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Abstract

Violence was identified as a global public health concern by the World Health
Assembly nearly three decades ago. Despite reported decreases in violent crime
in many countries, reoffending rates worldwide remain high. Amongst people
released from prison, there are some at high-risk of perpetrating interpersonal
violence. Identifying these key individuals, who are most in need of effective
interventions to prevent future criminality, is crucial to reducing societal violence,
as their contribution to this major problem is considerable. In this thesis, I
focus on violence risk assessment and prevention of future violence in people
released from prison by employing methods from psychiatric epidemiology, public
mental health and prediction modelling. I start by estimating the prevalence of
a modifiable risk factor for violence (i.e. treatable mental disorders) amongst
adolescents in juvenile detention and correctional facilities. I select this subgroup
of the global prison population as most severe mental disorders emerge in late
adolescence, and thus this period provides a critical window to improve prognosis
and intervention. My second and third studies externally validate a novel, scalable
and transparent violence prediction model—the Oxford Risk of Recidivism (OxRec)
tool—in two new countries. I investigate the predictive ability of OxRec in both
lower middle-income and high-income settings using data from Tajikistan and
England to identify individuals who could be targeted for empirically supported
interventions in prison and on release. Lastly, I evaluate the effectiveness of widely
implemented psychological interventions for people in prison to reduce offending
after release. I synthesise the evidence by solely including randomised controlled
trials to identify the current most effective treatments, and inform future evidence-
based research and policy in this area.
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Violence is a major and growing public health problem which claims the lives

of more than a million every year (Butchart et al., 2014; World Health Assembly,

1996; World Health Organization, 2014a). According to the most recent estimates

from the World Health Organization (WHO), approximately 1.3 million individuals

die annually as a result of violence, accounting for 2.5% of all deaths worldwide

(World Health Organization, 2014a). The impact of violence extends well beyond

these deaths when considering the additional non-fatal consequences of being the

1
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victim or witness to violent acts (Krug, Mercy, et al., 2002). Those not only include

physical injuries, but also a myriad of adverse behavioural, cognitive, mental,

sexual and reproductive health outcomes, as well as chronic diseases (World Health

Organization, 2014a). This largely predictable and preventable public health issue

also imposes signi�cant social and economic costs on governments, which translate

in large expenditures of public funds for legal, social and health care services

(Decker et al., 2018). The �nancial burden is disproportionately large on low- and

middle-income countries (LMICs), which account for approximately 90% of the

global violence-related deaths (Krug, Dahlberg, et al., 2002; Waters et al., 2005).

Over the past 20 years, the world prison population has risen by 24%�with

nearly 11 million people currently living in incarceration (Fair & Walmsley, 2021),

and 30 million being released from prison in any given year (Schmitt & Warner, 2010).

Amongst people released from prison, there is a group at high risk of perpetrating

interpersonal violence (Fazel, Chang, et al., 2016). Yet, current approaches to

violence risk assessment and management in this key population are partly limited.

This is re�ected by high recidivism rates in most countries, which have not decreased

signi�cantly in recent decades (Fazel & Wolf, 2015; Yukhnenko et al., 2020). This

thesis will examine violent reo�ending in people released from prison to address

important gaps in the epidemiological and prediction modelling literature.

This chapter summarises the background literature to identify these knowledge

gaps. It begins with a brief historical context of violence as a public health concern,

de�nes violence with a particular focus on violent reo�ending, and then reviews the

relevant research on the prediction of recidivism. I highlight three speci�c areas

for conducting new research: (1) mental health problems in one high risk group

in prison, adolescents; (2) testing the validity of a novel risk assessment tool for

violent reo�ending in people in prison; and (3) the trial evidence for psychological

treatments aimed at reducing recidivism. I conclude the chapter with a structural

overview of the thesis and highlight implications of this work for methods and

practice, alongside new research questions.
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Person-centered language is used throughout this thesis to describe individuals

who experience the criminal justice system, their characteristics, and experiences.

The use of respectful and appropriate language when researching this key population

(e.g. `people in prison' in place of `prisoners') can contribute to improving access to

health services, minimise discrimination, and reduce barriers to successful community

reintegration (Tran et al., 2018).

1.1 Brief historical context

What constitutes violence, and violence-prevention programs and policies have

signi�cantly changed over time, re�ecting wider shifts in social and political

movements (Pache, 2020). The notion that violence is a public health issue that

can be e�ectively prevented is a relatively recent development, dating only from the

past four decades (Krug, Mercy, et al., 2002; Niolon et al., 2020). Several important

trends and historical developments contributed to violence being recognised and

acknowledged as a matter of public health, �rst at a national-level and subsequently

on a global scale.

In 1979, a report from the Surgeon General of the United States introduced

violence as one of the 15 health priority areas for the country (US Department

of Health & Welfare, 1979). Key factors such as (1) therapeutic advances in infectious

diseases; (2) increased rates of intentional injuries amongst speci�c priority groups

(e.g. young African Americans, particularly male individuals) in the 1980s; (3)

growing awareness of the role of behavioural factors in disease prevention; and,

(4) emergence of child maltreatment and intimate partner violence as social and

medical problems (beyond the criminal justice system) in the 1960�1970s, sparked

state and federal interest in violence reduction (Dahlberg & Mercy, 2009; Niolon

et al., 2020). This culminated in the establishment of the Violence Epidemiology

Branch within the Centers for Disease Control and Prevention (CDC) in 1983,

and ultimately in 1992, the creation of an independent governmental agency to

centralise research and policy e�orts in violence prevention (i.e. the National Center

for Injury Prevention and Control) (Rosenberg, 1985; Sleet et al., 2012).
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On the international front, violence was legitimised as a global public health

problem in 1996 when the Forty-Ninth World Health Assembly adopted Resolution

WHA49.25. In this resolution, the Assembly called attention to the grave reper-

cussions of violence at local, national, and international levels, and emphasised its

detrimental e�ects on health care systems across the world. The Assembly also

urged for a concerted action from member states and the Director-General of the

WHO to develop evidence-based solutions for violence (World Health Assembly,

1996). This call for action resulted in the release of theWorld report on violence

and healthby the WHO in 2002�the �rst comprehensive review of the magnitude

and impact of speci�c types of violence, and approaches to violence prevention and

management (Krug, Mercy, et al., 2002). Altogether, these events have driven a

step-change in violence prevention, whereby violence is now understood as part

of the global public health agenda (Pache, 2020).

1.2 De�ning violence

Violence can be de�ned in a variety of ways, and an international standard is still

lacking. However, the concept of intentionality remains central to most de�nitions.

