk subscale, and a very large improvement (between 300 and 600 base points) over OGRS3.
Among all offenders, the initial score raised C for violent reoffending by 93 base points, and the
current score by 149 base points, compared with the static score. Excluding those removed from the
sample in the first four months, the equivalent improvements were 59 and 109 base points.>® These

results generally have an equivalent interpretation to the OGP1 findings.

For all violent reoffending, the advantage associated with dynamic risk prediction was far greater for
OVPL1 than for OGP1 in the earliest months, but declined quickly. The current score had C 353 points
higher than the static score in month 1, but this fell to 243 points in month 2, was never higher than
200 points after month 5, and fell permanently below 100 points after month 12. The advantage of the
current over initial score peaked between 44 and 81 points between months 4 and 24. The advantage

of the initial over static score fell permanently below 100 points after month 11.

Taken together, these results emphasise the real though moderate incremental predictive value of
reviewing dynamic risk assessments. The value of using dynamic risk factors at all, and of reviewing
them, appears to be greatest for the most serious violent offending. Moreover, in general the value of
reviewing assessments is greater for violent than non-violent reoffending. This suggests that the role
of rapidly changing, or ‘acute’, dynamic risk factors may be greatest in the most serious forms of

reoffending.

% Further checks found that the use of the current rather than initial score was especially valuable for homicide and wounding

reoffending.
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The decline over the course of follow-up in the additional predictive validity accounted for by dynamic
factors may be due to the declining timeliness of measurement of such risk factors. As Table 4.2
showed, not all offenders were reassessed, and not all reassessments resulted in score change.
Sometimes a lack of score change will have been legitimate but, as Howard and Moore (2009)
showed through statistical analysis, there are too many ‘zero-change’ reviews to be accounted for
reasonably. Therefore, if these risk factors are genuinely dynamic, and changes in their scores are
prospectively related to reoffending, and yet the frequency with which they were reviewed diminished
over the course of the follow-up, then it should be expected that they will have made a greater
contribution to prediction early in the follow-up when the amount of time since the most recent

(re)assessment tended to be shorter.

Cox regression models of initial scores and changes in score

Table 4.5 sets out the results of basic Cox regression models considering the initial score and change
in score for each of the three outcomes, with OGP1 predicting non-violent and any reoffending, and
OVP1 predicting violent reoffending. In predicting any reoffending, each point of the initial score and
change in score were of equal predictive power. For non-violent and violent reoffending, a point of the

initial score was slightly but significantly more predictive than a point’s change in score.®

Table 4.5: Cox regression models of all three reoffending outcomes

Predictor and Parameter estimates

reoffending Initial score Change in score

outcome Beta SE | Hazard ratio Beta SE | Hazard ratio
OGP1 score

Any 0.04068| .00016 1.042 0.04099 .00112 1.042
Non-violent 0.04773| .00019 1.049 0.04409 .0125 1.045
OVP1 score

Violent 0.05976| .00032 1.062 0.05515 .00152 1.057

Note. Beta = effect size per point of predictor. SE = standard error of Beta. Hazard ratio = ratio of hazards for
scores x+1 and X.

The importance of individual risk factors in repeated dynamic risk assessment
Further Cox regression models were created to establish the effect of single-point changes in each of
the OGP1 and OVP1 dynamic risk factors. These findings — see Tables D2 and D3 in Appendix D —
can be combined with the results in Table 4.2 to generate a summary metric which is the product of
the extent to which change occurs and the effect of each point of change. Table 4.6 sets out the
predictors’ weights and the length of the risk factor scales (columns (1) and (2)), the results from
Tables D2 and D3 (column (3)) and Table 4.2 (column (5)) and the necessary calculations to

standardise correctly for the length of each risk factor scale (columns (4), (6) and (7)).

% For homicide and wounding reoffending, the change in score was more predictive than the initial score.
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In OGP1, accommodation and attitudes appear to play a greater role in the dynamic prediction of
non-violent reoffending than is allowed for by the risk factor weightings. Both account for 5 (12.5%) of
the 40 point dynamic score, yet they account for 25% and 20% respectively of the changes in
likelihood of reoffending during the follow-up. Employment is the least important factor, accounting for
6% of the changes against a 12.5% weighting, while drug misuse changes are important (25%) but do
not fully justify this risk factor’s high overall weighting (15 of 40; 37.5%).

In OVP1, similar results are found for accommodation and employability. Alcohol misuse, temper
control and attitudes all have dynamic roles in proportion to their shares of the 40-point total dynamic
score. Scores on the remaining two items, recognising the impact of offending and being in psychiatric
treatment, have very little value as true dynamic risk factors. Impact scores change quite infrequently,
and their changes are entirely non-predictive. While changes in psychiatric treatment status are
reasonably predictive, these occur very infrequently.
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Table 4.6: Acuteness of dynamic risk factors in OGP1 and OVP1

Product of unweighted Beta and

Beta (per Beta per Mean absolute unweighted mean absolute change
Weight_ in | Unweighted We_ighted un_weight_ed Weighted chan_ge Per | per point of | Across range % of total
_rlsk _range of point) f(_)r point of risk mean unw_elghted unweighted | of unweighted | product over
_ predictor| risk factor| changesin| factor scale absolute point (6) = scale (7) = scale (8) =| unweighted
Risk factor (2) scale (2) score (3)| (4)=(1)*(3)/(2)| change (5) 5)/(2) (4)%(6) 7)*2) ranges (9)
OGP1 risk factors for non-violent reoffending
Accommodation 5 .037 .023 .34 .068 .00157 .0126 25
Employability 5 .016 .010 .18 .036 .00036 .0029 6
Regular activities 5 .030 .075 .24 .048 .00360 .0072 15
Drug misuse 15 10 .039 .059 31 .021 .00122 .0122 25
Thinking & behaviour .032 .020 .24 .048 .00096 .0048 10
Attitudes .097 .061 .16 .032 .00195 .0098 20
Total 40 .0495 100
OVP1 risk factors for violent reoffending
Impact 4 2 .001 .002 .07 .018 .00004 .0001 <1
Accommodation 4 8 .065 .033 .28 .070 .00231 .0185 26
Employability 6 8 .029 .022 .23 .038 .00084 .0067 9
Alcohol misuse 10 4 .046 115 .45 .045 .00518 .0207 29
Psychiatric treatment 2 .048 .096 .02 .005 .00048 .0010 1
Temper control 2 .060 .180 .20 .033 .00594 .0119 17
Attitudes 6 8 .062 .046 .20 .038 .00152 .0122 17
Total 40 .0711 100

Note: impact and psychiatric treatment are recorded as binary variables in OASys, but are treated as 0/2 items here to allow parity with all other risk factors. Betas (3) are from

Tables C2 and C3. Weighted mean absolute changes (5) are from Table 4.2. (9) = (8) / sum of all (8) values.




4.4 Implications

These results show that most of the ‘dynamic’ risk factors included in OGP1 and OVP1 are indeed
dynamic. Scores on accommodation, the two substance misuse questions, temper control and
antisocial attitudes varied often, and changes in these scores were related to changes in the likelihood
of reoffending. Using scores produced at the most recent assessment was shown to improve
predictive validity for all outcomes The modest nature of these improvements in terms of overall
predictive validity must be set against: (i) the fact that much reoffending occurs early in the sentence
before any review is necessary (i.e. both the costs and benefits of reviewing scores are accrued by the
same sub-group of offenders); and (ii) the lack of any meaningful review or any review at all for a
substantial minority of offenders (i.e. the average benefit across assessments which did have
meaningful review was greater than shown here). The predictive power of each score was shown to

be greatest soon after the assessment at which the score was determined.

The results in Table 4.6, which summarised the relative extent and importance of changes in dynamic
risk factors, do not necessarily override the risk factor weightings used in OGP1 and OVP1. Initial
scores on the dynamic items are also very important in prediction, but the ‘acuteness’ measures
provide useful additional insights in focusing offender manager attention on the areas where change is
most likely and may have the greatest effect. For example, Appendix D shows that accommodation
became more predictive of all three types of reoffending when changes in score were taken into
account; this is because accommodation status changed often and therefore initial accommodation
scores were comparatively poor indicators of accommodation status later in the follow-up. The
statistical method used to produce the forthcoming version 2 of OGP and OVP (see Chapter 9) should
be selected in order to ensure that the risk factor weightings of these predictors incorporate data on
both initial scores and score changes.

The results demonstrate that formal review processes can provide staff with important information
which they can use to prioritise offenders with the greatest likelihood of reoffending, potentially
reallocating resource from those offenders who have become less risky while under community
supervision. If assessment resources need to be prioritised, the findings suggest that the benefits of

reassessment are greater for violent than non-violent reoffending.
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5. Predicting reoffending for rare, harmful offences

In the study reported in this chapter, patterns of reoffending for six types of rare, harmful offence were
analysed in order to determine whether offenders specialise in these offences. Key points are as follows:

e Some degree of specialisation was found for all six offence types. For arson, child neglect,
dangerous driving, kidnapping and racially aggravated offending, those with a history of such
offending were three to four times more likely to commit further offences than those without,
rising to eight times for blackmail. Offence-specific history was therefore a risk factor for all six
offence types.

e Arson, kidnapping and racially aggravated offences were well predicted by OVP1. They should
be included in the set of offences which OVP classes as violent.

e Child neglect offences were most likely to be committed by young women living with children,
especially those with high scores on dynamic risk factors included in OGP1. The principal
dynamic risk factor in OGP1 is drug misuse.

e Dangerous driving offences were most likely to be committed by young men with employability,
lifestyle and impulsivity problems and histories of driving whilst disqualified or uninsured and/or
dangerous driving. OGRS3 and OGP1 were reasonable predictors.

e Blackmail was an extremely rare offence, and the likelihood of such reoffending may be
assessed using OGRS3 or OGP1.

e While most of these offences were relatively rare, rates of reoffending among those most at risk
were sufficiently high that the possibility of such offending should be explicitly considered when

conducting risk assessments in these cases.

5.1 Context

Public protection is a key aim of the National Offender Management Service (NOMS). As part of the
offender assessment and management process, it is therefore important that offender managers
should be able to identify those offenders most at risk of committing offences which cause serious
harm. Scores on the OASys Violence Predictor v.1 (OVP1; Howard, 2009) estimate with reasonable
predictive validity the offender’s likelihood of proven recidivism involving a broad group of violence-
related offences, and also identify those most likely to commit homicide and wounding with intent, the
most serious non-sexual violent offences. Scores on the ‘S’ scale of Risk Matrix 2000 (RM2000;
Thornton, 2007) are calculated for men with a known history of sexual offending when aged 16 or
over, and have moderate predictive validity for future sexual offending (Barnett, Wakeling and Howard,
2010). Between them, OVP1 and RM2000 cover the stereotypically most high-harm offence groups:
sexual and non-sexual violent offending, with OVP1 encompassing potentially serious offences
including weapon possession, robbery and aggravated burglary, non-arson criminal damage
endangering life and threats to kill, as well as interpersonal violence. However, no studies have been
conducted to determine whether any actuarial prediction score can predict adequately a range of other

offences which cause serious harm. These offences are not sexual, so no RM2000 scores are
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available, nor do some of their circumstances and motivating factors seem to fall easily within the

‘violent-type’ offences predicted by OVPL1.

» 61

The offences selected for study, termed ‘rare, harmful offences’,®* were as follows:

arson;
blackmail;

child neglect;
dangerous driving;
kidnapping; and

racially aggravated offences.

Existing literature provides varying detail on the perpetrators of these six types of rare, harmful

offence, and on the risk of recidivism for such offences. The aims of the analysis in this chapter were

therefore to:
1.

Summarise the risk/needs profiles and criminal histories of OASys-assessed offenders
convicted of rare, harmful offences. This information may be useful for those designing
new interventions, and allows comparisons with mainstream offender groups for whom
existing interventions have been designed.

Establish the prevalence of reoffending, and whether the predictive scores within OASys
differentiated between offenders more and less likely to reoffend, for each of the six types
of rare, harmful reoffence, for

a) offenders with a known history of such offending, and

b) offenders with no known history of such offending.

Develop statistical models which might identify useful predictors of such reoffending. The
content and validity of these models, combined with the information on prevalence and
the validity of existing predictors, could help to inform decisions on whether there is
practical value in managing those convicted for each rare, harmful offence differently from
other offender groups.
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Although the results show that dangerous driving and racially aggravated offences are not especially rare. It is
acknowledged that many offences can cause serious harm, but these offences are especially likely to do so.

Offences related to terrorism could not be adequately studied using the available data. Consultation with NOMS staff
responsible for the treatment and management of extremist offenders revealed that the offender group who had been
convicted for offences under statutes such as the Terrorism Act 2006 overlapped little with the extremist offenders under
their supervision, with many of the former group likely to have been convicted for activities which were actually relatively
minor breaches of public order. As such, any results on ‘terrorist’ reoffending, which would have to be based upon the
statutory offence codes, would not provide reliable information on future harmful extremist reoffending. A further possibility
was to include abduction offences, either alone or together with kidnapping. However, OASys details of index offences
found that around half of abduction offences had a sexual element or motivation (OASys questions 2.2F and 2.9), which is
consistent with the current classification of abduction as a sexual offence. Kidnapping offences, on the other hand, had a
sexual element or motivation in only 11% of cases.
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Those with a history of each offence were studied separately from those without, as assessors would
have been especially alert to the possibility of a new offence where the offender was already known to

have committed such offences.

5.2 Approach

Sample

A list of offenders assessed using OASys by 31 March 2007 was created, filtering out assessments
with missing dynamic risk factor data or Risk of Serious Harm (RoSH) ratings, and ensuring that each
offender was only represented once during each period of contact with the criminal justice system.
This list was submitted to the Ministry of Justice’s (MoJ's) Police National Computer (PNC) research
database in January 2010. After filtering out those whose index conviction (i.e. the conviction for which
OASys was being completed) could not be identified on the PNC, those whose assessment was not
within three months of their community sentence or discharge from custody, those for whom OGRS3,
OGP1 or OVP1 scores could not be calculated,®® and those whose follow-up commenced less than 36
months prior to the PNC extract date, 144,229 cases could be included in the analysis of 24-month
proven reoffending outcomes. These offenders commenced community sentences or were discharged
from custody between January 2002 and January 2007, with the bulk towards the end of this period
due to improvements in data completeness and the advent of routine use of the electronic form of
OASys. Offenders could be included more than once when these assessments were related to

separate non-concurrent sentences.

The eligible sample included:**
. 22% on licence from a custodial sentence;
. 33% on Criminal Justice Act 2003 (CJA 2003) Community Orders;
. 9% on Suspended Sentence Orders; and

. 36% on pre-CJA 2003 community sentences.

The sample includes few offenders with custodial sentences of under 12 months or non-rehabilitative
community sentences (e.g. Community Orders with only unpaid work and/or curfew requirements), as
OASys is not routinely used with these offenders. Demographic details of the eligible sample are

included in the results section.
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o Due to missing date of birth or apparent convictions aged under 10, or missing data on OGP1 or OVP1 items.

Checks confirmed that the data filtering process had little impact on the characteristics of the sample.
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Procedure

PNC data processing and identification of offender groups

PNC output was analysed to count the number of separate occasions, prior to and including the index
offence, in which the offender had been sanctioned (convicted or formally cautioned) for each of the
six rare, harmful offences, and 20 other offence types. The 20 offence types were selected by
breaking down the standard offence categorisation used by the Home Office and MoJ to give more
opportunity to detect potential differences in associations between previous history and reoffending
(e.g. the possible link between kidnapping and abduction meant that abduction was separated from
other sexual offences; on similar logic, the remaining contact sex offences were separated from

non-contact sex offences). All 26 offence types were mutually exclusive.

While each sanctioning occasion could only be scored once per offence type, no matter how many
offences of that type were involved, multiple offence types could be scored from a single sanctioning
occasion.® An adjustment was made for arson and racially aggravated offences, as it is possible to
use OASys data to determine whether the current offence involved these elements.®® This had
relatively little effect on arson, with the mean number of sanctions rising from 0.039 to 0.040 and the
proportion with any sanction rising from 3.5% to 3.6%, but far more effect on racially aggravated

offences, with the mean rising from 0.025 to 0.040 and the proportion rising from 2.4% to 3.7%.°%’

Seven offender sub-groups were then created. The first six comprised offenders with at least one
appearance for each of the offence types; the composition of these groups could and did overlap. The
seventh group comprised those in none of the other six groups. Log-linear analysis was conducted to
examine associations between membership of each group — that is, to determine whether the groups
overlapped more or less than might be expected on the basis of statistical independence (i.e. where a
certain amount of overlap would exist due to membership of each group being determined by

separate, random processes).

% The 20 other offence groups exclude the rare, dangerous offences which might usually belong within them. For example, if

an offender is convicted of five assault offences and one kidnapping offence on a given day, this is counted as one violence
against the person sanction and one kidnapping sanction; if they were only convicted of the kidnapping offence (which
would be classified as violence against the person in most studies), this would be counted as no violence against the person
sanctions and one kidnapping sanction.

OASys question 2.2D checks for arson as an element of the current offence. Question 2.3B checks whether “victim(s)
targeted because of racial motivation or hatred of other identifiable group”, and 2.9 for “racial motivation or hatred of other
identifiable group [as a motivating factor]”. The “other identifiable group” element does suggest that using question 2.9 in
this way will incorrectly classify some offences.

The Crime and Disorder Act 1998 introduced racially aggravated variants of existing offences of violence, harassment,
public order and criminal damage. Fieldwork conducted in 2000 found that most offences with racist elements could be
charged as one of these new statutory offences. The new offences were being used widely by police, though with some
geographic inconsistency, and were filtered on evidential grounds (sometimes down to the basic, not racially aggravated
version of the offence) by the Crown Prosecution Service (Burney and Rose, 2002). Foster, Newburn and Souhami’s (2005)
review of policing since the Stephen Lawrence Inquiry found that police forces had improved opportunities for the public to
report racist incidents, and their recording and investigation of such incidents. Thus, in the absence of exact data, we
assume that issues such as plea bargaining and charge substitution, as identified by Burney and Rose (2002), balanced by
the improved reporting and follow-up identified by Foster et al. (2005), affected past offences and potential reoffences to a
similar degree to the current offence. It is therefore expected that our (enforced) use of previous sanction counts and
reoffending measures derived from PNC offence codes will result in suboptimal prediction, as well as underestimation of the
proportions of the caseload with racially motivated offending histories and reoffending.
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PNC data were also processed to determine 24-month proven reoffending outcomes for the six
offence types. An additional 12-month ‘buffer’ period was allowed for the offence to be brought to

justice and PNC data entry to occur, summing to the 36-month period specified in the Sample above.

Risk/needs profiles and criminal histories

The demographic characteristics of offenders in each group, and of all offenders, were tabulated. The
proportions with criminogenic needs for each offence, as measured using the revised scores
developed by Moore (2009b) and implemented in August 2009, were also tabulated, with chi-square
tests used to compare the first six groups with the seventh (no history of rare, harmful offences) group.
Within the seventh group, those with different types of current offence were distinguished, to allow
comparisons of the six groups with mainstream offender type. The mean number of previous
sanctions for each of the 26 (six rare, harmful, plus 20 other) offence types was calculated for each of

the seven groups, and for all offenders, to identify differences in previous criminal history.

Prediction of rare, harmful reoffending using existing scales

Proven reoffending outcomes for each of the six rare, harmful offences were compared for those with
and without any previous sanctions for the relevant offence. As a summary measure of the apparent
degree of specialisation in each offence, odds ratios for reoffending by offenders with previous
sanction(s) for that offence versus other offenders were calculated. As well as simple odds ratios,
logistic regression models were used to offset the OGRS3 score, and thus estimate the odds ratio for

previous sanctions after controlling for this standard measure of static general reoffending risk.

The predictive validity of existing risk measures — OGRS3, OGP1, OVP1 and their static and dynamic
subscales — was compared for each of the six rare, harmful offences, separately for those with and
without previous sanctions for the offence in question (where sample sizes allowed). To compare
predictive validity, Area Under Curve (AUC) statistics were calculated. Some further examinations of

factors associated with reoffending were attempted.

Development of new statistical models to predict rare, harmful reoffending

Finally, statistical models were created to explore the possibility of improved predictors of certain types
of rare, harmful reoffending for those with previous sanctions for these offences. These models were
only fitted for arson, dangerous driving and racially aggravated offences, where the number of
reoffenders was sufficiently high for a valid statistical model to be selected (see criteria in Harrell, Lee

and Mark, 1996). Logistic regression models were constructed, with candidate variables including
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measures of static and dynamic risk both scored and unscored in OASys, and current offence
characteristics.®®

5.3 Results

PNC data processing and identification of offender groups
As set out below, dangerous driving was the most frequent (in terms of criminal history) of the six rare,
harmful offence groups:

. dangerous driving (12,653 offenders; 8.8% of the sample)

. racially aggravated offending (5,377; 3.7%);

. arson (5,255; 3.6%);

° kidnapping (1,067; 0.7%);

. child neglect (840; 0.6%); and

. blackmail (582; 0.4%).

Considering the six groups together, 21,825 offenders (15.3% of the entire sample) appeared in one
group, 1,792 (1.3%) appeared in two groups, 97 (0.1%) appeared in three groups and three offenders
appeared in four groups. Log linear model results indicated some tendencies for offenders to be
involved in multiple harmful offence types.®® The strongest tendency was found with blackmail, where
194 (33%) of the 582 offenders had been sanctioned for at least one of the other five offence types; on
the basis of statistical independence, only 96 (17%) would be expected. Kidnapping featured 301
(28%) of 1,067 with other offences types, where 174 (16%) would be expected; for arson, the
equivalent figures were 1,127 (21%) against 723 (14%) of 5,255. Dangerous driving (11% actual, 9%
expected) and racially aggravated offending (15% actual, 14% expected) showed weaker tendencies.
Child neglect offenders were infrequently involved in other rare, harmful offences: 749 (89%) of these
840 offenders were involved in none of the other five offence types, compared with an expected 707
(84%).

Considering particular combinations of offences, dangerous driving, blackmail and kidnap appeared to
be associated, especially blackmail and kidnap: this pair of offence types (sometimes with others)
appeared in the criminal histories of 49 offenders, where only four would be expected on the basis of

statistical independence. Examination of sanction-level data revealed 36 convictions or cautions

%  Forward selection at p=.1 was used. Static measures included the number of previous offences for each offence group, age,

gender, being a first-time (proven) offender, and whether the index conviction involved the offence of interest. Dynamic
measures included the eight OASys dynamic risk factor scores, and unscored items including domestic violence
perpetration and victimhood, individual questions from the emotional wellbeing section, impulsive behaviour and
discriminatory attitudes. Where the index conviction involved the offence of interest, it was possible to consider
acknowledgement of the impact of offending, co-offender involvement, peer group influence, accepting responsibility for the
current offence and whether the current offence was part of an established pattern of similar offending.

Note that the statistical independence condition is not perfectly upheld in this analysis, as some offenders are represented
more than once in the dataset. Deviations from what might be expected on the basis of independence are therefore likely to
be exaggerated compared with a one-record-per-offender approach.
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involving blackmail and kidnap together, suggesting that this pair of offences occurred as part of a

single criminal act.

Risk/needs profiles and criminal histories

Table 5.1 compares the demographic characteristics of offenders in each of the six offence groups.
Dangerous drivers were the most exclusively male group (98% male), and among the youngest (mean
age 29.8 years), as expected from a previous research finding that 75% of dangerous drivers were
males aged under 30 (Department for Transport, Local Government and the Regions, 2002). They
had similar mean numbers of previous sanctions to arson and blackmail offenders (15.3, 14.5 and
15.5 sanctions respectively). Child neglect offenders had relatively few previous sanctions (mean of
9.2), and half were female, compared with around one-eighth of all offenders and smaller proportions
within many of the other rare, harmful offender groups. The arson offender group was comprised
almost entirely (88%) of White offenders, where their ethnicity was known, while the blackmail and
kidnap groups included more Black, Asian and Minority Ethnic (BME) offenders than the overall

OASys sample.

The mean age of racially aggravated offenders was low (28.4 years). This may reflect the historical
background of the offences concerned, which only existed in the legal sense upon implementation of
the Crime and Disorder Act 1998, and also the concerns cited by Burney and Rose (2002) that
offences with racial elements often lead to convictions for the ‘basic’ offence (i.e. without the racial
element). A high proportion of identified racially aggravated offenders were therefore included on the
basis of the additional OASys details regarding their current offences, with the extensive offending

histories of some older offenders thus being effectively ignored.

Static likelihood of reoffending, as measured through the OGRS3 two-year percentage, was greatest
for the dangerous driver group (mean of 68%). Child neglect offenders were the only one of the six
groups to have a lower mean static likelihood of reoffending than those with no history of rare, harmful
offending (47% compared to 51%).

Table 5.1 also allows comparison with different types of offenders with no history of rare, harmful
offending. This suggests that arson offenders had similar OGRS scores, gender and ethnicity to other
criminal damage offenders, but were older and had more extensive criminal history. Blackmail
offenders had similar ethnicity and gender profiles to robbers (i.e. often BME and usually male), but
were older, with more previous sanctions and higher OGRS scores. The child neglect group was
confirmed as including a higher proportion of female offenders than any other group. Dangerous
drivers were of similar age to other motoring offenders (not drunk drivers), but were more usually
White and had more previous sanctions and thus higher OGRS scores. The kidnap and racially
motivated groups had unusual profiles, though the kidnap group were like robbers in frequently being
BME and having similar OGRS scores.
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Table 5.2 displays the criminogenic need profiles of each group. Levels of accommodation and
employability need were generally above average, though less so for the dangerous driver and racially
aggravated offender groups. The child neglect group had the highest levels of relationships need
(85%) — unsurprisingly, given that one of the three scored relationships questions involves current
relationship with close family, which can include children — but were the only group not to have
elevated levels of lifestyle/associates and attitudes needs (both 50%). Substance misuse needs varied
considerably, without being extremely high or low for any group: blackmail, dangerous driving and
kidnapping offender groups had relatively high levels of drug misuse need, racially aggravated
offenders had more alcohol misuse need, the arsonist group had raised levels of both needs and the
child neglect group had lower levels of both needs. Thinking and behaviour need levels were above
average for all offender groups. RoSH ratings were greatest for those convicted of kidnapping (32%
high/very high) and only slightly above the population average for those convicted of dangerous
driving (8% high/very high).

Compared with conventional offence groups, blackmail offenders seemed very similar to robbers;
kidnap offenders were rather less so, having more frequent relationship need and less frequent
lifestyle and drug needs. Arsonists were not especially similar to other criminal damage offenders,
misusing alcohol less often but having more of every other need and rated as more harmful. The
profile of child neglect offenders was essentially unique. Dangerous drivers had higher levels of all ten
needs and were rated as more risky than other motoring offenders, and the same is true of those
convicted of racially aggravated offences — typically involving interpersonal violence — compared with
other violent offenders.
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Table 5.1: Demographic characteristics and static risk factors of those with a known history of each offence type

OGRS3 2 Previous

Group (n) yr % sanctions Age Gender Ethnicity: % in each group

Mean % Missing /

(SD) Mean (SD) Mean (SD) female | Asian  Black Mixed Other White not stated
Arson (5,255) 65 (20) 14.5 (10.2) 30.2 (9.9) 7 1 1 1 <1 88 8
Blackmail (582) 62 (21) 15.5 (9.7) 33.8(9.2) 7 5 11 4 <1 69 11
Child neglect (840) 47 (24) 9.2 (9.6) 32.9 (8.7) 50 1 5 1 <1 84 9
Dangerous driving (12,653) 68 (20) 15.3 (10.0) 29.8 (8.8) 2 3 3 2 <1 84 7
Kidnapping (1,067) 57 (22) 13.3(9.4) 32.9(9.2) 7 8 10 2 <1 70 10
Racially aggravated offence (5,377) 61 (23) 11.6 (10.8) 28.4 (9.7) 13 4 3 2 1 81 9
No known history of any rare, harmful
offences (120,450) 51 (25) 8.2 (7.9) 30.4 (10.3) 14 3 4 2 1 80 11
Of which, current offence:
Violence against the person (32,742) 45 (22) 6.8 (6.3) 29.9 (10.0) 11 3 3 2 <1 79 13
Sexual offences (2,644) 14 (16) 3.5(5.1) 43.5 (14.6) 2 2 1 1 84 11
Burglary (8,633) 67 (17) 12.9 (8.8) 27.1(7.4) 6 1 3 2 <1 86 8
Robbery (3,398) 55 (22) 10.5 (8.1) 26.3 (7.2) 9 4 12 4 1 72 7
Theft and handling (19,870) 68 (21) 11.8 (10.1) 28.6 (8.7) 25 2 3 2 <1 84 8
Fraud and forgery (4,054) 40 (25) 5.9 (6.6) 33.6 (10.8) 36 6 7 1 1 72 12
Criminal damage (3,167) 61 (19) 8.8 (6.8) 26.7 (8.6) 7 1 2 1 <1 85 10
Drug offences (9,017) 46 (23) 8.6 (7.4) 30.4 (9.0) 16 5 7 2 1 75 10
Drink driving (12,498) 33(21) 5.0 (5.3) 35.8 (11.1) 14 3 3 1 1 82 10
Other motoring offences (9,909) 58 (19) 8.6 (7.1) 29.1 (9.6) 7 4 6 2 1 78 9
All other offences (14,344) 46 (25) 7.1(7.8) 31.0 (11.4) 15 3 3 2 1 79 12
All offenders (144,229) 53 (25) 9.2 (8.6) 30.3 (10.2) 13 3 4 2 1 81 10
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Table 5.2: Criminogenic need profiles of those with a known history of each offence type

Group (n) % with each criminogenic need % risk of serious harm
Lifestyle & Drug Alcohol Thinking & High /
Accom. Employ. Rel. associates misuse misuse  behaviour Attitudes Low Medium V. High
Arson (5,255) 46 74 69 70 46 42 68 64 32 53 15
Blackmail (582) 43 75 65 71 53 30 70 67 25 57 18
Child neglect (840) 46 73 85 50 34 30 67 50 20 59 21
Dangerous driving (12,653) 37 67 54 71 47 28 63 64 45 47 8
Kidnapping (1,067) a7 70 72 66 45 26 68 67 14 54 32
Racially aggravated offence (5,377) 40 65 60 66 39 52 66 65 27 61 12
No known history of any rare,
harmful offences (120,450) 34 55 51 52 36 32 50 45 54 40 6
Of which, current offence:
Violence against the person (32,742) 33 a7 55 38 23 43 51 40 27 63 10
Sexual offences (2,644) 40 37 68 50 7 11 60 48 10 51 39
Burglary (8,633) 50 82 61 79 67 26 63 65 61 36 3
Robbery (3,398) 48 80 59 80 63 26 60 59 16 65 19
Theft and handling (19,870) 43 75 57 68 60 23 55 56 75 24 1
Fraud and forgery (4,054) 24 49 44 41 23 11 41 35 87 12 1
Criminal damage (3,167) 40 62 59 55 34 60 60 51 46 49 4
Drug offences (9,017) 33 63 44 67 73 11 42 45 77 22 1
Drink driving (12,498) 16 26 34 34 9 54 33 23 73 26 1
Other motoring offences (9,909) 24 51 41 51 26 21 51 47 74 25 1
All other offences (14,344) 30 49 49 45 23 34 51 43 48 43 9
All offenders (144,229) 35 57 52 54 37 33 53 48 51 42 7

Note. Accom. = accommodation; Employ. = employability. Rel. = relationships. Risk of serious harm = highest community risk.