In this thesis, I will adopt the WHO's de�nition of violence (from the World report

on violence and health), as it is su�ciently general to encompass a broad array

of di�erences between countries, cultures, and beliefs systems, and thus provides

an international perspective on this complex phenomenon. Henceforth, violence

is de�ned as "the intentional use of physical force or power, threatened or actual,

against oneself, another person, or against a group or community, that either

results in or has a high likelihood of resulting in injury, death, psychological harm,

maldevelopment or deprivation" (Krug, Dahlberg, et al., 2002, p.5).

1.2.1 Types of violence

According to this de�nition, violence can be divided in three broad categories based

on the identity of the perpetrator and that of the victim; self-directed, interpersonal

or collective violence (see Table 1.1 for speci�c de�nitions). Research has shown
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Table 1.1: De�nitions of the types of violence

De�nition

Self-directed Any intentional act that may cause injury to self, including
death.

Interpersonal Intentional use of physical force or authority against another
person, which can take the form of physical, sexual, or psycho-
logical abuse, as well as deprivation and neglect.

Collective Instrumental use of violence by persons who identify as members
of a group�whether temporary or permanent�against another
group or collection of individuals in order to ful�ll political,
economic, or social ambitions.

Note. De�nitions adapted from Krug, Dahlberg, et al., 2002; Mercy et al., 2017.

that particular types of violence also have unique aetiologies, and distinct physical

and psychological sequelae, despite their many interconnections (Krug, Mercy, et al.,

2002). For this reason, I will solely focus on interpersonal violence in this thesis.

The social-ecological model (Bronfenbrenner, 1979; Garbarino, 1985; Tolan

& Guerra, 1994)�whereby violence is conceptualised by the dynamic interplay

between various levels of in�uence on behaviour (i.e. individual, relationship,

community and societal factors)�is the theoretical framework used by the WHO

for understanding violence (Krug, Dahlberg, et al., 2002). This approach draws on

evidence from several �elds of research to advance the knowledge of the context,

causes and consequences of violence in the lives of individuals, as well as the

communities, and the broader socio-cultural and political situations in which they

exist (Kelly, 2011). Understanding the links between speci�c types of violence

through the lens of the ecological model, suggest that common risk factors may

serve as targets to prevent simultaneously more than one type of violence (Krug,

Dahlberg, et al., 2002; Krug, Mercy, et al., 2002).

1.2.2 Interpersonal violence

Interpersonal violence refers to violence that occurs between individuals, whether

they be intimate partners, family members, friends, acquaintances or even strangers.

It encompasses multiple forms of violence, including child maltreatment, youth
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violence, intimate partner violence, sexual violence, abuse of the elderly, random acts

of violence perpetrated by strangers, and those committed in institutional settings

(e.g. workplaces, health care facilities and prisons) (World Health Organization,

2014a). This type of violence signi�cantly impacts both individuals (namely victims

and perpetrators) and communities, with a wide range of adverse health e�ects

that can persist over a lifetime and that often transcend generations (Widom &

Wilson, 2015; World Health Organization, 2014a).

Measuring interpersonal violence

There are many ways to measure the health burden of interpersonal violence.

Summary measures of premature mortality and morbidity (i.e. frequencies, rates

and years of life lost [YLL]) are amongst the most common, but disability-adjusted

life years (DALYs)�a measure of overall disease burden, expressed by the number of

years impaired by disabilities or lost due to premature death�are also increasingly

employed (Anand & Hanson, 1997; Macdonald, 2002). As per theGlobal Burden

of Diseasestudy published in The Lancet, an estimated 415,000 people worldwide

died from interpersonal violence in 2019, making it the �fth leading cause of DALYs

amongst adolescents and young adults (10�24 years) (Vos et al., 2020). However,

mortality estimates should be interpreted with caution, as cross-national homicide

research is limited by lacking or incomplete data from less a�uent nations (Kanis

et al., 2017). Non-fatal consequences of violence are more di�cult to measure

than fatalities, as many violence-related injuries are treated outside the health

care system, whilst others remain untreated, or are simply never reported (World

Health Organization, 2014b). In the United States (US), for example, hospital

emergency departments alone recorded more than 1.5 million assault-related injuries

in 2019, representing a ratio of 79:1 to homicides that year (Centers for Disease

Control and Prevention, 2022).

Aside from the immediate physical injuries, interpersonal violence has also

been linked to a variety of long-term health consequences, such as depression,

substance misuse, and disabilities (World Health Organization, 2014b). Although
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comprehensive statistics for these other health repercussions are yet to be compiled,

evidence on the economic impact of societal violence suggest that they constitute

the largest share of the social and health burden arising from this serious issue

(Waters et al., 2005; Waters et al., 2004).

Risk factors for interpersonal violence

Over the years, a substantial body of research has examined individual-level risk

factors for interpersonal violence in longitudinal cohorts and population-based

studies (Wolf et al., 2014). A recent umbrella review of 22 meta-analyses (Fazel

et al., 2018), which included more than 120,000 participants from 1,139 individual

studies across 14 di�erent countries, found that neuropsychiatric disorders were

amongst the strongest modi�able risk factors, in both relative and absolute terms.

More speci�cally, substance use disorders (SUDs) presented the largest e�ect

at the population level, as measured by population attributable risk fractions

(PAF = 14.8%, 95% CI 9.0�21.6%). Personality disorders, in particular antisocial

personality disorder, and schizophrenia-spectrum disorders were also related to

violence. As for historical predictors, violence exposure in childhood was identi�ed

as the most important one (PAF = 12.2%, 95% CI 6.5�17.4%). Other established

risk factors include various childhood (Derzon, 2001; H. W. Wilson et al., 2009),

adolescence (Mo�tt, 1993) and parental factors (e.g. youth antisocial behaviour and

parental incarceration) (Murray et al., 2012), and sociodemographic characteristics

such as younger age and male sex (Mo�tt et al., 2001).

Far less attention has been paid to the social and economic determinants of

interpersonal violence. Nonetheless, existing meta-analytic research has highlighted

the importance of some neighbourhood and country-level factors, such as alcohol

consumption, income inequality and urbanicity (Wolf et al., 2014). These will

not be further discussed here, as they are not directly relevant to the overarching

theme of this thesis�key challenges for people in and released from prison at

the intersection of health and justice.
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1.3 General and violent recidivism

Findings from governmental reports suggest that interpersonal violence has been on

the decline in recent decades (Federal Bureau of Investigation (US), 2020; O�ce for

National Statistics (UK), 2021), but national reo�ending rates have not mirrored

this downward trend, particularly in high-income countries (Fazel & Wolf, 2015;

Yukhnenko et al., 2020). Reducing reo�ending is a pressing challenge for societies,

and wider social and economic costs of reo�ending in the UK have been estimated

at more than ¿18 billion per year (Newton et al., 2019). Moreover, one single-state

study from the US found that each recidivism event engendered �nancial costs

of approximately $150,000 (Steinfeld et al., 2018).

Reo�ending, otherwise known as recidivism or repeat o�ending, refers to the

recurrence of criminal activity following a period of incarceration or community-

based sentence for a prior crime. Conversely, violent reo�ending (or violent

recidivism) is denoted by a return to violent crime. Whilst these de�nitions

are broadly agreed upon, the measurement and operationalisation of reo�ending

outcomes vary considerably between and even within jurisdictions. International

comparisons are complicated by countries reporting di�erent recidivism statistics

(e.g. rearrest, reconviction or reimprisonment for a new sentence or the breach of

parole conditions), and varying follow-up periods that typically range from one to �ve

years (Yukhnenko et al., 2020). Recidivism is often measured by rearrest, although

arrest does not imply conviction, nor guilt (W. Sawyer & Wagner, 2022). Arrest is

also an imprecise proxy for crime being as interaction with law enforcement may vary

by neighbourhood, and therefore it likely contains systematic biases (Corbett-Davies

et al., 2017). Rather than rearrest, other informative metrics include �conviction

for a new crime, reincarceration, or a new sentence of imprisonment,� and these

provide more accurate information on recidivism (W. Sawyer & Wagner, 2022).

Further, the laws of a particular jurisdiction determine what is to be considered

a violent crime, and thus some speci�c o�ences do not translate as being `violent'

from one province, state or country to another.



1. Introduction 9

For the purpose of this thesis, violent reo�ending is de�ned according to the

Swedish criminal code, as understood by a new conviction for any violent crime. In

Sweden, violent crime entails both the use (i.e. homicide, assault, robbery, arson,

any sexual o�ence; rape, sexual coercion, child molestation, indecent exposure, or

sexual harassment) or threatened use of violence against another person (i.e. illegal

threats or intimidation). The rationale for this outcome de�nition is that it was

previously used to develop OxRec (the Oxford Risk of Recidivism tool) with national

population-based registers from Sweden (Fazel, Chang, et al., 2016), and this is

the model that is being tested in this thesis amongst people released from prison

in Tajikistan (Chapter 3) and England (Chapter 4). Some adaptations were made

to the violent reo�ending outcome and its operationalisation to enable comparison

between countries, and those will be detailed in subsequent empirical chapters.

1.3.1 Recidivism rates

The rate at which people with convictions relapse into criminal behaviour is one of

many important indicators to evaluate and compare the e�ectiveness of criminal

justice systems worldwide. Recidivism rates vary around the globe, and estimates

are based on di�erent data sources, outcome de�nitions and time periods. The

highest levels are observed in HICs, both in high-incarceration nations (e.g. the

US) and in low-incarceration nations (e.g. Norway), where 50% to 70% of formerly

incarcerated people are rearrested during the �rst two or three years following release

(Durose et al., 2014; Nygaard Andersen & Skardhamar, 2017; Nygaard Andersen

& Telle, 2022; Yukhnenko et al., 2019). There is a paucity of recidivism rate

estimates from LMICs, but the actual number is likely to be much higher than

in HICs due to high rates of serious crime and incarceration (Fair & Walmsley,

2021; World Health Organization, 2014a). More than 70% of the global population

of imprisoned persons are based in LMICs (Fair & Walmsley, 2021), yet research

in this key population is scarce (Ako et al., 2020; Gureje & Abdulmalik, 2019),

and policymakers are often reluctant to invest in recidivism prevention and social

reintegration programmes (Chin & Dandurand, 2018).
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Global estimates of the rate of violent repeat o�ending are lacking, with few

countries reporting this information in a comprehensive manner. However, available

data from the US indicate that more than 20% of people released from prison are

arrested for a violent crime during the �rst three years of the follow-up period (Alper

et al., 2018). People released from prison account for nearly one-�fth of all crimes

committed in any given year in the US, although most of these reo�ending events

are non-violent (Petersilia, 2011). Individuals serving prison sentences typically

have higher recidivism rates than those receiving community sentences, despite

the fact that the two populations have di�erent baseline characteristics. A recent

meta-analysis of 28 cohort studies of individuals receiving community or suspended

sentences in 19 countries found that one-year reo�ending rates varied between 5%

and 33%, and that two-year rates ranged from 16% to 41% (Yukhnenko et al., 2020).

By contrast, another meta-analysis of 28 cohort studies estimated an average global

incidence between 26% and 60% (for rearrest), 20% to 63% (for reconviction), and

14% to 45% (for reimprisonment) within two years of release from prison (Fazel

& Wolf, 2015; Yukhnenko et al., 2019).

1.3.2 People who experience incarceration

More than 11.5 million individuals are currently incarcerated around the world

(Fair & Walmsley, 2021), and another 30 million circulate through prisons per

year (Schmitt & Warner, 2010). Prison population rates vary greatly between and

within continents, but developing nations account for almost two-thirds of the total

prison population. The largest number of people in prison is found in the US,

with more than two million individuals and the highest prison population rate at

629 per 100,000 in contrast with a median of 140 per 100,000 worldwide. Several

other countries also have a total number which exceeds the quarter of a million,

being China (1.69 million), Brazil (811,000), India (478,000), Russia (471,000),

Thailand (309,000), Turkey (291,000) and Indonesia (266,000) (Fair & Walmsley,

2021). Many children and adolescents experience incarceration, although similar

comprehensive �gures have not been released due to a lack of reliable data from
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most countries and the large variety of facilities (e.g. youth-speci�c institutions,

or adult prisons). However, the United Nations Children's Fund (UNICEF) has

estimated that over one million children are held in prisons and other closed facilities

in response to crime, but primarily for acts that are not inherently criminal, such

as immigration o�ences (Bochenek, 2017).

Complex health and social care needs

Adolescence is a critical phase for several health and developmental conditions

that are important antecedents of criminal justice involvement beyond youth

crime (Hughes et al., 2020; Murray & Atilola, 2020). Adults and young people

who experience incarceration are a�ected by a wide array of complex care needs,

including mental health and substance use issues, multimorbidity, poverty and

social marginalisation. Rates of physical and psychiatric morbidity are higher than

the general population, as are suicide and all-cause mortality rates, both within

prisons and on release (Fazel & Baillargeon, 2011; Fazel, Hayes, et al., 2016; Fazel,

Ramesh, et al., 2017; Kinner et al., 2013; Kinner & Young, 2018; Willoughby

et al., 2021; Zlodre & Fazel, 2012).