Examination of the criminal histories of the six groups shows that dangerous driving is often repeated:
the average dangerous driving offender had 1.28 such sanctions, compared with 1.12 arson sanctions
for those with any arson sanction, 1.09 for racially aggravated offending and 1.03 to 1.04 for the other
three groups. In the most notable crossover between groups, the average blackmail offender had 0.09
kidnapping sanctions, compared with 0.01 among the whole sample. Considering histories of the other
20 offence groups, arsonists had sanction counts at least 50% higher than the whole sample for 14
groups, including over double higher for criminal damage, motor theft and burglary offences. Blackmail
offenders had over double the whole-sample rates of homicide/wounding, indictable assault, robbery,
threats/harassment, contact sexual offences, burglary and fraud/forgery, suggesting tendencies to
commit both seriously harmful and the more lucrative offences. Dangerous drivers were above the
whole-sample average for all but sexual offences, had over three times the whole-sample average for
motor theft and other motoring offences and over twice the average for burglary. Kidnapping offenders
had over three times the whole-sample average for homicide/wounding, robbery and contact sexual
offences, and over double for threats/harassment and motor theft, suggesting a wide range of
motivations. Their mean child abduction sanction count was only 0.01. Racially aggravated offenders
had some violence propensity, including double the whole-sample averages for weapon possession
and public order, while child neglect offenders were near or below the whole-sample averages for all

20 offence groups.

Prediction of rare, harmful reoffending using existing scales

Table 5.3 compares two-year proven reoffending outcomes for each of the six rare, harmful offences,
separating those with and without any previous sanctions for the relevant offence. Reoffending rates
for those with relevant previous sanctions ranged from 0.3% (blackmail) to 4.4% (racially aggravated
offences), and for those without relevant previous sanctions ranged from 0.04% (blackmail) to 1.1%
(racially aggravated offences). The odds ratios show strong evidence for specialisation: even after
accounting for static risk, those with previous history generally had between 2.7 and 4.7 times the
likelihood of new proven offending than those without previous history. Blackmail offences had even
stronger evidence of specialisation (odds ratio 8.1, though with broad confidence intervals). This clear
evidence of specialisation does not make it easy to isolate those likely to commit rare, harmful
offences in the future, because few offenders have histories of these offences — even for dangerous
driving, those with no known history of the offence still comprised almost two-thirds of the reoffenders.
However, it is plausible that offenders with particular characteristics (e.g. high scores on existing

scales) might be many times more likely to reoffend than other offenders.

Child neglect is an offence which is clearly influenced by opportunity: that is, sustained responsibility
for the welfare of a child. In OASys terms, those with the greatest such responsibility are likely to be
women who live with children (identified using OASys question 3.2). The analyses reported below on

this offence group differentiate by gender and question 3.2.
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Table 5.3: Proportions with proven reoffending for each offence within a two-year follow-up

Those with no known history for this

Those with known history for this

Odds ratio (95% confidence
interval): those with known

Offence type offence type offence type history vs. those without
Number of Mean % (n) proven| Number of Mean OGRS3 % (n) proven Controlling
offenders OGRS3 score reoffending| offenders score reoffending Simple for OGRS3 %
Arson 138,974 52 0.21 (294) 5,255 65 0.72 (38) 3.44 (2.45, 4.82) 2.75 (1.95, 3.87)
Blackmail 143,647 53 0.04 (51) 582 61 0.34 (2) 9.71 (2.36, 40.0) 8.12 (1.97, 33.5)
Child neglect 143,389 53 0.11 (154) 840 47 0.48 (4) 4.45 (1.65, 12.0) 4.67 (1.73, 12.6)
Dangerous driving 131,576 51 0.74 (978) 12,653 67 4.17 (528) 5.82 (5.22, 6.48) 3.80 (3.40, 4.24)
Kidnapping 143,162 53 0.10 (147) 1,067 57 0.47 (5) 4,55 (1.87, 11.1) 4.31 (1.76, 10.5)
Racially aggravated 138,852 52 1.12 (1562) 5,377 61 4.43 (238) 4.07 (3.54, 4.68) 3.36 (2.92, 3.87)




Offenders with no previous history of the rare, harmful offence

Table 5.4 compares each risk predictor's AUCs for each type of rare, harmful reoffence, among
offenders with no history of the relevant offence. Arson recidivism was best predicted by the OVP1
total score (AUC = 0.71), within which the dynamic subscale was also predictive (AUC = 0.70), both
representing upper-moderate predictive validity. The OVP1 total score is only slightly more predictive
than the dynamic subscale because static factors, especially gender, are less predictive for arson than
for other violent reoffences. Kidnapping and racially aggravated offences appeared to function well as
OVP1-type offences for those with no such history. Blackmail was predicted well by OGRS3 but not
especially well by either OGP1 or OVP1.

Of the 8,010 women living with children but with no child neglect history, 48 (0.6%) had a child neglect
reoffence. This was not significantly different from the 1.1% (2/176) rate among such women who did
have a known child neglect history. It compared with 0.08% of all male or female offenders with no
child neglect history,”® and a 0.3% (2/664) rate for all other male or female offenders with child neglect
history. OGRS3, OGP1 and OVP1 all had poor overall predictive validity for child neglect, as these
predictors all give women slightly lower reoffending probabilities than men and do not take account of
access to children. Among women who lived with children only, the OGP1 dynamic scale had the
highest AUC, a moderate .64. The offender’s age was also weakly predictive (AUC=.60), and a
combination of age and the OGP1 dynamic score seemed most predictive (AUC=.66). For example,
women aged under 25 who lived with children and scored at least 2 (of 12) points on the drug misuse
scale had a 1.1% (6/526) rate. In practice, therefore, young women who live with children and have

high OGP1 dynamic scores seem most at risk of committing future child neglect offences.

Static factors were most predictive of dangerous driving reoffending, with OGRS3 (AUC = 0.73) and
the OVP1 static scale (AUC = 0.72) proving good predictors. Dangerous driving reoffending was
extremely strongly associated with age. Among those with no such prior offending, dangerous driving
reoffending rates were 1.7% for those aged 18-19, 1.3% for ages 20-21, 0.9% for ages 22—23, then
declining to 0.1% for ages 46-50 and 51+. The odds ratio of 22 separating the 18-19 and 51+ age
groups compared with 6.8 for OGP1-type (i.e. non-violent) and 8.6 for OVP1-type (i.e. non-sexual
violent) reoffending. Dangerous driving reoffending was also extremely male-centred, with odds 7.7
times greater for men than women, compared with 1.2 for OGP1-type and 1.8 for OVP1-type
reoffending. In all, 47% of dangerous driving reoffences by those without known history of this offence
were committed by males aged 18-21 (who comprised 23% of the sample), 7% by males aged 36 and

over (28% of the sample) and 2% by women (14% of the sample).

" Women living with children comprised 6% of the sample but 31% of the child neglect reoffenders.
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Table 5.4: Predictive validity of existing risk assessment tools for those with no known history of each offence

Predictor (range) AUC (95% CI) for offence group
Arson Blackmail Child neglect Danger. driving Kidnapping Racially aggravated
(n=138,974, 0.21% (n=143,647, 0.04% (n=143,389, 0.11% (n=131,576, 0.74% (n=143,162, 0.10% (n=138,852, 1.12%
proven reoffending) proven reoffending) proven reoffending) proven reoffending) proven reoffending) reoff.)

OGRS3 2-year score (0-100) |.65 (.62, .68) .70 (.64, .77) .55 (.51, .59) 73 (.71, .74) .66 (.62, .69) .69 (.68, .71)

OGP1 dynamic score (0-40) |.63 (.60, .66) .58 (.50, .65)** 59 (.55, .63)+ 61 (.59, .62)*** .62 (.58, .66) 63 (.62, .65)***

OGP1 total score (0-100) .65 (.63, .68) 67 (.61, .73)* 57 (.53, .61)++ 70 (.69, .71)*** .66 (.63, .70) .69 (.68, .70)

OVP1 static score (0-60) .66 (.63, .70) .69 (.63, .75) .51 (.46, .56)* .72 (.70, .73) 72 (.68, .75)+++ 71 (.70, .73)+++

OVP1 dynamic score (0-40)  |.70 (.67, .73)++ 53 (.45, .61)*** .56 (.51, .60) 54 (.52, .56)*** .63 (.59, .67) .69 (.68, .70)

OVP1 total score (0—100) 71 (.68, .74)+++ .64 (.58, .70)* .53 (.48, .58) .66 (.65, .68)*** T1(.67, .74)++ T4 (.73, .75)+++

Note. The OGP1 static score = 0.6*OGRS3 2-year score (rounded, 0-60 range). Its AUCs are therefore very similar to those of the OGRS3 2-year score. The AUC of the

OGRS3 2-year score is compared with the AUC of each other tool. Where the OGRS3 AUC is higher, *: p<.05. **: p<.01. ***: p<.001. Where the OGRS3 AUC is lower, +:
p<.05. ++: p<.01. +++: p<.001.




Offenders with previous history of the rare, harmful offence
Reliable AUC estimates could only be obtained for arson, dangerous driving and racially aggravated
reoffending, as there were fewer than ten recidivists for each of the other three offence types. These

are presented in Table 5.5.

The arson recidivism rate was 0.7%: 38 of 5,255. The OVP1 dynamic score, with a good AUC of 0.73,
was the best predictor of arson reoffending, followed by the OVP1 total score (AUC = 0.71), with the
static score faring less well. Contrary to OVP1 scoring, women (1.1%; 4/371) and the oldest offenders
(1.3%, 5/389, at ages 46+) had high rates. While there was only one (0.2%) reoffender among 637
offenders with no history of OVP1-type offending, the OVP1 sanction count was otherwise a weak
predictor. Using the banded OVP1 score, as might be recommended in practice, those in the Low
band had a 0.1% (2/1,764) rate; those in the medium band a 0.8% rate (22/2,682); those in the high
band a 1.6% (11/703) rate, and those in the very high band a 2.8% (3/106) rate.

The dangerous driving recidivism rate was 4.2%: 528 of 12,563. The best predictors were the OGRS3
and OGP1 total scores, as was the case among offenders with no dangerous driving history. However,
among those with history, even these predictors performed only moderately (AUCs of 0.65 and 0.64
respectively). Age and gender did have predictive power. Offenders aged 18-19 and 20-21 had 6.7%
and 7.5% rates respectively, compared with under 2% for 41-45 and 46-50 and 0.3% (1/309) for
those aged 51+. Rates were 0/257 for females and 1/486 for first-time offenders. Rates across the four
OGP1 bands were: low, 0.7% (16/2,396); medium, 3.8% (208/5,446); high, 6.4% (254/3,956), and
very high, 5.9% (50/855).

The racially aggravated offending recidivism rate was 4.4%: 238 of 5,377. The full OVP1 score was
the best predictor: its AUC of 0.68 was moderate, although slightly constrained by the nature of the
sample: as all criminal charges involving racial aggravation are for violence-related offences, it is
unsurprising that only 4% of the sample (with a 2.5% rate: 6/239) had no OVP1 sanctions.”" Yet the
predictive validity of OVP1 for this offence rests largely on its criminal history elements: females and
males alike had 4.4% rates, while there was an unusual age curve — rates fell modestly, from 4.8% at
age 18-19 to 3.3% at age 31-35, then rose to over 8% for ages 46-50 and 51+. Violent criminal
history was predictive: those with 0-2 OVP1-type sanctions had a 2.2% (42/1,869) rate, those with 3—
6 sanctions had a 4.0% (91/2,269) rate, those with 7—10 sanctions had a 6.6% (56/852) rate and those
with 11+ sanctions had a 12.7% (49/387) rate. Rates across the four OVP1 bands were: low, 2.0%
(29/1,480); medium, 3.7% (99/2,668); high, 8.3% (87/1,053), and very high, 13.1% (23/176).

™ As mentioned earlier, OASys data could be used to identify an index offence as racially motivated for the purposes of

defining the sample. However, such offences are not counted as violent for OVP1.
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Table 5.5: Predictive validity of existing risk assessment tools for those with known history of each offence

Predictor (range) AUC (95% CI) for offence group
Arson Dangerous driving Racially aggravated offences
(n=5,255, 0.72% proven reoffending) (n=12,653, 4.17% proven reoffending) (n=5,377, 4.43% proven reoffending)

OGRS3 2-year score (0-100) | .55 (.46, .63) .65 (.63, .67) .64 (.61, .68)

OGP1 dynamic score (0-40)  |.54 (.46, .61) 59 (.57, .62)*** .64 (.60, .67)

OGP1 total score (0-100) 54 (.46, .62) .64 (.63, .66) .66 (.63, .69)+

OVP1 static score (0-60) .60 (.51, .69) 61 (.59, .64)* .62 (.59, .66)

OVP1 dynamic score (0-40) .73 (.65, .81)++ .55 (.52, .57)*** .67 (.64, .71)

OVP1 total score (0-100) .71 (.64, .78)+++ .59 (.57, .61)*** .68 (.65, .72)+

Note. The OGP1 static score = 0.6*OGRS3 2-year score (rounded, 0-60 range). Its AUCs are therefore very similar to those of the OGRS3 2-year score. The AUC of the
OGRS3 2-year score is compared with the AUC of each other tool. Where the OGRS3 AUC is greater, *: p<.05. **: p<.01. ***: p<.001. Where the OGRS3 AUC is lesser, +:
p<.05. ++: p<.01. +++: p<.001. AUCs were only estimated for offence groups with >10 proven reoffenders, as shown in Table 5.3.




Development of new statistical models to predict rare, harmful reoffending
Logistic regression models were created for the three most frequent rare, harmful offences: arson,
dangerous driving, and racially aggravated offences. All items listed in the results for these three

offences were significant at p<.05 unless otherwise stated.

Offenders with no previous history of the rare, harmful offence

A logistic regression model was developed to predict arson reoffending among the 138,974 offenders
without prior sanctions for this offence, building upon OVPL. Initial data analyses suggested that
OVP1 underestimated the importance of alcohol in predicting future arson, and that lifestyle (section
7), emotional wellbeing (section 10) and thinking/behaviour (section 11) items were also worth

modelling. The selected model included OVP1 and the following OASys questions:

. 10.3 social isolation; odds ratio (OR) 1.4 for a score of 1 or 1.9 for a score of 2

. 10.5 self harm or attempted suicide; OR 1.2 for a score of 1 or 1.4 for a score of 2
. 10.7 childhood behavioural problems item; OR 1.5 if a problem existed

. 11.2 impulsivity; OR 1.5 for a score of 1 or 2.3 for a score of 2

The OVP1-type offence group was not uniformly predictive: controlling for the OVP1 score, weapon
possession and (non-arson) criminal damage sanctions were more predictive than homicide/wounding
or indictable assault sanctions (p=.07 for weapon possession; ORs of 1.2, 1.1, 0.7 and 0.7 per
sanction, respectively). Moreover, new arsonists were seldom known contact sex offenders (OR 0.3
per sanction) and were less prolific generalist offenders (hon-motor theft — the most frequent of all

offence types — had an OR of 0.94 per sanction).