Premature mortality

A considerable proportion of premature deaths in prison populations are caused by

suicide and violence, and could therefore be avoided. Detailed examination of the

prevalence of suicide in prisons by Fazel, Ramesh, et al. (2017) showed that prison

suicide rates in HICs range from 23 to 100 suicides per 100,000 people in prison,

with the lowest rates found in Australasian and North American nations, and the

highest rates recorded in Nordic countries. For comparison, the WHO estimates that

the global annual suicide rate is 10.7 per 100,000 individuals, with non-negligible

di�erences between age groups and nations (Bachmann, 2018; WHO, 2022). Deaths

by suicide in prison are the result of a complex interplay of contributing factors,

the most important of which are individual-level factors (Fazel, Ramesh, et al.,

2017). Targets for preventive e�orts have been identi�ed by means of research on

potentially modi�able risk factors including clinical correlates (e.g. suicidal ideation,
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self-harm history, and more generally unmet mental health needs) and institutional

ones (i.e. single-cell occupancy and lack of visits) (Zhong, Senior, et al., 2021).

The prevalence of self-harm is also higher amongst people who experience

incarceration compared with their community-residing counterparts (5�6% and

20�24% in male and female individuals, respectively vs. <1%) (Borges et al.,

2010; Hawton et al., 2014; Jenkins et al., 2005; Klonsky, 2011), and those who

self-harm have a six to eightfold greater risk of suicide whilst being incarcerated

and following release (Fazel, Cartwright, et al., 2008; Haglund et al., 2014; Humber

et al., 2013; Pratt et al., 2010). Some underlying factors of this leading cause of

morbidity overlap with those from suicide (i.e. current suicidal ideation and solitary

con�nement), but others appear to be speci�c to self-harm (e.g. homelessness, being

sentenced for �ve years or more and childhood sexual abuse) (Favril et al., 2020).

Individuals who experience incarceration have a greater risk of violence victimi-

sation before, during, and after serving their prison sentence, compared to those

who have never been incarcerated (Jennings et al., 2012; Pérez et al., 2010; N. Wol�

et al., 2007; N. Wol� et al., 2009a, 2009b). A group of Australian researchers has

suggested that this may be partly due to violence victimisation and incarceration

sharing several underlying factors, such as psychiatric disorders, substance misuse,

homelessness, and �nancial precariousness. Importantly, this risk also translates to

that of violence-related mortality after release from incarceration. As such, people

released from prison are nearly eight times more likely to die from violence than

their general population counterparts (Willoughby et al., 2021).

Psychiatric morbidity

There is extensive evidence of the high prevalence of mental illnesses in this speci�c

population, yet access to adequate psychiatric care in correctional facilities remains

problematic (Fovet et al., 2022). However, Fazel, Hayes, et al. (2016) recommend

caution in the interpretation of prevalence �ndings because of several caveats to

primary studies and meta-analytic methodology. For instance, surveys of speci�c

disorders (i.e. attention-de�cit hyperactivity disorder [ADHD]) (Gaï�as et al.,
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2014; Usher et al., 2013; Young et al., 2015), and those relying on approaches to

clinical diagnosis other than professional judgement (i.e. self-report or laypersons)

are particularly prone to prevalence overestimation (Fazel & Danesh, 2002). The

quality of individual studies is often highly variable, and thus some meta-analyses

combine small and selected samples that likely contain extreme values. The choice

of statistical model when pooling prevalence estimates also plays a role; in general,

random-e�ects yield more conservative summaries and generate wider con�dence

intervals than �xed-e�ects (Poole & Greenland, 1999). Despite these limitations,

high-quality systematic reviews and meta-analyses were conducted in recent years

to synthesise the rapidly growing medical literature, and provide reliable global

and regional estimates about treatable mental disorders in people who experience

incarceration (Baranyi et al., 2018; Baranyi et al., 2019; Facer-Irwin et al., 2019;

Fazel & Baillargeon, 2011; Fazel, Hayes, et al., 2016; Fazel & Seewald, 2012; Fazel

et al., 2018; Fazel, Yoon, et al., 2017).

Fazel and Seewald (2012) reviewed 109 prevalence studies for severe mental illness

(schizophrenia-spectrum disorders and major depression) including 33,588 people in

prison from 24 countries. The authors found no signi�cant sex-related di�erences, as

pooled prevalence estimates were around 3.6% (95% CI 3.1�4.2) in male individuals

and 3.9% (95% CI 2.7�5.0) in female individuals for psychosis, and 10.2% (95% CI

8.8�11.7) in male individuals and 14.1% (95% CI 10.2�18.1) in female individuals

for depression. However, the prevalence rates of psychosis were signi�cantly higher

in LMICs than in HICs (5.5% vs. 3.5%). Moreover, there was no evidence of

increasing trends over time, with the exception of those observed in prevalence

studies of depression from the US (from 1974�2005) (Fazel & Seewald, 2012).

Another review also focused on severe mental illness (Baranyi et al., 2019), but

searched speci�cally for prevalence studies conducted in LMICs, as few studies

from less-a�uent nations were identi�ed in the previous one, and epidemiological

evidence on mental illness in prisons from LMICs is generally lacking (Jack et al.,

2018). Consistent with �ndings from HICs, there was evidence of high prevalence

of psychotic disorders (6.2%, 95% CI 4.0�8.6) and major depression (16.0%, 95%
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CI 11.7�20.8), with elevated rates at arrival to prison. On the one hand, general

population reviews suggest that the prevalence of schizophrenia-spectrum disorders

and major depression is lower in LMICs than in HICs. On the other hand, Baranyi

et al. (2019) found no evidence of such di�erence amongst people in prison, which

may be explained by barriers to accessing mental health care for incarcerated

populations in resource-poor settings (Jack et al., 2018).

Posttraumatic stress disorder (PTSD) is also widespread in incarcerated pop-

ulations due to disproportionate levels of lifetime exposure to various forms of

violence (emotional, sexual and physical) and other traumatic events. People who

experience incarceration have extensive histories of trauma (Ardino, 2011, 2012;

Garbarino, 1995), and traumatic exposure (e.g. child maltreatment, sexual abuse

and witnessing violence) has previously been linked to antisocial behaviour (Ardino

et al., 2013; Dziuba-Leatherman & Finkelhor, 1994). Approximately 6.2% (95% CI

3.9�9.0) of male and 21.1% (95% CI 16.9�25.6) of female individuals were reported

to have PTSD in a recent review, based on point prevalence estimates (Baranyi

et al., 2018). These �ndings underscore signi�cant sex di�erences in prevalence

rates, and suggest that the point prevalence of PTSD is nearly �ve times greater in

male individuals and eight times higher in female individuals in prison compared

with the general population (Kessler et al., 1995; Stein et al., 1997).