A logistic regression model of dangerous driving reoffending, among the 131,576 offenders without
prior sanctions for this offence, revealed that young age, being male and not being a first-time offender
all strongly increased risk (ORs of 20 (for age 18-19 vs. 51+), 4 and 4 respectively). Previous robbery
/ aggravated burglary (OR 1.2 per sanction; probably an indication of high antisociality), other motoring
(OR 1.2 per sanction; e.g. driving whilst disqualified or uninsured) and indictable assault (OR 1.1 per
sanction) also increased risk.” Employment, lifestyle/associates and thinking/behaviour needs were
also associated with increased risk (ORs around 1.2 for each), while accommodation, alcohol misuse
and emotional wellbeing needs were associated with decreased risk (OR 0.9, 0.6, 0.8 respectively).”
This model achieved an AUC of 0.80, which is as high as the AUC for OGP1 as a predictor of any
non-violent reoffending, and has not been exceeded in any large-scale OASys samples. In practical
terms, it suggests that the driving habits of young prolific male offenders should be scrutinised
carefully, especially if they demonstrate lifestyle and cognitive deficits and have a history of less

directly harmful motoring offences.

72
73
74

See Appendix D for a list of OASys scored questions.

Drink driving was not associated with increased risk.

Those with accommodation or emotional wellbeing needs may lack access to a motor vehicle or the confidence to drive
one, respectively, while those who misuse alcohol might be convicted of drink driving rather than dangerous driving.
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A model combining OVP1 with various criminal history and offence analysis items showed that
racially aggravated recidivism was more frequent for those whose index offence had a stranger victim
(OR 1.2), and those with histories of summary assault (OR 1.1 per sanction) and/or public order

(OR 1.1 per sanction). (The predictive value of summary assault and public order offences was
additional to their contribution to the OVP1 score.) Given the lack of dynamic risk factors associated
with this offence, beyond those already in OVP1, combining OVP with clinical observance of relevant

behaviours may be most appropriate for monitoring the risk of this offence.

Offenders with previous history of the rare, harmful offence

The opportunity to improve prediction was most limited for arson recidivism. The AUC of OVP1's
dynamic factors was already good, at 0.73, and with only 38 recidivists the scope for reliable statistical
modelling was limited. Nevertheless, a logistic regression model found some similar results to the
model for those with no arson history: in addition to OVP1, the count of prior weapon possession
sanctions was positively predictive (p=.02; OR 2.2 if any such offences’®), and the count of prior
non-motor theft was negatively predictive (p=.05; OR 0.9 per sanction). The drug offence count was
also negatively predictive (p=.07; OR 0.7 per sanction), reinforcing the tie between arson and OVP1
(which stresses alcohol misuse) rather than OGP1 (which stresses drug misuse). To ensure model
robustness, individual dynamic risk factor items were not modelled; instead, the model showed that

those with emotional wellbeing need were more likely to reoffend (p=.02, OR 2.4) than those without.

A logistic regression model of dangerous driving recidivism among male offenders (as there were no
female recidivists) confirmed age to be an important factor, and included sanction counts for
dangerous driving (p=.004; OR 1.2 per sanction) and other motoring offences (p<.001; OR 1.1 per
sanction), criminogenic need measures for education/training/employability (p=.002; OR 1.5) and
lifestyle and associates (p=.002; OR 1.5), and the impulsivity item (p=.01; OR 1.2 per point). A count
of sanctions which involved neither dangerous driving nor other motoring offences had a small but
significant negative association with reoffending (p=.02; OR=0.98 per sanction), but being a first-time
offender was strongly associated with a lower probability of recidivism (p=.02; OR=0.08). This
suggests that a long history of general criminality does not make dangerous driving recidivism more
likely, but that the presence of some criminal history distinguishes likely reoffenders and
non-reoffenders. Overall, the model highlights the need to consider males aged 18-21 with

employability, lifestyle and impulsivity needs and a history of dangerous driving.

A logistic regression model for racially aggravated recidivism achieved some improvement
(AUC=0.71) upon OVP1, essentially by including the number of racially aggravated sanctions (p<.001;
OR 1.6 per sanction) and not including age and gender. Violent (OVP1-type) sanctions were predictive

(OR 1.06 per sanction), and non-violent sanctions only marginally predictive (OR 1.01 per sanction).

™ Because of the potential biasing effect of the three offenders with 10+ weapon sanctions all being arson recidivists, this item

was recoded to a binary variable: i.e. no weapon sanctions vs. some weapon sanctions.
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Dynamic risk was important: the odds ratio for each point on the 40-point OVP1 dynamic scale was

1.06, as much as an additional violent sanction.

5.4 Implications

Specialisation in criminal careers

The findings in this chapter support the notion of specialisation in particular types of offence. Even
controlling for general criminality, as represented by the OGRS3 score, most types of rare, harmful
recidivism are three or four times more likely for those with a history of that offence type, with
blackmail offending still more specialised. Dangerous driving appears to be linked with a broader
group of generally delinquent motoring offences (i.e. those not related to drink driving). Some linkages
between the offence types were detected: many individuals with histories of both blackmail and kidnap
offending were found, and dangerous driving was also somewhat associated with these two offence
types. Arson and racially motivated offending were similarly linked with each other. However, child

neglect stood alone from the other offence types.

There are overlaps between these findings and those presented in earlier research studies. Soothill,
Francis and Liu (2008) considered the relationships between recidivism and previous convictions for
arson, blackmail, kidnapping and threats to kill. (Threats to kill has always been among the broad
class of offences considered as violent in OVP, on the basis of results in Howard (2009), and is not
considered in this chapter.) They found that arson appeared to be the most specialised offence, while
a modest but definite link existed between blackmail and kidnap. The current chapter’s link between

blackmail and kidnap but not arson was therefore consistent with these results.

Soothill, Ackerley and Francis (2004) considered the criminal careers of arsonists. In a 2000-01
sample, 43% had any previous conviction, 28% theft, 23% criminal damage, 20% violence, 18%
motoring, 18% other, 16% burglary and 6% arson; this range of offences suggests that arsonists may
split quite strongly between two groups: specialists and first time offenders, and versatile generalist
offenders. The 20-year reconviction rate for arson, after conviction in 1980-81, was 10.7%, compared
with our 0.7% two-year rate, suggesting a possible downward trend. Within arson, there was some
specialisation of the specific offence of arson endangering life, an offence sufficiently scarce in the

current study (8% of index arson convictions) that it was not treated separately.

A survey of convicted dangerous drivers (Department for Transport, 2004) has suggested that around
one-third did not consider their offence aberrant in comparison with their usual driving behaviour, and
around half admitted that their driving involved mistakes and errors, suggesting that a sub-group with
persistently poor motoring behaviour may exist. Rose (2000), considering offenders convicted of
serious motoring offences and a control group of other indictable offenders, also found evidence of
specialisation, as 39% of reconvicted dangerous drivers had a new serious traffic offence compared

with 14% of indictable non-motoring offenders.
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Prediction and offender management: specific offence types

The findings in this chapter provide some support for using existing risk predictors to predict some
types of rare, harmful offence, demonstrating that actuarial risk assessment instruments can be
reasonably adept at predicting unexpected outcomes for which they were not specifically designed.
Arson reoffending is well predicted by OVP, whether or not the offender has any record of this offence,
and therefore OVP user guidance should be changed to include arson within its ‘violent-type’ or ‘OVP-
class’ offence classification. This would have the additional benefit of simplicity — the current guidance
(Howard, 2009) separates arson from other criminal damage offences. It would result in OVP1
predicted probabilities becoming slight underestimates of the revised OVP-class reoffending rates, but
this inaccuracy would be minor, and would be offset for those with arson history by the increase in
their counts of previous OVP-class sanctions. Moreover, the practical use of OVP1 scores to indicate
relative risk would be unaffected. However, it should not be forgotten that arson reoffending rates are
much higher among those with arson history than those without, and therefore any given high OVP1
score indicates greater potential to commit future serious harm among past/current arsonists. Arson is
therefore specialised in the sense that offenders persist in the offence, but generalist in as much that it
can be predicted using an instrument which covers a wide range of violent behaviour. While offender
profiles suggest a limited similarity with other criminal damage offenders, arsonists do seem to
constitute a separate group who may place greater and different demands on offender management

resources.

Weapon possession appears to be a risk factor for arson among those with no history of this offence.
Given that weapon possession is also a risk factor for homicide and wounding, the most serious
mainstream violence offences (Howard, 2009), this finding reinforces its value as a risk indicator for

future serious harm.

Dangerous driving is well predicted by the OGRS3 score, but the distinctive nature of dynamic risk for
this offence means that OGP1 does slightly worse than OGRS3 while OVP1 does not do well. Advice
to assessors could state that those most at risk of dangerous driving offending are young men with
histories of dangerous driving or driving while disqualified or uninsured, with employability, lifestyle
and impulsivity problems. The rates of dangerous driving among those with many or all of these risk
factors are sufficiently high — for some individuals, above 10% in two years — that dealing with the risk

of this offence could justifiably be considered a priority.

Racially aggravated reoffending is fairly well predicted by the OVP1 score, with the caveat that among
those with such history, age and gender are not relevant (meaning that a moderate OVP1 score for an
older and/or female offender is likely to underestimate risk) while those with multiple previous
sanctions for racially aggravated offending are particularly likely to commit similar harmful reoffences.

Racially aggravated offences should be part of the OVP class of offences.
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The rarity of blackmail, kidnapping and child neglect offences means that conclusions about the use of
risk predictors can only be drawn from analysis of those with no history of these offences. However,
given that the same predictors worked for those with and without history for the more frequent arson,
dangerous driving and racially motivated offence groups, it seems reasonable to extend conclusions to

all offenders.

Future blackmail offences are well predicted by OGRSS3. They are also well predicted by the static, but
not the dynamic, parts of OVP1; those with convictions for this offence tend to have convictions for a
range of violent offences. Future kidnapping is well predicted by OVP1. As with arson, kidnapping
could be added to the list of OVP-class offences. While the criminal histories, demographics and
risk/need profiles of both blackmail and kidnapping offenders suggest some similarities with robbers,
the criminal histories of these offenders also suggest a diverse range of motivations which may require

especially insightful case formulation and highly personalised sentence planning.

Among all offenders, child neglect is not predicted well by any of the predictors studied, but a
combination of age and the dynamic OGP1 score predicts reasonably for women with child care
responsibilities. Offender managers can therefore be advised to focus upon young women with child
care responsibilities and high dynamic OGP1 scores, among whom child neglect reoffending seems
frequent enough for this offence to be considered specifically. DePanfilis (2006) provides a summary
of evidence on risk and protective factors for child neglect, looking at both children and parents, which
may be of value to staff working with at-risk offenders. Underlying, enduring and situational factors
were identified, akin to the static, stable and acute factors often discussed in violent and sexual

offender risk assessment.

In summary, the implications of these findings for OGP and OVP are as follows:

. Arson, kidnapping and racially aggravated offences should be included in the OVP
classification
- no warning needs to be given about their overall predictive validity;

- however, assessors should be aware that specialisation does exist, so those with
histories of each offence are more likely to commit that offence again.

. Blackmail and dangerous driving should be included in the OGP classification, while
noting the additional guidelines above regarding dangerous driving.

. Child neglect offending should be considered outside the scope of both predictors
(though previous sanctions for child neglect will continue to be counted as non-violent
when computing OVP scores), but see the paragraph above for important factors to be
considered in identifying at-risk offenders.

. The offence classification used in the forthcoming development of version 2 of OVP (see
Chapter 9) will thus include arson, kidnapping and racially aggravated offences as violent.
Version 4 of OGRS (see Chapter 8) will include a separate violence predictor, which will

share OVP2’s classification.
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Version 2 of OGP, and OGRS4’s general reoffending scale, will be developed using all
reoffending without exception as their predicted outcome, but the above caveats on child

neglect reoffending should be repeated in user guidance.
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6. Positive, promotive and protective factors

This chapter presents the findings of a study which examined the positive, promotive and protective
factors recorded within OASys. Positive factors were deemed to be ‘promotive’ when they were
negatively correlated with reoffending, having controlled for risk factors. They were deemed to be

‘protective’ when moderating the impact of specific risk factors. Key points are as follows:

e The textual analysis revealed that the positive factors recorded within the OASys sentence plan
correspond to the socio-economic and individual-level domains covered by the core OASys
assessment. The prevalence rates of the extracted positive factor categories were relatively
low, indicating that the full range of positive factors may not always have been considered.

e The optimum model for predicting reoffending included the OGRS3 score, six dynamic risk
factors, five promotive factors and one protective interaction. The identification of overlapping
risk and promotive processes indicates that, where risk factors are hard to change, interventions
can potentially offset the risks of further offending by enhancing promotive factors, assisting with
offender engagement. The interaction in the model indicated that positive family relationships
moderated the impact of problematic drug misuse.

e The model combining static risk factors, dynamic risk factors, promotive factors and protective
interactions performed only marginally better than a model combining static and dynamic risk
factors alone. Bearing in mind that OGP1 and OVP1 have high predictive validity, this finding
suggests that little would be gained, in terms of accurately predicting reoffending, from a scoring

system which distinguished risk factors from promotive/protective factors.

Consideration should be given to: (i) highlighting further the importance of identifying positive as well
as risk factors during OASys assessors’ training; (ii) ensuring that the recording of positive factors is
carefully monitored through existing quality assurance procedures; (iii) introducing fixed response
categories to encourage more systematic recording of positive factors; and (iv) distinguishing between
positive factors that need to be maintained and those that need to be developed, assisting in the
identification of immediately promotive/protective factors and enabling changes in status (development

VS. maintenance) to be monitored.

6.1 Context

The ‘What Works'’ principle of responsivity can be divided into general and specific responsivity
(McGuire, 1995). While general responsivity promotes the use of cognitive social learning methods to
influence behaviour, individual responsivity provides that interventions should be tailored to, amongst
other things, the strengths of the offender. The consequent requirement for a structured assessment
tool is to include an evaluation of personal strengths which can be integrated into the delivery of

interventions. For example, within Asset, the assessment framework for young offenders in England
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and Wales, there is a specific section on positive factors which are grouped into those relating to the
individual, the family and the community (Youth Justice Board, 2003).”® Within OASys, positive factors
are considered in a less structured way through an open text field in the sentence plan which enables

assessors to record ‘positive factors to be maintained or developed'.

6.2 Approach

Research questions

One of the main criticisms of the risk-needs model and actuarial risk assessment tools such as OASys
is that they are overly negative, focusing upon individual's deficiencies with insufficient attention being

paid to individual's strengths (McNeill and Weaver, 2010; Ward and Brown, 2004). To avoid seeing the
worst in people and in order to maximise both engagement and responsivity to treatment, a number of
commentators have argued for a shift towards a ‘strengths-based’ approach (Maruna and Le Bel,

2003) with a greater focus upon ‘desistance-related’ factors (Farrall, 2002).

This chapter examines the positive factors recorded by assessors within the OASys sentence plan.
Similarly to risk factors, positive factors cover both internal assets and external strengths and they can
have different degrees of dynamism, with some being more susceptible to change than others (see
Chapter 4 for a change analysis). Consideration is given to how closely the positive factors recorded
within the sentence plan map onto the structure of the core OASys assessment. Attention is then
given to which positive factors are negatively correlated with reoffending when controlling for risk
factors, thus amounting to ‘promotive’ factors, and which moderate the impact of specific risk factors,
thus amounting to ‘protective’ factors. Finally, the predictive validity of these factors is examined.

Importantly, positive factors do not necessarily amount to ‘promotive’ or ‘protective’ factors. The
terminology of protective factors has not always been applied consistently in the literature (Jones and
Brown, 2008), with protective factors being defined “both as the absence of risk and something
conceptually distinct from it” (Office of the Surgeon General, 2001). Risk and protective factors have
sometimes been viewed as the opposite ends of a continuum, with the positive end of the risk
dimension being negatively correlated with criminal outcomes. Alternatively, protective factors have
been viewed as those factors that reduce the probability of criminal outcomes though interactions with
one of more of the risk factors, reducing their influence. For consistency and clarity of understanding,
a number of commentators (see Jones and Brown, 2008) have recommended that only the latter

factors be termed ‘protective’, with the former definition being used to describe ‘promotive’ factors.’’

®  Another example is the Inventory of Offender Risk, Needs, and Strengths (IORNS; Miller, 2006) which has a Protective

Strength Index, encompassing 26 items across two sub-scales: (i) personal resources (19 items) and (ii) environmental
resources (seven items). The latter focuses upon instrumental and emotional support from family and friends, while the
former is broken down into the following three sub-scales: cognitive/behavioural recognition (nine items assessing the ability
to regulate feelings, cognitions and behaviours), anger regulation (five items reflecting the ability to regulate anger and
temper) and education/training (five items reflecting the obtained level of education and training for employment purposes).
As scores increase on the scales, the level of protection against reoffending is judged to increase.

" ‘Promotive’ factors have also been termed ‘compensatory’ factors (Luthar, 1993).
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In essence, the distinction depends upon whether the positive factor has a direct effect on the
outcome variable or moderates the effects of the risk variables via an interactive relationship — the
former being seen as promotive and the latter protective (Schoon, 2006). Promotive factors can thus
be combined into cumulative main effects regression models, with the combined promotive factors
reducing the probability of criminal outcomes for those exposed and those not exposed to various risk
factors. In interaction effects regression models, in contrast, the beneficial effects of protective factors

are restricted to those individuals with specific risk factors.

To summarise, the four key research questions addressed in this chapter are as follows:
1. What are the main positive factors recorded within the OASys sentence plan?
2. Which positive factors are promotive, negatively correlated with reoffending when
controlling for risk factors?
3. Which positive factors are protective, reducing the likelihood of reoffending by moderating
the impact of specific risk factors?
4, How well do the protective and promotive factors add to the prediction of reoffending?

The samples

To examine the positive factors recorded within the OASys sentence plan, assessments completed by
the probation service during 2008 were extracted from the O-DEAT database.’® These assessments
were filtered to ensure that the following standards of data completion had been satisfied:

. Each of the scored sections (1 to 12) within the core OASys assessment must have had
at least four-fifths of their scored items completed — ensuring that each criminogenic need
was assessed properly.

. In the Risk of Serious Harm (RoSH) component of OASys, the screening must have been
completed, the decision whether to complete a full risk analysis must have been
consistent with the information provided, and the four ratings of RoSH in the community
must have been completed.

. In the sentence plan, a criminogenic need must have been recorded within the ‘objectives
and plans’ section, and text of at least ten characters must have been entered in the

positive factors field.

The sample was further restricted to the earliest valid assessment for each offender. This sampling left

132,093 assessments from all 35 probation trusts.

™ While the O-DEAT database also includes assessments completed by the prison service, the vast majority of assessments

are completed by probation assessors and the predominance of such assessments has increased with the rollout of
Offender Management and its requirement for assessments to be completed by community-based Offender Managers.
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An older sample was used to examine the associations with reoffending. The initial sampling frame
was extracted from the O-DEAT database, selecting assessments completed between April 2002 and
February 2006 inclusive. These assessments were filtered to ensure that a sentence date and all
scored items had been recorded and that the RoSH component had been completed as set out for the
sample above. The assessments were then de-duplicated, leaving one assessment per offender per
sentence, and matched with records in the Police National Computer (PNC) research database. "

It was checked that: (i) the cases could be followed up for 24 months at liberty from the date of the
community sentence or discharge from custody, allowing three months for sentence and data entry to
occur; and (ii) the confirmed community sentence/custodial release date and the OASys completion
date were within 90 days of each other (with a further check to ensure that the nearest assessment to
each community sentence/custodial release date was selected). This left a final sample size of 91,464
cases for 83,524 different offenders (representing 23% of the offenders in the initial sampling frame)
for use in the analysis.

Analysis

To process the textual data recorded within the positive factors field of the OASys sentence plan, a
linguistic-based text mining tool was used,® employing advanced linguistic technologies and natural
language processing. Key concepts/terms, representing the essential information, were extracted
automatically, with normalisation and grouping techniques correcting punctuation and spelling errors
respectively. Closely related concepts were then grouped into higher-level categories, firstly through
further linguistic based methods, identifying synonym and hyponym relationships and root terms, and
then manually. The prevalence rates of the extracted categories across offender sub-groups were
compared, and the categories matched against the individual-level and socio-economic domains

covered by the core OASys assessment.

The ten individual-level and socio-economic sections within the core assessment, have scaled scores.
Previous analysis has focused upon the associations between these ten scaled scores and proven
reoffending (Howard, 2006; Moore, 2009b). However, as recognised by Stouthamer-Loeber et al.
(2002:112), “Such analyses do not indicate whether the association is linear or lodged on either end.
Further, a regression strategy with continuous variables does not clarify strengths and weaknesses of
individuals.” Consequently, these authors suggested an alternative approach which was “to examine
the effects of protective and risk factors as represented by opposite poles of the same variable,
allowing a variable to have a risk effect for one participant and a protective effect for another,

depending on whether a participant scores closer to one or the other pole on the variable.”

™ PNC numbers were recorded within OASys for most offenders, and an automatic matching procedure found reliable PNC

numbers for most of the remaining cases. Cases in which the PNC did not record the offender’s sex or recorded an
unfeasible date of first or current conviction were rejected.

% The text mining tool was a component of IBM SPSS Modeller.
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In a number of papers (e.g. Stouthamer-Loeber, 1993; Farrington et al., 2008), this has been achieved
through trichotomisation of the scaled variables, enabling comparisons between (a) those with high
and medium scores and (b) those with low and medium scores. Adhering to this approach, the ten
OASys scales were trichotomised, with scores of 0 representing potentially promotive/protective
factors and scores of at least 4 for the shorter scales and 7 for the longer scales representing potential
risk factors.®" In other words, distinctions were made between offenders with no problems, those with
some problems and those with significant problems within each domain.® The questions included
within each domain (see Appendix A) were those which have previously been found to (i) contribute to
each scale’s internal reliability and (ii) maintain construct validity by loading onto corresponding factors
(Moore, 2009b).

Chi-square tests were initially used to assess which sections were significantly associated with
reoffending at both the risk and promotive ends of their scales, comparing (a) those offenders with
significant problems and those with some problems and (b) those offenders with no problems and
those with some problems. To account for the relationships between the factors, logistic regression
models were then used. Dichotomous promotive and risk variables were created, with the promotive
variables distinguishing those offenders with no problems from all other offenders (those with some or
significant problems) and the risk variables distinguishing those offenders with significant problems

from all other offenders (those with no or some problems).®®

The full sample was divided into construction (60%; n=54,980) and validation samples (40%;
n=36,484), with the modelling conducted on the construction sample. In all the models set out in this
chapter, the independent variables were entered using a forward stepwise approach, incorporating the
most significant variables in turn and then removing them at a later stage if necessary.84 The first
model focused solely upon positive factors, assessing which remained negatively correlated with
reoffending when taking into account the relationships between them. Further models entered the
positive factors alongside the static and dynamic risk factors, with the static factors being represented
by the OGRS3 score which uses criminal history and offender demographic data to provide a
percentage prediction of proven reoffending within two years. A main effects model examined which
factors had promotive effects for those with or without various risk factors, while a combined main
effects and interactions model established which factors interacted with the risk factors, thus

amounting to protective factors for those individuals with specific risks.

8 The cut-off points for identifying risk were set at 4+ for the six point scales, 5+ for the eight point scales, 6+ for the ten point

scales and 7+ for the twelve point scales, i.e. as close as possible to the 60" percentile of each scale.

In a number of research papers (e.g. Stouthamer-Loeber et al., 2002; Farrington et al., 2008), the variables were
trichotomised as closely as possible to the 25" and 75" percentiles of the distribution. Such an approach was not possible
for the OASys section scores, with over half of the offenders scoring zero on some scales.

To assess whether there was any problem of mulitcollinearity, the correlations between the dichotomous promotive and risk
factor variables were checked through tolerance and variation inflation factor (VIF) statistics.

The forward stepwise approach was considered appropriate as the analysis was exploratory in nature and there was no
definitive research evidence as to the relative theoretical importance of the various independent variables.
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To assess whether the inclusion of promotive and protective factors improved the prediction of proven
reoffending, further logistic regression models were created which were confined to the static and

dynamic risk factors. In total, six logistic regression models were compared:

. static risk factors (OGRS3) model;

. dynamic risk factors model;

. positive factors model,

. combined static risk and dynamic risk factors model;

. combined static risk, dynamic risk and promotive factors model; and

. combined static risk, dynamic risk, promotive and protective factors model.

Predicted reoffending rates were calculated from each model and their accuracy checked using the
validation sample. Area Under Curve (AUC) statistics were used to check that higher predicted scores
represented a higher likelihood of reoffending. A weakness of AUC statistics is that they derive from
the relative rankings of offenders — if one added 20 per cent to every offender’s prediction, the AUC for
the sample would not change, even though the proven reoffending rate would be severely
overestimated. AUC statistics thus need to be supplemented by comparisons of actual and predicted
proven reoffending rates. A further measure of accuracy was thus provided by the percentages
correctly predicted (see Copas, 1992, unpublished). These values are calculated by dividing the
predicted values into ‘high’ and ‘low’ at a point corresponding to the proportions who actually reoffend,
and then treating all ‘high’ scores as predicting reoffending and all ‘low’ scores as predicting
non-reoffending. High scorers who reoffend and low scorers who do not reoffend are then counted as

correct predictions.

Limitations

The results of the linguistic text mining, used to extract the textual information recorded within the
positive factors field of the sentence plan, are dependant upon the linguistic resources used. Further
editing of these resources through multiple iterations could improve the accuracy and value of the
concepts extracted. The distinctions that are made between promotive and protective factors are
dependent upon the identification of main effects and interaction effects in the logistic regression
modelling. While the inclusion of interactions in such models is an accepted way of demonstrating
protective effects, strengthening of the findings through replication in other studies has been
recommended (Luthar, 1993; Jessor, Turbin and Costa, 1998).
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6.3 Results

Key positive factors recorded within the OASys sentence plan

Having extracted the key concepts from the positive factors text field of the 2008 assessments, these
concepts were grouped into higher-level categories representing specific positive factors. The most
prevalent such factors, all recorded in at least five percent of assessments, are set out in Table 6.1.%°
These factors map very closely onto the domains within the core OASys assessment which has
specific sections on accommodation, education, training and employment (ETE), relationships, drug
misuse, alcohol misuse and attitudes, with the latter section having a specific question on motivation
(Q12.8 ‘Is the offender motivated to address offending’).

It is notable that the prevalence rates of the extracted factors were relatively low, with the most
prevalent category of motivation being recorded in approximately one in five (21%) of the cases. There
was also a degree of overlap between the categories, e.g. motivation being linked to drug misuse and
accommodation being linked to family relationships. Much higher prevalence rates were reported from
the early use of the youth justice tool Asset, in which practitioners are required to consider whether
specified positive factors are present. This more directive approach resulted in prevalence rates of
74% for living arrangements, 74% for family/personal relationships, 59% for motivation, 54% for
attitudes and thinking, and 50% for education and employment (n=3,010; Baker et al., 2002).

% To assess whether the prevalence rates differed significantly between offender sub-groups, the independent grouping

variables were entered into a logistic regression model (thus accounting for the relationships between the variables).

Odds ratios are also presented in Table 6.1 as an indication of effect size, comparing the odds of the factor being included.
In this instance, odds ratios of more than one indicate that the factor was more likely to be included for offenders within the
sub-group compared to offenders within the designated reference group.
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Table 6.1: Prevalence rates of main positive factor categories by offender sub-groups

% with positive factor category

" Motivation Employment Family Drugs Alcohol Accommodation Attitude

All 132,093 20.7% 17.2% 14.7% 11.5% 9.1% 7.4% 7.4%
Gender

Male 115,208 20.7%" 17.9%" 14.7%" 11.3%" 9.2%" 7.4%" 7.4%"

Female 16,877 20.4% 12.4%* (0.693) 14.5% 12.6%* (1.116) 9.0% 6.8% 6.9%* (0.930)
Age

18-20 22,488 19.4%" 20.8%" 15.9%" 7.2%" 8.7%" 7.8%" 7.9%"

21-24 24,058 21.0%* (1.082) 20.3% 16.6% 10.1%* (1.407) 9.1% 7.7% 8.1%

25-40 61,061 21.2%* (1.091) | 16.1%* (0.773) | 14.6%* (0.916) | 15.2%* (2.122) 8.8% 7.4% 7.1%

41+ 24,223 20.3% 13.8%* (0.666) | 11.9%* (0.745) | 7.7%* (1.076) | 10.5%* (1.211) | 6.6%* (0.846) | 6.7%* (0.855)
Ethnicity®®

White 100,399 20.8%" 17.2%" 14.7%" 12.2%" 10.1%" 7.8%" 7.5%"

Black 8,109 20.9% 18.5% 13.5%* (0.914) | 11.5%* (0.948) | 3.2%* (0.320) 5.6%* (0.716) | 6.4%* (0.859)

Asian 5,009 19.2% 18.1% 17.7%* (1.203) | 10.8%* (0.890) | 5.9%* (0.584) | 5.3%* (0.674) | 6.2%* (0.827)

Mixed 3,330 21.1% 17.4% 14.9% 11.9% 5.6%* (0.554) 7.0% 7.1%

Other 665 17.7% 15.8% 13.1% 8.7% 5.6%* (0.552) 5.7% 7.1%
Likelihood of reconviction &

Low 35,502 19.0%" 19.6%" 15.9%" 3.4%" 8.3%" 6.7%" 8.7%"

Medium 67,365 21.2%* (1.114) | 17.3%* (0.883) | 14.7%* (0.928) | 11.5%* (3.347) | 10.1%* (1.208) | 7.3%* (1.083) 7.1%* (0.815)

High 29,226 21.4%* (1.128) | 14.2%* (0.723) | 13.1%* (0.825) | 21.3%* (6.232) | 7.9%* (0.951) 8.4%* (1.255) | 6.2%* (0.706)
Risk of serious harm

Low 45,249 19.0%" 17.3%" 14.8%" 13.0%" 7.0%" 7.7%" 7.8%"

Medium 72,786 21.3%* (1.123) 17.3% 15.0% 11.0%* (0.842) | 10.5%* (1.510) 7.7% 7.1%

High/very high 14,058 22.9%* (1.211) 16.9% 12.5% 9.0%* (0.689) | 8.9%* (1.274) | 4.6%* (0.592) 7.0%

" Used as reference group within logistic regression. Asterisks indicate whether groups differ significantly (confidence level *<.001) with accompanying odds ratio vs. reference group in brackets.
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Ethnicity was unrecorded in over 14,000 cases (11% of the sample).
The likelihood of reconviction bands are based upon the initial 0-168 OASys scoring system (replaced by OGP1 and OVP1 in August 2009).