Alcohol and drug use disorders are often associated with the aforementioned

psychiatric disorders, and some research suggests that substance misuse accounts

for a large proportion of mortality following release from prison (Binswanger et al.,

2013; Chang et al., 2015). People who inject drugs also have an increased risk of

being infected with blood-borne diseases and spreading them to others, yet access to

pharmacotherapies in prison (e.g. methadone maintenance treatment) is extremely

limited (Chandler et al., 2009). Fazel, Yoon, et al. (2017) updated the evidence

on prevalence studies of SUDs amongst people in prison by building on previous

work from Fazel et al. (2006). The authors found that SUDs were highly prevalent

in this population, and identi�ed substantial heterogeneity arising from clinical

and methodological di�erences between individual studies. About one-fourth of
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all newly incarcerated individuals had an alcohol use disorder (24.0%, 95% CI

21.0�27.0). Prevalence of drug use disorder di�ered signi�cantly by sex, with pooled

estimates of 51.0% (95% CI 43.0�58.0) and 30% (95% CI 22.0�38.0) for female and

male incarcerated individuals, respectively (Fazel, Yoon, et al., 2017).

As described above, a large number of reviews have examined the prevalence rates

of mental disorders amongst adults in prison, but fewer have focused on adolescents

in the criminal justice system, and there is evidence to suggest that prevalence di�ers

by age group. A comprehensive review of 25 studies including 16,750 incarcerated

adolescents by Fazel, Doll, et al. (2008) found that the prevalence amongst these

adolescents was higher than that in the general adolescent population, consistent

with trends in adults (Baranyi et al., 2019; Fazel, Hayes, et al., 2016). Yet, the

authors reported that the prevalence rates of speci�c psychiatric disorders di�ered

between adolescents and adults in justice settings. Notably, female adolescents

had roughly a two-fold greater prevalence of major depression than adult women

in prison (29% vs. 12%) (Fazel & Danesh, 2002). However, this review is now

out-of-date, since its search for primary investigations concluded in late 2005, and

PTSD was not included in the initial search.

Since the review of 2008, many more surveys of psychiatric morbidity in detained

adolescents have been published�highlighting the need for updating these estimates

to determine if the prevalence of treatable mental disorders has changed over time

(Hughes et al., 2020). Such information is necessary for early identi�cation of

mental health needs and provision of adequate psychiatric care for justice-involved

adolescents, which in turn could generate larger public health bene�ts, such as

youth crime reduction (Fazel, Doll, et al., 2008).

This thesis takes a particular focus on psychiatric disorders amongst justice-

involved youth. It is believed that health and developmental di�culties, together

with social and economic disadvantages in early childhood and adolescence, have

a signi�cant in�uence on pathways into the criminal justice system, and that

incarceration can exacerbate these e�ects (Fazel, Bromberg, et al., 2022; Hughes

et al., 2020). Early intervention and diversion from prisons and other closed
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environments is essential to mitigate the impact of health, social and economic

determinants, and structural drivers of criminal justice involvement, both in

adolescence and later in life (Borschmann et al., 2020; Hughes et al., 2020). This

has implications beyond the realm of juvenile justice, as adolescence is a time of

immense potential for health and the establishment of patterns that will carry

into adulthood (S. M. Sawyer et al., 2012).

Unmet health needs and risk of violent reo�ending

Incarcerated populations experience elevated burdens of mental disorders, infectious

diseases, and premature mortality, mostly attributed to suicide, violence and

other non-natural causes of death (Fazel & Baillargeon, 2011). Compared to the

extensive literature on mental health and reo�ending, few research have studied

the e�ect of physical health on this adverse outcome (Link et al., 2019). Previous

studies underscore the importance of physical health for successful reintegration

following imprisonment, suggesting that unmet health needs might be associated

with recidivism (Link et al., 2019; Schroeder et al., 2011; Stogner et al., 2014). One

hypothesis is that poor physical health precludes opportunities for employment

and �nancial stability on release, and places added strain on family relationships

(Link et al., 2019). System-level factors have also been understudied compared

with individual-level ones, and the evidence thus far is inconclusive, but one

nationwide longitudinal study using a dual research design (i.e. between-individual

and within-individual) found little di�erences between prison facilities and the

risk of recidivism (Yu et al., 2022).

Although the link between mental illness and violence perpetration is well

established, the vast majority of people with mental illness never commit violent

crimes (Whiting, Gulati, et al., 2021; Whiting, Lichtenstein, et al., 2021). However,

psychiatric and substance use disorders are associated with increased risk of violent

reo�ending in people released from incarceration. In a Swedish register study,

bipolar and substance use disorders were associated with a substantially increased

hazard of violent reo�ending; assuming causality, the PAF for psychiatric disorders
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was about 40% in female and 20% in male individuals (Chang et al., 2015). These

�ndings corroborate those from an earlier study (Baillargeon et al., 2009), in

which the greatest increase in risk for reincarceration was found amongst persons

with bipolar disorder in prison. A study in Italy also found a strong relationship

between PTSD symptoms and the risk of recidivism, with the authors suggesting

that a trauma-based framework may be useful for identifying risk factors for

violent reo�ending (Ardino et al., 2013). Considering that people released from

prison�especially those with unmet mental health care needs�are at increased risk

for victimisation and perpetration of violence, including them as a priority group

in violence prevention strategies could contribute to reducing societal violence by

counteracting the cycle of violent reo�ending (Baillargeon et al., 2009; Chandler

et al., 2009; Willoughby et al., 2021).

1.4 Violence risk assessment tools

As was mentioned in the previous sections, the health of people who experience

incarceration has clear rami�cations for the general public and governmental agencies.

Prison health and public health are in many ways intertwined (Dumont et al.,

2012); yet, prison health research remains severely underfunded (Ahalt et al., 2015;

Kouyoumdjian et al., 2017). Inadequate investment also impacts the accessibility to

and the quality of health services received within prisons, which are inferior to that

delivered in the community (Wildeman & Wang, 2017). Faced with this reality,

prediction model approaches have gained importance to allocate limited resources

to individuals at the greatest risk for adverse health and recidivism outcomes.