Motivation
Having the motivation to avoid further offending has been identified as a key factor in explaining
desistance (Farrall, 2004), and, as shown by Table 6.1, the most prevalent extracted category was
motivation, recorded as a positive factor to be maintained or developed for approximately one in five
(21%) of the offenders. The recording of this factor is likely to have been encouraged by the
requirement for assessors to consider motivation in a preceding question within the OASys sentence
plan and the fact that motivation is an ‘interpersonal phenomenon’ which is ‘modifiable’ (L6pez-Viets,
Walker and Miller 2002:17). It was more commonly recorded for those with a high likelihood of
reconviction or for those who presented a high/very high RoSH, seemingly reflecting the importance of
motivation in addressing the most entrenched offending behaviour and the need for assessors to
record factors to be ‘developed’ as well as those to be ‘maintained’. Whilst the reported motivation was
sometimes a generic one of wanting to stop offending, it was in some cases more specific, relating to
specific problem areas such as alcohol and drugs or a desire to fulfil parental responsibilities.
Examples of entries were as follows:

. “Expressed motivation to address offending and willingness to attend additional

appointments.”
. “He has shown real motivation since being released, organising appointments at the job

centre and trying to enrol on his college course.”

. “Current level of motivation to remain in community and make positive changes in life.”
. “Motivation to address her alcohol usage.”

. “Motivation to abstain from class A drugs, to find employment.”

. “Motivation to be better role model for child.”

Employment
The category of employment, recorded in 17% of the assessments, encompassed both stable and
secure employment as well as new career skills, opportunities and prospects. It was less commonly
recorded for female offenders, older offenders and those with a high likelihood of reconviction.
Examples of entries were as follows:

. “He has been in employment since leaving custody and is positive about remaining with

company and maintaining his career with them.”

. “X talked positively about his time in work and getting involved in his dad’s carpet fitting
business.”

. “Qualified plumber and access to agencies to find work.”

. “X started a three year mechanics course at Y college and appears motivated to

complete... He is hoping to secure part time work with his uncle.”

. “There is the Y project... It involves volunteering in the kitchen and front of house of a
café for one or two days per week. Mr X seems to have a passion for cooking so if he
keeps up his commitment to this project it may open doors for him into a new career that

he will enjoy.”
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Family
The category of family, recorded in 15% of the assessments, encompassed generic family support,
connections, stability and security as well as references to positive and/or improved relationships with
specific family members including wives, husbands, partners, parents, siblings, sons and daughters.
Positive family relationships were less commonly recorded for older offenders, Black offenders and
those with a high likelihood of reconviction, and more commonly recorded for Asian offenders.
Examples of entries were as follows:

. “He has a very good support system in place, in particular his mother and girlfriend who

have both remained highly supportive throughout.”
. “X has a good relationship with his family who are supportive and encouraging him to

stay clean and away from offending.”

. “Positive maintenance of family ties throughout custody.”

. “Currently with his partner who is encouraging him to address his offending behaviour.”
. “He is in a stable relationship...and has the responsibilities of being a father.”

. “Good relationships with his younger brother... Just starting to gently build his relations

back up with his father.”

Drugs

The category of drugs, recorded in 11% of the assessments, covered engagement with agencies and
treatment programmes, negative drug tests and current abstinence. It was less commonly recorded for
Black and Asian offenders and those presenting a high/very high RoSH, and more commonly
recorded for female offenders, those aged 25-40 and those with a high likelihood of reconviction.

The reference to drugs in more than one in five (21%) of those cases in which the offender presented
a high likelihood of reconviction is a strong indication that drugs had at some point been a problem,

in many cases very recently, and that this positive factor required further development.

Alcohol

The category of alcohol, recorded in nine percent of the assessments, covered engagement with
agencies, support groups and treatment programmes, current abstinence or reduced/moderate levels
of consumption. It was less commonly recorded for Black, Asian and Minority Ethnic (BME) offenders
and more commonly recorded for older offenders and those presenting a medium or high/very high
RoSH, the latter seemingly reflecting a past link between alcohol misuse and serious harm. Examples

of entries relating to drug and alcohol use were as follows:

. “Focused on rebuilding his life which does not involve drugs.”

. “He states he is now clean and had no intention of returning to drug use.”
. “Counselling for drugs misuse.”

. “X has detoxed in prison and was drug free on release.”

. “Continues to provide negative samples for Class A drugs.”
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. “X has reduced his alcohol intake significantly and said he has not used cocaine since the
offence.”
. “She has made considerable progress in reducing her alcohol intake and she had

approached Alcoholics Anonymous and her GP regarding further support.”

Accommodation

The category of accommodation, recorded in seven percent of the assessments, focused upon the
existence or obtaining of stable, secure, permanent or alternative accommodation. In some instances,
the reference to accommodation was linked to the existence of supportive family members, while, in
other instances, it was linked to the breaking of negative peer relationships. The category was less
commonly recorded for older offenders, Black and Asian offenders and those presenting a high/very
high RoSH, but more commonly recorded for those with a high likelihood of reconviction. Examples of

entries were as follows:

. “Accommodation has been offered through supportive family members.”

. “Finding suitable accommodation at X Guest House.”

. “Current stable accommodation with plans to move to mother’'s when leaves hostel.”

. “Appears satisfied with his current accommodation — he is living with his father.”

. “Wants to find suitable accommodation to be away from previous peers and drug users.”
. “Accepted that he will have to stay in approved accommodation and not return home for a

LIR1]

while and states that he sees this as a ‘new start’.

Positive, responsible and/ or cooperative attitude and outlook
A positive, responsible and/or cooperative attitude and outlook was recorded in seven percent of the
assessments. This positive category was less commonly recorded for female offenders, older
offenders, Black and Asian offenders, and those with a high likelihood of reconviction. Examples of
entries were as follows:

. “He has demonstrated a positive change in attitude and a mature pro-social outlook.

He does not want to return to a life of offending.”
. “Has a positive outlook on life and his aspirations appear realistic. Is able to identify the

areas of his life which he will need to address in order to avoid further offending.”

. “States that he regrets his actions and doesn’t want to get into trouble again...

'

‘I now have a better attitude and have matured’.

. “He has stated that he wants to remain offence free on release and has stated his
intentions to abide by any restrictions and expectations placed upon him. He has shown a
willingness to engage in and complete offence focussed work and has presented as
having a positive attitude towards his licence. Has been able to identify factors related to

past offending and appears motivated to address these.”
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Positive factors negatively correlated with reoffending (promotive factors)
The further analysis looking at the associations with reoffending used the sample of 91,464
assessments completed between April 2002 and February 2006. Approximately half (49%) of this
sample were recorded as having reoffended over a two-year follow-up period. The analysis focused
upon information recorded within the core OASys assessment rather than the extracted categories
from the textual data in the sentence plan. The reasoning for focusing upon the core assessment was
threefold:
. The extracted categories set out above mapped closely onto the individual-level and
socio-economic domains covered by the core assessment.
. The prevalence rates of the extracted categories were relatively low, indicating that the
full range of positive factors may not always have been considered.
. In some instances, the textual information reflected positive factors that needed to be
developed rather than maintained, with the offenders having had recent problems in

these areas, e.g. alcohol and drug misuse.

The analysis sought to establish whether the ten core assessment individual-level and socio-economic
scales had both risk and promotive effects as reflected by scores at the two ends of the scales. The
ten scales were trichotomised as set out in Table 6.2 below. As can be seen, the proportion of
offenders with no problems ranged from 11% for thinking and behaviour to 60% for drug misuse, while
the proportion of offenders with significant problems ranged from 6% for attitudes to 29% for thinking

and behaviour.

Table 6.2: Degree of problems by OASys sections

% some % significant

problems problems
Section Scale % no problems | (Scorerange) | (Scorerange)
Accommodation 0-8 53% 29% (1 -4) 18% (5 - 8)
ETE 0-12 22% 52% (1 — 6) 26% (7 — 12)
Financial management 0-8 34% 49% (1 - 4) 17% (5-8)
Relationships 0-6 31% 49% (1 - 3) 20% (4 — 6)
Lifestyle and associates 0-6 29% 52% (1 - 3) 20% (4 — 6)
Drug misuse 0-10 60% 26% (1 -5) 14% (6 — 10)
Alcohol misuse 0-10 42% 31% (1-5) 26% (6 — 10)
Emotional wellbeing 0-12 36% 51% (1 - 6) 13% (7 — 12)
Thinking and behaviour 0-12 11% 59% (1 — 6) 29% (7 — 12)
Attitudes 0-10 23% 70% (1 — 6) 6% (7 — 12)

Chi-square tests were used to assess which domains were significantly associated with reoffending at
both ends of their scales. Comparing those offenders with no problems to those with some problems,

all ten factors were associated with reoffending. Odds ratios are also presented in Table 6.3 as an
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indication of effect size, comparing the odds of reoffending between the groups. As shown, the
greatest divergence at this end of the scale was for ETE with an odds ratio of 0.56. Comparing those
offenders with significant problems to those with some problems, all the factors were associated with
reoffending except for emotional wellbeing. As shown by Table 6.3, the attitudes scale had the highest
odds ratio at this end of the scale, with the odds of reoffending for those with significant problems

being 1.4 times higher than those with some problems.®®

Table 6.3: 24-month reoffending rate by level of problems across sections

24-month reoffending rate for offenders

with significant
with no problems problems

) (Odds ratio vs. (Odds ratio vs.

Section some problems) | with some problems | some problems)
Accommodation 41%* (0.743) 56% 62%* (1.126)
ETE 27%* (0.557) 49% 68%* (1.381)
Financial management 37%* (0.715) 52% 64%* (1.231)
Relationships 40%* (0.770) 51% 58%* (1.135)
Lifestyle and associates 31%* (0.614) 51% 71%* (1.391)
Drug misuse 38%* (0.627) 61% 73%* (1.197)
Alcohol misuse 46%* (0.966) 48% 56%* (1.188)
Emotional wellbeing 45%* (0.871) 51% 52% (1.018)
Thinking and behaviour 29%* (0.625) 47% 62%* (1.337)
Attitudes 31%* (0.596) 53% 73%* (1.393)

Asterisks indicate whether rates differ significantly (confidence level <.001) between the extreme groups
(no/significant problems) and the middle group (some problems).

To account for the relationships between the positive factors, the cases within the construction sample
(n=54,980) were selected and all ten dichotomous positive factor variables (distinguishing those with
no problems from all other offenders) entered into a logistic regression model. As shown by Table 6.4,
eight of the positive factors were included in the model. The two excluded factors were relationships
and emotional wellbeing. The odds ratios, set out in the final column of Table 6.4, are an indication of
effect size, grouping the offenders by their scored positive factors and comparing the odds of
reoffending between the groups.®® In this instance, an odds ratio of less than one indicated that
reoffending was less likely for those offenders with the positive factor. As can be seen, the odds of
reoffending for those without any drug misuse problems were less than half the odds of reoffending for

those with at least some problems.

% The relatively small proportions of offenders scored as having no attitudes problems and significant attitudes problems will

have assisted in producing clearly divergent reoffending rates across this domain.

For example, if two specific groups had reoffending rates of 40% and 60%, their corresponding odds of reoffending would
be two-thirds (0.4/(1-0.4)) and 1.5 (0.6/(1-0.6)) respectively. Consequently, the odds ratio would be less than half (0.67/1.5 =
0.44).
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Table 6.4: A positive factors model for predicting reoffending

Positive factor Pars_lmeter Standar_d error of Odds ratio
estimate estimate
Accommodation -.242 .019 .785
ETE -.593 .025 .553
Financial management -.145 .021 .865
Lifestyle and associates -.432 .023 .649
Drug misuse -.715 .020 .489
Alcohol misuse -.152 .019 .859
Thinking and behaviour -.089 .033 915
Attitudes -.489 .024 .613
Constant 1.005 .015 2.732

Odds ratios are compared with reference categories of no identified positive factors.

To assess which of the positive factors had promotive effects for those with or without various risk
factors, a main effects logistic regression model was used with the positive factors entered alongside
the static and dynamic risk factors.®® As shown by Table 6.5, the resultant model included the static
risk OGRS3 score, seven dynamic risk factors and seven promotive factors. The three excluded risk
factors were financial management, relationships and emotional wellbeing. The latter two domains
were also excluded as promotive factors, alongside thinking and behaviour. The odds ratios, set out in
the final column of Table 6.5, were greater than one for all risk factors, indicating that reoffending was
more likely for those offenders with each risk factor, and less than one for all promotive factors,
indicating that reoffending was less likely for those offenders with each promotive factor. Reoffending

was thus linked to both the presence of risk factors and the absence of promotive factors.

Table 6.5: A static risk, dynamic risk and promotive factors model for predicting reoffending

Factor Parameter Standard error of Odds ratio
estimate estimate

Static risk (OGRS3) .038 .001 1.038

Dynamic risks
Accommodation 147 .030 1.158
ETE .085 .025 1.089
Lifestyle and associates .088 .029 1.092
Drug misuse .196 .034 1.216
Alcohol misuse .145 .028 1.156
Thinking and behaviour .068 .024 1.071
Attitudes .091 .043 1.095

% The correlations between the risk and positive factor variables were checked through tolerance and variation inflation factor

(VIF) statistics. The lowest tolerance value was .587 and the highest VIF value was 1.703, indicating that mutlicollinearity
did not appear to be a problem.
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Factor Parameter Standard error of Odds ratio
estimate estimate

Promotive
Accommodation -.135 .023 .874
ETE -134 .028 .875
Financial management -.067 .023 .935
Lifestyle and associates -.055 .025 .947
Drug misuse -.170 .024 .843
Alcohol misuse -.054 .025 .947
Attitudes -.215 .026 .806

Constant -1.875 .046 .153

Odds ratios are compared with reference categories of no identified risk/promotive factors and an OGRS3
percentage of 0%.

Looking at the full reoffending sample (construction and validation samples combined), only three of
the 222 offenders with all seven of those risk factors included in the above model had any of the seven
promotive factors included in the model. However, over two-fifths (43%; n=1,195) of those with six of
the seven risk factors and three-fifths (60%; n=2,921) of those with five of the risk factors had at least
one promotive factor. Clearly, therefore, promotive factors were evident for many offenders despite the
presence of numerous risk factors. A combined risk and promotive factors score was created by
deleting the number of promotive factors from the number of risk factors, thus producing a scaled
score for each offender from -7 to 7. As shown by Figure 6.1, the reoffending rate increased across
the scale from 17% for those offenders with all seven promotive factors and no risk factors (score of -
7) to 80% for those with all seven risk factors and no promotive factors (score of 7). Put simply, the
greater the number of risk factors and the fewer the number of promotive factors evidenced by the
offender, the more likely he or she was to reoffend.

Figure 6.1: Reoffending rate by combined risk and promotive factors score
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Positive factors moderating the impact of specific risk factors (protective

factors)

Having established which domains had risk and promotive effects, the analysis then focused upon
establishing which, if any, of the positive factors protected against specific risks. A further logistic
regression model was thus created which included all possible positive and dynamic risk factor
interactions.®* Once again the OGRS3 score was entered to control for static criminal history and
offender demographic factors. As shown by Table 6.6, the final model included the static OGRS3

score, six dynamic risk factors, five promotive factors and one protective interaction.

In comparison to the main effects model (see Table 6.5 above), attitudes was no longer included as a
risk factor, while (i) lifestyle and associates and (ii) alcohol misuse were removed as promotive factors.
Notably, relationships was added as a protective factor, moderating the impact of the drug misuse risk
factor. In other words, when controlling for other static risk, dynamic risk and promotive factors,
offenders with significant drug misuse problems were less likely to reoffend when they had protective
relationships. This interaction indicates that the impact of drug misuse can be tackled both directly, by
addressing the problem itself, and indirectly, by maximising this protective factor (Jessor, Turbin and
Costa, 1998).

s Due to the large number of interactions entered into the model, increasing the likelihood of finding significant effects by

chance, the entry criterion for the stepwise logistic regression model was amended from a score statistic of .05 to .01 and
the removal criterion was amended from 0.1 to .05.
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Table 6.6: A static risk, dynamic risk, promotive and protective factors model for predicting
reoffending

Parameter Standard error

Factor estimate of estimate Odds ratio
Static risk (OGRS3) .038 .001 1.039
Dynamic risks

Accommodation 146 .030 1.157

ETE .087 .025 1.091

Lifestyle and associates .102 .028 1.108

Drug misuse 227 .036 1.255

Alcohol misuse .186 .022 1.204

Thinking and behaviour .080 .024 1.083
Promotive

Accommodation -.135 .023 .874

ETE -.136 .028 .873

Financial management -.070 .023 .932

Drug misuse -.174 .024 .841

Attitudes -.224 .025 .799
Protective

Relationships promotive *

drug misuse risk -.190 .072 .827
Constant -1.936 .041 144

Odds ratios are compared with reference categories of no identified risk/promotive factors and an OGRS3
percentage of 0%.

The promotive and protective factors included in this final model support previous research claims that
desistance is the result of a combination of individual choices, e.g. not engaging in drug misuse,
situational contexts, e.g. positive support, and structural influences, e.g. employment opportunities
(Laub and Sampson, 2001). The inclusion of attitudes as a promotive factor also points to the

importance of offenders maintaining a positive frame of mind (LeBel et al., 2008).
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The predictive validity of the protective and promotive factors

The accuracy of the logistic regression models was checked using the validation sample. As shown by

Table 6.7, the final regression model, combining promotive and protective factors with static risk and

dynamic risk factors, achieved a high level of discrimination with an AUC score of 0.783.%% In other

words, nearly eight out of ten randomly selected reoffenders had higher scores than randomly

selected non-reoffenders. Comparing this model with one combining static and dynamic risk factors,

this AUC score represented a very small improvement of .002. The model based purely upon positive

factors achieved a higher level of discrimination than a model based purely upon dynamic risk factors,

indicating that the absence of problems across domains was more predictive of reoffending than

having significant problems (AUC scores of .705 and .680 respectively). However, neither model was

as predictive of reoffending as the static risk OGRS3 predictor (which had an AUC score of .776).

Table 6.7 also sets out the percentages correctly predicted for each model. As shown, the final

regression model, combining promotive and protective factors with static risk and dynamic risk factors,

produced a correct prediction in approximately seven out of ten (71%) of the cases in the validation

sample.®® The combined static risk and dynamic risk model performed almost as well. The lowest

percentage correctly predicted was achieved by the model based purely upon dynamic risk factors,

with a correct prediction in less than two-thirds (64%) of the cases.

Table 6.7: Comparative accuracy of logistic regression models

95% confidence intervals | percent Residual

AUC Lower Upper correctly | (actual minus
Model score SE bound bound predicted | predicted rate)
Dynamic risk factors model .680 .003 .675 .686 64.0% 0.2%
Positive factors model .705 .003 .700 .710 65.8% 0.3%
Static risk factors (OGRS3) 776 .002 771 .781 70.7% 0.3%
Combined static risk and
dynamic risk factors model .781 .002 776 .786 71.0% 0.3%
Combined static risk,
dynamic risk and promotive
factors model .783 .002 778 .788 71.2% 0.3%
Combined static risk,
dynamic risk, promotive and
protective factors model .783 .002 778 787 71.2% 0.3%

92
93

Further checks on the goodness-of-fit of this model are set out in Appendix E.
Copas (1992, unpublished) explains that for an actual reconviction rate of 50 per cent, the proportion correctly predicted

cannot normally exceed 75 per cent, even for an optimally effective predictor.
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6.4 Implications

The textual analysis revealed that the positive factors recorded by assessors within the OASys

sentence plan correspond to the socio-economic and individual-level domains covered by the core

OASys assessment. Trichotomising the ten socio-economic and individual-level scales revealed that

all ten domains were significantly associated with reoffending at the promotive ends of their scales and

all except emotional wellbeing were significantly associated with reoffending at the risk ends of their

scales. The optimum logistic regression model for predicting reoffending included the static risk

OGRS3 score, six dynamic risk factors, five promotive factors and one protective interaction.

However, this model performed only marginally better than a model combining static and dynamic risk

factors alone.

The general implications for policy makers and practitioners are as follows:

Promotive factors can exist despite the presence of numerous risk factors, and the
identification of overlapping risk and promotive processes indicates that attempts should
be made to strengthen promotive factors as well as reduce known risk factors. Where risk
factors are hard to change, interventions can potentially offset the risks of further
offending by enhancing promotive factors, assisting with offender engagement.

Analysis of the interactions between factors indicates that positive family relationships
can moderate the impact of problematic drug misuse. When addressing problematic drug

misuse, attention should thus also be paid to maximising positive family relationships.

More specific implications for the development of OASys are as follows:

The importance of identifying positive as well as risk factors should be highlighted further
during assessors’ training and their recording should be carefully monitored through
existing quality assurance procedures.94

The prevalence rates of the extracted positive factor categories (from the text field within
the sentence plan) were relatively low, indicating that the full range of positive factors
may not always have been considered. More systematic recording within the sentence
plan could be achieved through the introduction of fixed response categories which
should be ticked where appropriate. Distinguishing between positive factors that need to
be maintained and those that need to be developed would assist in the identification of
immediately promotive/protective factors and enable changes in status (development vs.

maintenance) to be monitored. *®

94

95

The OASys Quality Assurance Tool, implemented in January 2010, requires designated quality assurers to consider
whether positive and negative factors have been identified across each of the sections in the core OASys assessment.
Such an approach is adopted within the SAPROF (Structured Assessment of Protective Factors for Violence Risk) checklist,
which enables practitioners to distinguish between protective effects that are already present and those that are dependent
upon intervention (de Vogel et al., 2008).
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The OASys predictors of general reoffending (OGP) and violent reoffending (OVP) have
high predictive validity and this chapter suggests that little would be gained, in terms of
accurately predicting reoffending, from a scoring system distinguishing risk factors from
promotive/protective factors.

133



7. Reliability and validity of the risk of serious harm
ratings

This chapter presents an analysis of the reliability and validity of OASys Risk of Serious Harm
(RoSH) ratings. Probation assessments completed between 2005 and 2008 were analysed and
those completed by mid-July 2006 were matched with 24-month reoffending data. Key findings
were as follows:

e The analysis revealed not only variation between probation areas in high/very high RoSH
prevalence rates, but also differences in the actual minus predicted residual rates. The
majority of probation areas had significantly fewer high/very high risk offenders than
predicted, with some large urban areas having more high/very risk offenders than predicted.

e There was also considerable variation between probation areas in the use of the RoSH
screening overrides. Greater consistency could be encouraged through improved guidance
regarding the use of the overrides and possibly the introduction of structured response
options.

e Looking at half-year periods from 2005 to 2008, the increase in high/very high RoSH ratings
appeared broadly justified by the characteristics of the offenders who were assessed. The
more sizeable shift was from low to medium RoSH ratings.

e Grave reoffences were predicted with much greatly validity by an actuarial risk assessment
score than by the clinical RoSH ratings. It is therefore likely that public protection could be
improved by increasing the influence of actuarial scores upon RoSH ratings. As highlighted in
Chapter 13, this has led to the development of a new actuarial Risk of Serious Recidivism
(RSR) tool which is being used alongside the RoSH ratings in the Case Allocation System
(CAS) for routing cases to the National Probation Service (NPS) or to Community

Rehabilitation Companies (CRCSs).

7.1 Context

The Risk of Serious Harm (RoSH) component of OASys is divided into a screening, full analysis and a
summary. The screening is completed in all cases and is used to indicate whether the full analysis
should be completed, with the summary drawing together the information from the previous sections.
Nine ratings are determined through structured professional judgement: the risk to children, known
adults, the general public and staff are rated for both the community and custodial settings, while the
risk to other prisoners is rated for the custodial setting. Each of these risks are rated as low, medium,
high or very high, with the standard summary measure in risk/need profile reports being the ‘highest
community risk’ (representing the highest of the four ratings in the community setting). The
accompanying guidance defines serious harm and the differing levels as follows:

Serious harm can be defined as an event which is life-threatening and/or traumatic, and from

which recovery, whether physical or psychological, can be expected to be difficult or impossible.

The levels of RoSH used in OASYys are:
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Low — current evidence does not indicate likelihood of causing serious harm.

Medium — there are identifiable indicators of RoSH. The offender has the potential to
cause serious harm but is unlikely to do so unless there is a change in circumstances, for
example, failure to take medication, loss of accommodation, relationship breakdown, drug
or alcohol misuse.

High — there are identifiable indicators of RoSH. The potential event could happen at any
time and the impact would be serious.

Very high —there is an imminent RoSH. The potential event is more likely than not to

happen imminently and the impact would be serious.

Importantly, the value of the RoSH ratings are dependent upon their reliability and validity. For the
ratings to be reliable, they need to be consistent, and to be valid they need to be measuring what they
are intended to measure, i.e. the likelihood of serious harmful reoffending. To date, research on RoSH
reliability and validity has been limited, although Morton’s OASys inter-rater reliability study (Morton,
2009a) reported poor consistency. Two of the three case studies used in the study (overall n=178)
had poor consensus as to whether it was necessary to complete the full RoSH analysis and to the
highest level of risk posed by the offender.

The central collation of OASys and reoffending data provide an opportunity to address the shortfall in
findings on RoSH reliability and validity. Much of the focus in this chapter is upon those offenders
rated as presenting high/very high RoSH to the community. Offenders rated as high/very high risk are
often subject to Multi-Agency Public Protection Arrangements (MAPPA)®® and are the target of more
intensive supervision within the Offender Management model. Looking forward, as community
rehabilitation services are opened up to a diverse range of new providers, the National Probation Service
will remain responsible for the direct management of those offenders who pose the highest RoSH to
the public (Ministry of Justice, 2013b; National Offender Management Service, 2014). Dealing with
such cases demands considerable resources, and the decision to rate an offender as high/very high

risk should therefore be made carefully and be the subject of appropriate scrutiny.

To guide the analysis reported in this chapter, the following four research questions were set:
1. Do the RoSH ratings differ between probation areas,”’ comparing practitioners’ actual
ratings to predicted ratings?
2. Does the use of the RoSH screening overrides (requiring or exempting the full analysis)

differ between probation areas?

% Although the levels of risk do not equate directly to the three levels of MAPPA management. The MAPPA guidance states

as follows: “The central question in determining the correct MAPPA level is: ‘What is the lowest level that a case can be
managed at which provides a defensible Risk Management Plan?’ This means that not all high-risk cases will need to be
managed at level 2 or 3. Similarly, the complexities of managing a low/medium risk case might, in exceptional
circumstances, justify it being managed at level 2 or 3, especially where notoriety is an issue.” (National Offender
Management Service, 2009:91).

For the period covered by the research, data was available for 42 probation areas. These areas have since been replaced
by 35 probation trusts.

97
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3. Have RoSH ratings changed over time, comparing practitioners’ actual ratings to
predicted ratings?
4, How does the predictive validity of the RoSH ratings compare to an actuarial predictor for

grave offences?

The fourth research question assesses the extent to which the clinical ratings of offenders’ RoSH
levels provide foresight as to those most likely to commit serious offences in the future, assuming that
any preventative actions are unsuccessful. The alternative is to rely upon actuarially scored predictors
of reoffending, which combine a range of risk factors through a predetermined procedure to determine
the offenders’ risk scores or categories. Actuarial predictors can incorporate a narrow (e.g. OGRS: see
Chapter 8) or broad (e.g. OGP and OVP: see Chapter 9) range of risk factors. The clinical ratings of
RoSH within OASys also consider who is at risk and when this is likely to be greatest, but in order to
add further value to the overall OASys assessment, they should ideally demonstrate greater predictive

validity than the available actuarial predictors.

7.2 Approach

Sample

Data was taken from the O-DEAT database of completed OASys assessments. For the first three
research questions, assessments were selected if they were completed by the probation service
between 2005 and 2008 and satisfied O-DEAT’s data completeness and de-duplication filters.”® Some
516,461 assessments were selected, with more of these being completed in recent years due to
improvements in the levels of OASys coverage and data completeness — an increase from 44,012 in
the first half of 2005 to 125,690 in the second half of 2008. The RoSH full analysis was completed in
72% of the cases, with a final RoSH breakdown as follows: 43% low, 48% medium, 8.3% high and
0.3% very high. When exploring differences between probation areas (questions 1 and 2), those
assessments completed during the final half-year of the sampling period (July to December 2008 were

used, providing a sufficiently large sample (n=125,690) over the most recent time period available.

% The assessments were cleansed and de-duplicated by selecting valid assessments and prioritising the earliest such

assessments in each individual contact period. For an OASys assessment to be held valid, the following standards of data
completion had to be satisfied: (i) Each of the scored sections (1 to 12) within the core OASys assessment must have had
at least four-fifths of their scored items completed — ensuring that each criminogenic need was assessed properly; and (i) in
the RoSH sections, the screening must have been completed, the decision whether to complete a full risk analysis should
have been consistent with the information provided, and the four ratings of risk of serious harm in the community must have
been recorded in those cases in which a full analysis was required.

136



For the fourth research question (predictive validity), OASys assessments completed between
January 2002 and March 2008 were again filtered for data quality and de-duplicated. The selected
offenders were traced on the Ministry of Justice’s (MoJ’s) Police National Computer (PNC) research
database to ascertain their criminal history and proven reoffending rates, using a 24-month follow-up
period and a subsequent six-month data entry ‘buffer’ period. Assessments were only retained where
the two sources agreed upon the offender’s age, gender and index offence conviction date. Having
also excluded those offenders imprisoned for an offence committed before the start of follow-up (a
‘pseudoreconviction’), and those recalled to custody before any grave reoffending (as the recall
causes them to have an incomplete reoffending follow-up), 205,448 assessments remained for use in
the analysis. The RoSH full analysis was completed in 67% of these cases, with a final RoOSH
breakdown as follows: 47% low, 46% medium, 6.5% high and 0.2% very high.*

To examine ‘pure’ prediction (see below), those assessments for offenders serving sentences without
supervision or interventions were selected. These sentences were Community Punishment Orders
(prior to the April 2005 implementation of the Criminal Justice Act 2003) and Community Orders or
Suspended Sentence Orders with unpaid work, curfew, prohibited activity, exclusion and/or
attendance centre requirements, and without any other requirements. There were 42,631 cases after
excluding for pseudoreconviction and recall. The RoSH full analysis was completed in 50% of these
cases, with a final RoSH breakdown as follows: 65% low, 34% medium, 1.3% high and less than 0.1%
very high. Not surprisingly, the offenders were less likely than those in the full OASys/PNC sample to
have been assessed as high/very high RoSH, although there remained 560 such cases for use in the

analysis.

Analysis

Probation area level differences in RoSH ratings

To examine the extent to which differences in RoSH ratings between probation areas were linked to
caseload differences, the analysis utilised a ten question checklist which had been developed
previously (August 2009) to identify offenders likely to be rated as high/very high RoSH (assisting
practitioners in deciding when a 15-day adjourned Pre-Sentence Report was most necessary — see
Appendix F). Table 7.1 sets out the distribution of the offenders’ high/very high RoSH checklist scores
(for all the 2005 — 2008 assessments), and how they related to the practitioners’ actual high/very high
RoSH ratings.