1.4.1 Clinical prediction models

Clinical prediction models are intended for use by clinicians in patient care and are

aimed to facilitate clinical decision-making (Laupacis et al., 1997). These models

are designed to make diagnostic (risk that an outcome is currently present) or

prognostic predictions (risk that it will occur in the future) related to a given

outcome of interest (often a disease or health state) (Steyerberg, 2009; van Smeden
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et al., 2021). They are developed to address a speci�c area of clinical uncertainty

(Steyerberg et al., 2013), whereby a limited number of patient, treatment or outcome-

related predictors (or risk factors) are combined to determine the likelihood of event

occurrence within a speci�ed time-frame (Steyerberg, 2009). Their application

goes well beyond medicine; in the past few decades, there has been a substantial

increase in the number of scienti�c articles on modelling for prediction (616%

increase between 1993 and 2017), especially in applied sciences (e.g. mathematics,

engineering and computer science) (Steyerberg, 2009). Whilst several multivariable

prediction models are commonly employed in clinical specialties such as cardiology

(e.g. QRISK or Framingham, Hippisley-Cox et al., 2017; Hippisley-Cox et al., 2007;

Parikh et al., 2008) and oncology (e.g. PREDICT, Thurtle et al., 2019; Wishart

et al., 2010), their application is far less widespread in other �elds.

There are currently no prediction models in psychiatry that have achieved a

similar level of clinical impact to the cardiovascular disease and cancer risk ones.

However, as the �eld increasingly moves toward precision medicine, and electronic

health records and large registry data become readily available, prediction modelling

approaches in psychiatry are burgeoning (Fusar-Poli et al., 2018). A now outdated

qualitative review of risk prediction in mental health (from 2013) yielded 43 relevant

studies (Bernardini et al., 2017). By contrast, a recent review of prediction modelling

for psychiatric outcomes identi�ed more than 300 prediction models (70% of which

were published in the last �ve years), but found that the current evidence base is

limited by methodological issues, including high risk of bias, over�tting and poor

reporting (Meehan et al., 2022). Another review of prediction models in psychiatry,

with a particular focus on psychosis, highlighted similar barriers to research progress

in the �eld (Salazar de Pablo et al., 2021). Despite this, these models have emerged

as a means of providing more empirically grounded and cost-e�ective psychiatric

care (Fusar-Poli et al., 2018), namely related to psychosis (e.g. Fusar-Poli et al.,

2017), major depression (e.g. Kessler et al., 2016), suicidality (e.g. Levey et al.,

2016) and violent behaviour (e.g. Fazel, Wolf, Larsson, et al., 2017).
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Prognostic models can also serve as the framework for structured risk assessment

tools (or instruments), some of which are used in forensic psychiatry and criminal

justice (M. A. Campbell et al., 2009; Desmarais et al., 2016; Fazel, Burghart, et al.,

2022; Fazel et al., 2012; Ramesh et al., 2018; Singh et al., 2014; Singh, Grann, et al.,

2011; Singh, Serper, et al., 2011). In 2014, an international survey estimated that

more than 200 structured risk assessment tools were regularly employed across 44

countries (Singh et al., 2014). One reason for this interest is that these tools serve

many purposes by providing an estimate of future risk for reo�ending, including

to inform sentencing, parole, release and probation decisions (especially in the US)

(Monahan & Skeem, 2016; Van Ginneken, 2019). Recently, Fazel, Burghart, et al.

(2022) reviewed criminal risk assessment tools used to support decision-making in

justice settings and identi�ed 27 independent validation studies, amongst which

were 20 studies (74%) from the US.

Risk strati�cation also allows for the identi�cation of people at higher risk of

reo�ending who may be suitable for pharmacological and psychological interventions,

and for those at lower risk to forego potentially unnecessary treatment (considering

limited resources). As such, tools which incorporate modi�able risk factors, rather

than solely unmodi�able (or static) ones, provide therapeutic targets in the reduction

of recidivism (Fazel, 2019). Moreover, research has demonstrated that these

tools generally provide a more accurate and reliable risk assessment compared

to unstructured clinical judgement (Ægisdóttir et al., 2006).

In this thesis, I will focus on the predictive validity of these tools. The implica-

tions of the �ndings for management of people leaving prison will also be discussed.

Both bene�cial applications of violence risk prediction tools (mainly additional

support in prison and on release) and the ethical implications of potentially harmful

applications (largely related to sentencing decisions) require consideration (Fazel,

2019). The latter can be mitigated by transparency in the design, development and

analysis of these instruments (Jalali et al., 2020). In this line of thought, Salganik

(2019) rightfully mentions that � these new opportunities are also accompanied by

new risks,� and this statement will serve as a guiding principle throughout my thesis.
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1.4.2 Current limitations in violence risk prediction

A recent controversy concerning the debatable use of the Correctional O�ender

Management Pro�ling for Alternative Sanctions (COMPAS) tool by probation

o�cers and judges to make decisions in regards of parole conditions and bail in

the US, highlights the `double-edged knife' potential of these new technologies,

because the COMPAS has not released its algorithms, which therefore cannot be

validated, critically appraised or understood by those using it. The �eld of violence

risk prediction is limited by methodological shortcomings, lack of transparency in

reporting of methods and results, and poor predictive performance (Fazel et al.,

2012; Singh, Grann, et al., 2011). These limitations also apply to other mental

health applications of prediction models. As such, prediction model development

(and internal validation) studies often lack a prede�ned protocol, an appropriate

sample size, adequate missing data methods, and comprehensive information on

individual predictors, their weighting, and key model performance measures (Hou

et al., 2019; Salazar de Pablo et al., 2021; Senior et al., 2021).

Reporting of most models for violence risk assessment poorly complies with

current best practice recommendations and guidelines outlined in the Transparent

Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis

(TRIPOD) statement and the Prediction model Risk Of Bias ASsessment Tool

(PROBAST) (Collins et al., 2015; R. F. Wol� et al., 2019). Typically, discrimination

(the ability to distinguish between the presence and the absence of the outcome)

is solely described using the area under the curve (AUC orc statistic/c-index),

whilst calibration (the agreement between predicted and observed risk estimates)

is overlooked, and thereby it is often unclear whether risk predictions are reliable

(Cook, 2007; Steyerberg, 2009; Van Calster et al., 2019).