®  The matched OASys/PNC sample thus had fewer high/very high RoSH offenders than the 2005-08 sample. This is partly

due to an increase in RoSH rates over time (as set out in the results of this paper) - the matched sample had no cases after
March 2008 and did have some cases prior to 2005 — and partly due to the removal from the matched sample of those
recalled to custody during the 24-month follow up before any grave reoffending had occurred.
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Table 7.1: High/very high risk of serious harm prevalence rate by 10-item checklist score

Offenders with this score
Score No. % % High/very high RoSH
0 140,369 27.2 0.3
1 135,250 26.2 14
2 110,031 21.3 6.4
3 74,064 14.3 16.8
4 36,702 7.1 31.8
5 14,262 2.8 49.1
6+ 5,783 11 69.8
All offenders 516,461 100% 8.6

The predictive validity of the checklist scores was found to be high, with an Area Under Curve (AUC)
statistic of 0.867 — this is a higher AUC than found in O-DEAT’s models for predicting reoffending
(see Chapters 8 and 9), indicating that high/very high RoSH classification decisions are relatively
predictable. However, the checklist appeared to work less well for female offenders (2.8% of female
offenders were high/very high risk, compared with a 4.6% mean predicted rate) and older offenders
(those aged 65 to 81 were at least 20% high/very high risk — over 30% at some ages — compared with
mean predicted rates several points lower). The model used in this chapter for predicting high/very
high RoSH was thus adapted to include a gender term and simple and quadratic age terms. The AUC

for this modified model was 0.870 (see Appendix G for logistic regression model).

For the July to December 2008 assessments, the mean actual (i.e. practitioner assessed) and
predicted rates of high/very high RoSH were then compared across the 42 probation areas. Predicted
and actual rates were plotted for all areas, identifying areas with high and low levels of risk-related
offender characteristics (those used in the checklist), actual risk rates, and above- and below-
expected proportions rated high/very high RoSH. Further attention was given to those areas with the
largest residuals (i.e. actual rates well above or below their predicted rates), examining the

relationship between each of the ten checklist risk factors and high/very high risk status.

Probation area level differences in the use of RoSH screening overrides
For the July to December 2008 assessments, area variation in the use of the following two RoSH
screening overrides was examined:
. R5.1: Is there anything else about the offender that leads you to consider that a full
analysis should be completed.
. R5.2: If you have ticked YES to any above you must complete the full analysis unless, in

your judgement, there is a sound reason for not doing so.

Areas were also compared by the residuals calculated above, assessing: (i) whether areas with the

highest residuals (i.e. more high/very high risk offenders than predicted) were making more use of
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R5.1; and (ii) whether areas with the lowest residuals (i.e. fewer high/very high risk offenders than

predicted) were making more use of R5.2.

Changes in RoSH levels over time

The mean actual and predicted rates of high/very high RoSH were compared at a national level for
each half-year time period between 2005 and 2008.*%
high/very high RoSH could be due to changes in the distribution of any of the ten checklist risk factors,

Changes in the mean predicted rates of

age or gender between 2005 and 2008. These changes were therefore also tracked over the eight

half-years.

Predictive validity of RoSH ratings compared to an actuarial predictor

For all offenders in the matched OASys/PNC sample, scores were calculated on the OASys Violence
Predictor v.1 (OVP1: Howard, 2009). OVP1 predicts reoffending over a broad range of violence-
related offences, but has also been validated as a predictor of the most serious violent offences (i.e.

homicide and wounding with intent to cause grievous bodily harm).

The predictive validity of the RoSH ratings were compared with OVP1 for ‘grave’ reoffences, covering
homicide, attempted murder, wounding, rape, arson, robbery and aggravated burglary (Coid et al.,
2009). These offence types are covered by R1.2 (Has the offender ever been convicted of any of the
following (serious) offences) of the RoSH screening, requiring the full analysis to be usually
completed. The comparison was conducted for both the whole sample and those offenders serving
sentences without supervision or interventions. The latter subsample was used to examine ‘pure’
prediction, checking whether (for the whole sample) an effective concentration of supervision and
intervention resources upon offenders rated as high/very high RoSH had consequently reduced their
actual levels of reoffending, thus leading to an underestimation of the predictive validity of the RoSH
ratings. The same process would not apply to OVP1 scores, as OVP1 was not implemented until
August 2009. For the explanation to hold true, any differences between the predictive validities of
OVP1 and the RoSH ratings would be greater for the non-supervised offenders than the whole

sample, due to the RoSH ratings not being acted upon in the former cases.

The comparisons of predictive validity were conducted using AUC statistics, the standard measure of
such validity. AUC scores are generally higher for continuous predictors such as OVP1, as the
calculation method favourably separates scaled scores which could have been tied in a grouped
predictor such as the RoSH rating. Therefore, a fair comparison was ensured by banding ranked
OVPL1 scores into groups containing numbers of offenders corresponding to those in each RoSH
category (low, medium, high and very high). These bands were created separately for the whole

sample and the non-supervised subsample.

100 Regional and probation area changes over time were also calculated, but the detailed tables are not presented in this

chapter.
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7.3 Results

Probation area level differences in risk of serious harm ratings

Focusing upon those 125,690 assessments completed during the second half of 2008, there were
considerable differences between the 42 probation areas in actual high/very high RoSH rates and
even greater differences in predicted rates. In Table7.2, the areas are ordered by their residuals

101 At the extremes, Lincolnshire assessed

(actual minus predicted rates), with the most negative first.
4.4% fewer of their offenders as high/very high risk than predicted, while Merseyside assessed 4.2%
more of their offenders as high/very high risk than predicted. The residuals do not always follow the
order of the actual rates; for example, Suffolk had the third lowest residual, but its actual rate of 7.7%
was only twelfth lowest. The majority of areas had significantly negative residuals. This apparent
imbalance occurred because most of these areas had smaller caseloads. The large urban areas of
Merseyside, London, Greater Manchester and West and South Yorkshire all had substantial positive

residuals, with actual rates of at least 12% high/very high risk.

When areas’ percentages on each of the ten checklist items were compared with their residuals, the
(i) murder/manslaughter/GBH/wounding/robbery and (ii) weapon carrying/use percentages were
strongly positively correlated with the residuals (and excessive/sadistic violence was slightly less
strongly correlated). That is, those areas with many offenders who had a record of serious violent
offences and/or who carried/used weapons in the current offence were more likely to have a greater
proportion of high/very high risk offenders than predicted (even though, at an individual offender level,
these three items were not exceptionally strong predictors of high/very high RoSH status). This
supports the view that areas with a ‘tough’ caseload, as reflected in the propensity of its offenders to
be involved in serious non-domestic, non-sexual violence, were more likely to classify offenders as

higher risk.

0% Taple 7.2 demonstrates that there was also substantial diversity in allocation to the low and medium RoSH categories. The

table includes an ‘average’ highest community risk statistic. This is derived by scoring low risk as 1, medium risk as 2, high
risk as 3 and very high risk as 4. It is only useful for indicative purposes as (for example) a very high risk offender cannot
meaningfully be described as four times as harmful as a low risk offender.
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Table 7.2: Actual and predicted risk of serious harm rates by probation area (ranked by residuals)

i

Highest RoSH in the community Actual and predicted high/very high RoSH rates
Average Residual %
% very (L=1, M=2 (Actual Minus

Probation area n %low  %medium % high high H=3,VH=4) | Actual %  Predicted % predicted)
Probation areas in which actual high/very high RoSH rate was significantly lower than predicted (p=.05)

Lincolnshire 1,194 54.0 40.6 5.2 0.2 1.52 54 9.8 -4.4
Sussex 2,676 42.9 50.6 6.2 0.3 1.64 6.5 10.5 -4.0
Suffolk 1,237 38.3 54.0 7.4 0.2 1.70 7.7 11.5 -3.8
Teesside 2,782 45.3 49.8 4.6 0.3 1.60 4.9 8.6 -3.7
Gwent 1,880 414 52.7 5.8 0.1 1.65 5.9 9.5 -3.6
Durham 2,018 33.5 60.9 5.6 0.0 1.72 5.6 9.0 -3.5
Devon and Cornwall 2,488 38.2 53.6 7.8 0.4 1.70 8.2 11.0 -2.9
Hertfordshire 2,104 54.6 40.8 45 0.1 1.50 4.7 7.3 -2.7
Leicestershire 2,613 37.0 57.7 5.1 0.2 1.69 5.3 7.8 -2.5
Wiltshire 1,149 29.1 62.5 8.3 0.2 1.80 8.4 10.7 -2.3
Cambridgeshire 1,454 33.3 59.1 7.2 0.4 1.75 7.6 9.8 -2.2
Hampshire 4,004 335 57.9 8.5 0.2 1.75 8.7 10.7 2.1
Thames Valley 3,973 39.3 52.9 7.6 0.2 1.69 7.8 9.9 2.1
Dorset 1,522 48.6 44.0 7.3 0.1 1.59 7.4 9.2 -1.7
Norfolk 1,217 33.7 55.2 10.8 0.2 1.78 11.1 12.6 -1.5
Bedfordshire 1,536 54.3 39.3 6.2 0.2 1.52 6.4 7.6 -1.2
Dyfed and Powys 1,123 47.3 454 6.9 0.4 1.60 7.3 8.3 -1.0
Cheshire 2,274 225 68.0 9.3 0.2 1.87 9.5 10.5 -1.0
Gloucestershire 1,386 30.0 61.2 8.3 0.5 1.79 8.8 9.8 -1.0
Northumbria 4,127 38.8 52.8 8.0 0.5 1.70 8.4 9.4 -0.9
Avon and Somerset 3,065 24.8 64.6 10.3 0.2 1.86 105 11.4 -0.9
Cumbria 1,159 43.1 48.3 8.5 0.2 1.66 8.6 9.5 -0.9




A4’

Highest RoSH in the community Actual and predicted high/very high RoSH rates
Average Residual %
% very (L=1, M=2 (Actual Minus
Probation area n %low  %medium % high high H=3,VH=4) | Actual%  Predicted % predicted)
Nottinghamshire 3,005 35.7 55.2 8.4 0.7 1.74 9.1 9.8 -0.7
Humberside 2,533 40.3 48.6 10.9 0.2 1.71 111 11.7 -0.6
Derbyshire 2,435 27.6 62.6 9.5 0.2 1.82 9.8 10.2 -0.4
West Midlands 9,738 41.4 50.1 8.2 0.3 1.67 8.5 8.8 -0.3
Probation areas in which actual high/very high RoSH rate was not significantly different to predicted rate (p=.05)
Kent 3,075 42.9 47.4 9.3 0.4 1.67 9.7 10.0 -0.3
North Wales 1,382 23.1 66.1 10.3 0.5 1.88 10.9 11.1 -0.2
Northamptonshire 1,683 30.5 59.7 9.5 0.2 1.79 9.7 9.9 -0.2
Lancashire 4,213 42.9 48.1 8.8 0.1 1.66 9.0 9.1 -0.1
West Mercia 1,938 36.9 53.2 9.5 0.4 1.73 9.9 9.7 0.2
North Yorkshire 1,454 52.1 39.1 8.5 0.3 1.57 8.8 8.5 0.3
Probation areas in which actual high/very high RoSH rate was significantly higher than predicted (p=.05)
Essex 3,002 34.4 56.4 9.0 0.2 1.75 9.2 8.8 0.4
South Wales 3,263 34.1 54.8 10.6 0.5 1.77 111 10.6 0.4
Surrey 1,231 41.3 48.0 10.6 0.2 1.70 10.7 9.5 1.2
West Yorkshire 5,560 28.6 58.7 12.4 0.4 1.84 12.7 11.1 1.6
South Yorkshire 3,078 43.6 44.4 11.8 0.3 1.69 12.1 10.2 1.8
Greater Manchester 9,313 30.6 56.4 12.6 0.5 1.83 13.0 10.8 2.2
Warwickshire 971 32.1 55.7 11.8 0.3 1.80 12.2 9.9 2.3
Staffordshire 2,476 32.8 54.6 12.3 0.4 1.80 12.6 9.6 3.0
London 14,262 27.6 58.9 13.1 0.3 1.86 135 10.1 3.3
Merseyside 4,518 38.3 49.2 12.1 0.4 1.75 12.5 8.2 4.2




Probation area level differences in the use of risk of serious harm screening

overrides
Figure 7.1 shows area variation in the use of R5.1 (Is there anything else about the offender that leads
you to consider that a full analysis should be completed), with overall rates ranging widely from 16% in
Bedfordshire and Surrey to 56% in North Wales. In the high usage areas, practitioners were seemingly
finding the preceding fixed response questions insufficient for reflecting the full range of potential
RoSH issues. However, further analysis revealed that the full analysis was completed as a result of
R5.1 alone, with no positive responses to the preceding questions (R1.1 to R4.4), in just two percent
of the cases. When the use of R5.1 was categorised into low (<25%), medium (25%-34%), high
(35%—-39%) and very high (40%-+), areas fell within the following categories (moving from left to right
on Figure 7.1):

. Low: 8 areas (Bedfordshire to Leicestershire and Rutland)

. Medium: 19 areas (Cambridgeshire to Devon and Cornwall)

. High: 9 areas (Cheshire to Merseyside)

. Very high: 6 areas (Nottinghamshire to North Wales)

To identify the types of issues being recorded within R5.1, the textual data was analysed using a
linguistic-based text mining tool.'%? Key concepts/terms, representing the essential information, were
extracted automatically, with closely related concepts then grouped into higher-level categories, firstly
through further linguistic based methods and then manually. The most prevalent such categories, all
recorded in at least five percent of those assessments in which R5.1 was ticked, are set out below.
Combining the categories, reference was made to an offence (previous or current) or to some form of

violence (domestic or otherwise) in approximately half (51%) of the cases.

. Offence 28.7%
. Violence 26.2%
. Financial issues 16.5%
. Family 14.5%
. Convictions 9.2%
. Domestic violence 6.8%
° Weapons 5.7%
. Accommodation 5.5%
. Alcohol 5.1%

Similarly to R5.1, there was wide variation in the use of R5.2 (If you have ticked YES to any above you

must complete the full analysis unless, in your judgement, there is a sound reason for not doing so),

%2 The tool (a module within IBM SPSS Modeller) employs advanced linguistic technologies and natural language processing.
Normalisation and grouping techniques correct punctuation and spelling errors respectively, with linguistic methods
identifying synonym and hyponym relationships and root terms.
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with overall rates ranging from 2% in Hampshire to 26% in Humberside (see Figure 7.2).'% The use of
an R5.2 exemption has to be clearly evidenced, the assessor must be confident that the offender is
not likely to cause serious harm and it has to be countersigned by a senior practitioner. An exemption
rate of 26% may therefore be viewed as higher than expected. When the use of R5.2 was categorised
into low (<5%), medium (5%—9%), high (10%-14%) and very high (15%+), areas fell within the
following categories (moving from left to right on Figure 7.2):

. Low: 7 areas (Hampshire to Northamptonshire)

. Medium: 16 areas (London to Lancashire)

. High: 12 areas (Suffolk to Hertfordshire)

. Very high: 7 areas (Kent to Humberside)

Further analysis revealed that five percent of the exemptions appeared to be unnecessary, with no
positive responses to any of the preceding questions (R1.1 to R5.1). This ‘false exemption’ rate
ranged from 2% in Humberside to 16% in Northamptonshire, but there was no clear relationship
between these percentages and the overall prevalence rates in the use of R5.2. Text mining of the
information recorded in those cases in which R5.2 had been ticked revealed that reference was made
to the offence itself in half (50.4%) of the cases, with the offender’s convictions being highlighted in
over a quarter (28.7%) of the cases. Notable other extracted categories were education, training and
employment (14.9%) and family members (13.6%), with the latter having a sub-category of children

(10.0%). Specific reference was made to some type of ‘change’ in 6.8% of the cases.

Figure 7.3 shows areas ordered by their high/very high RoSH residu