Calibration is highly relevant when evaluating a model's predictive performance

in datasets other than the one used in the original development (referred to as

external validation). In practice, an individual's predicted risk (for a given outcome)

may be vastly di�erent from the actual risk if poorly validation models are used

(Van Calster et al., 2019). Generalisability is dependent on the quality of the initial
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prediction model and characteristics of the external validation sample. Speci�cally,

di�erent predictor e�ects and case-mix (distribution of outcome/predictors between

development and validation cohorts) can reduce transportability of existing models

in new settings (Steyerberg, 2009). External validation tends to yield more robust

and realistic estimates of predictive performance, by limiting over�tting. Yet, very

few risk prediction models undergo external validation, and even fewer are ultimately

implemented in clinical practice (Siontis et al., 2015).

1.4.3 Oxford Risk of Recidivism (OxRec) tool

In order to address these gaps, researchers from the Forensic Psychiatry and

Psychology Research group at the University of Oxford and their international

collaborators developed OxRec�a novel, scalable tool for violent reo�ending in

people released from prison (Fazel, Chang, et al., 2016). This prediction model

was derived and validated using national link registries for nearly 50,000 people

released from prison in Sweden to predict violent reo�ending at one and two years

after release. The OxRec model incorporates 14 routinely collected predictors,

some of which are modi�able, and their individual weighting has been published.

These risk factors can be grouped in three domains: criminal history (length of

incarceration, violent index o�ence, previous violent crime), sociodemographic (sex,

age, immigrant status, civil status, education, employment, disposable income,

neighbourhood deprivation) and clinical information (alcohol or drug use disorder,

any mental disorder, any severe mental disorder) (see Table 1.2 for de�nitions).

OxRec provides critical information to prison and probation services in making

decisions about treatment, release and supervision, and is intended to complement

professional judgement, rather than replace it altogether. It aims to facilitate

assessment and linkage to care, and in turn assist in treatment allocation of

individuals at high risk of violent reo�ending, particularly in terms of substance use

and mental health community-based interventions, resources for which are often

scarce. OxRec is less time-consuming and resource-intensive than other widely

adopted tools, such as the HCR-20 (Historical Clinical Risk Management-20; Douglas
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Table 1.2: OxRec predictors and their original de�nitions

Variable De�nition

Sex Assigned at birth.

Age Age at release from prison.

Immigrant First or second generation immigrants (self or either
parent born outside of Sweden).

Length of incarceration Duration of incarceration for most recent o�ence.

Violent index o�ence Most recent o�ence was homicide, assault, robbery,
arson, any sexual o�ence (rape, sexual coercion,
child molestation, indecent exposure, or sexual
harassment), illegal threats, or intimidation.

Previous violent crime Any conviction for a violent o�ence previous to
most recent o�ence (i.e. before index o�ence).

Education Lower secondary, upper secondary, post-secondary.

Employment Employed at incarceration. (Worked for at least 4
hours [based on their income information] during
November before incarceration).

Income Negative/Zero/Low/Medium/High (Low: 80 th per-
centile). `Low' and `Medium' disposable income
had accounted for 93%.

Neighbourhood deprivation Principal components analysis of: mean disposable
income, % welfare recipients, % unemployed, %
divorced individuals, % with only primary school
quali�cations, % of immigrants (de�ned as indi-
viduals who were not born in Sweden), residential
mobility rate, and crime rate.

Alcohol use disorder Diagnosis of alcohol use disorder (lifetime: before
or during incarceration�ICD-8: 291, 303; ICD-9:
291, 303, 305A; ICD-10: F10).

Drug use disorder Diagnosis of drug use disorder (lifetime: before or
during incarceration�ICD-8: 304; ICD-9: 292, 304,
305 excl. 305A; ICD-10: F11-F19).

Any mental disorder Diagnosis of any mental disorder excluding sub-
stance use disorders (lifetime: before or during
incarceration).

Any severe mental disorder ICD diagnosis of schizophrenia-spectrum or bipolar
disorder (lifetime: before or during incarceration).

Note. Table adapted from Fazel, Chang, et al., 2016; Fazel et al., 2019.
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and Reeves, 2010), OASys (O�ender Assessment System; P. D. Howard and Dixon,

2012), and VRAG/VRAG-R (Violence Risk Appraisal Guide-Revised; Rice et al.,

2013). It requires minimal training and can be completed approximately 10 minutes

using a freely accessible online calculator: https://oxrisk.com/oxrec-9/. Moreover,

the model demonstrated at least comparable levels of predictive performance as the

most commonly used structured instruments for violence risk (Fazel et al., 2012),

and possibly better performance in external validation (Fazel, Burghart, et al.,

2022). The OxRec model has been validated in the Netherlands, reporting adequate

predictive accuracy (Fazel et al., 2019), but more external validation research is

required to assess its generalisability across other countries. This is particularly

needed in LMICs, where the ability of existing tools to predict violent reo�ending

is unknown, despite most people who experience incarceration living in them.

1.5 E�ective interventions for recidivism

1.5.1 Pharmacological treatments

Research on pharmacological treatments of psychiatric disorders has shown some

clinical bene�ts for reducing reo�ending risk. Amongst people released from prison

in Sweden, a register study using a within-subject design found that the dispensing of

psychotropic medications (antipsychotics, psychostimulants, and drugs for addictive

disorders) was associated with lower rates of violent reo�ending (Chang et al.,

2016). A smaller study in England and Wales also showed that pharmacological

interventions in prison delayed violent reo�ending amongst individuals with current

symptoms of psychosis (Igoumenou et al., 2015). Commonly prescribed medications

to treat alcohol and opioid use disorder (speci�cally buprenorphine and methadone)

appeared to reduce crime in a population-based study in Sweden (Molero et al., 2018)

and another one in Canada (Russolillo et al., 2018); whether these �ndings translate

to persons who have experienced incarceration has not yet been investigated. To

date, there is mixed evidence for the e�ectiveness of opiate substitution treatments

in prison for reducing recidivism, with some systematic reviews reporting modest
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reductions (Hedrich et al., 2012), whilst some others found no bene�cial e�ects

(Moore et al., 2019).

1.5.2 Psychological interventions

Several non-pharmacological interventions have also been developed and imple-

mented by prison systems to improve long-term social and health outcomes for people

who experience incarceration. Whilst there is some evidence for the e�ectiveness

of common psychological interventions delivered in prison on reducing recidivism

(Papalia et al., 2019), the strength of the evidence base is limited by important

methodological challenges, particularly when it comes to the quality of primary

studies (Koehler et al., 2013). For instance, one of the most comprehensive

reviews of prison-based drug and alcohol interventions (both pharmacological and

psychological) found that these were e�ective in reducing recidivism, but that

only one psychological intervention study amongst the 49 included studies was

methodologically strong (De Andrade et al., 2018).

Few randomised controlled trials (RCTs) have been undertaken, and further

research is required to establish whether the evidence holds in larger studies with

more rigorous designs (Fazel, Hayes, et al., 2016). As such, an RCT is often regarded

as the gold standard for determining the e�cacy of therapies since its methods

reduce the possibility of bias (e.g. in�uence of confounding factors) (Akobeng, 2005;

Hariton & Locascio, 2018). Moreover, most psychological therapies are tailored

to mental health problems and other key modi�able risk factors for recidivism

(e.g. housing instability, unemployment, and �nancial di�culties) are often not

considered (Hirschtritt & Binder, 2017). Thus, more work must be done to ensure

that psychological treatment in prison is consistent with the evidence (Kinner

& Young, 2018), and that justice systems engage in evidence-based policies and

practice to reduce violent reo�ending.
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1.6 Summary and thesis outline

In this introductory chapter, I have provided an overview of violence as a public

health concern, the contribution of people who have experienced incarceration

to societal violence, various risk factors for interpersonal violence and violent

reo�ending, and current approaches to violence risk prediction in this population. I

argue that more research on the epidemiology of psychiatric disorders in prison, the

e�ectiveness of psychological interventions, and the scienti�c validity of approaches

to structured violence risk assessment is needed. I have also outlined some critical

evidence gaps that guide the three main research questions addressed by this thesis:

1. What is the prevalence of mental disorders amongst adolescents in juvenile

detention and correctional facilities?

2. What is the predictive validity of a violence risk prediction tool (OxRec)

across di�erent geographical settings (Tajikistan and England)?

3. What is the e�ectiveness of psychological interventions on recidivism after

release from incarceration?

Overall, this thesis examines the prevalence, assessment and management of

reo�ending risk in people in prison. To do so, it draws upon methods from psychiatric

epidemiology, public mental health and prediction modelling to investigate risk

factors, evaluate the e�ectiveness of interventions, and validate an existing risk

assessment tool in new geographical settings. The overarching aim of the thesis

is to provide a body of research that will contribute to improving outcomes for

justice-involved individuals and reducing societal violence.

In Chapter 2, I focus on an important modi�able risk factor for violent reo�ending

in a key population. The chapter provides global estimates on the prevalence of

various treatable mental disorders amongst adolescents in juvenile detention and

correctional facilities. In this review, I also consider gender di�erences and sources

of heterogeneity between studies.
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Chapters 3 and 4 explore the external validity of the OxRec model for assessing

risk of recidivism amongst people released from prison. I analyse two data sets that

include information on criminal history, sociodemographic and clinical risk factors,

to determine if OxRec could be implemented in Tajikistan (LMIC) and England

(HIC). This research is the �rst validate a structured violence risk assessment tool

for a criminal justice population in a low- or middle-income country.

In Chapter 5, I focus on the e�ectiveness of widely implemented psychological

interventions delivered in prison to reduce repeat o�ending on release. This review

is the �rst to solely evaluate the e�ects of randomised controlled trials. It also

improves the precision of overall estimates by comparing e�ect sizes by study size,

control group and intervention type.

In Chapter 6, I provide a general discussion of the empirical �ndings from this

thesis, including their strengths and limitations. Potential implications for clinical

practice, service provision and planning, and policymaking in the criminal justice

system, as well as recommendations for future research are also addressed.
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2.1 Introduction

In the previous chapter (Chapter 1), I contextualised the research questions

underlying this thesis in the light of the relevant literature. I also described the

overarching aims and objectives of my research programme. The aim of the present

chapter is to update the evidence on psychiatric morbidity amongst adolescents in

juvenile detention and correctional facilities and provide current global prevalence

estimates of treatable mental disorders in this key population. As described in

Chapter 1, prior meta-analytic research has shown that adolescents who experience

detention are disproportionately a�ected by mental illness compared with those

in the general population. Available prevalence data have increased substantially

over the last decade, and therefore the most recent evidence needs to be synthesised

to guide evidence-based practice.

In Western nations, adolescents account for approximately 5% of the prison

population, and on any given day in the US, over 48,000 young people are detained

in various juvenile facilities (W. Sawyer, 2019). Psychiatric disorders are reported

to be widespread among incarcerated youth (Hughes et al., 2020; Schubert et al.,

2011). Moreover, it is recognised that psychiatric disorders in this population are

associated with an array of adverse outcomes, namely poor prognosis of mental

health di�culties, elevated rates of substance misuse (Penn et al., 2003; Teplin

et al., 2012), an increased likelihood to experience or perpetrate violence in intimate

relationships, and psychosocial di�culties in adulthood. Several studies have also

implicated psychiatric disorders in increasing the likelihood of reo�ending amongst

adolescents (McReynolds et al., 2010; Plattner et al., 2009).

A previous systematic review and meta-analysis synthesised evidence until

2006 on the prevalence of mental disorders in detained adolescents. The �ndings

highlighted considerable unmet mental health needs (Fazel, Doll, et al., 2008). Since

then, a signi�cant body of new primary research has been published. However,

more recent systematic reviews have been limited by their scope (e.g. by only
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including English-language reports or not searching the grey literature), a lack of

quantitative methods (including heterogeneity analyses), and the use of inconsistent

time frames for psychiatric diagnoses (e.g. in past month, past year, and lifetime)

(Black et al., 2015; Gottfried & Christopher, 2017). Thus, up-to-date prevalence

estimates able to capture the true global burden of mental illness in adolescents

who experience incarceration are unavailable.

This chapter presents an updated systematic review and meta-analysis on the

prevalence of mental disorders in detained adolescents, thus addressing the �rst

research question of my thesis. Meta-analysis was preferred to alternative methods

of synthesis (e.g. narrative synthesis) in this review due to anticipated manageable

levels of heterogeneity and the availability of data to derive global prevalence

estimates (M. Campbell et al., 2019; Higgins & Green, 2019). I also consider PTSD,

which has become increasingly researched in this population in recent years. The

�ndings should inform service provision, planning and future research, and also

bene�t harm-reduction e�orts for recidivism.

2.2 Methods

2.2.1 Protocol and registration

This systematic review was conducted in line with the Preferred Reporting Items for

Systematic Review and Meta-Analyses (PRISMA) statement (Moher et al., 2009),

and the Meta-analysis Of Observational Studies in Epidemiology (MOOSE) guide-

lines (Stroup et al., 2000). The purpose of these recommendations is to guarantee

that research quality and possible sources of bias are considered when selecting

observational studies and evaluating the results of meta-analyses. (Brooke et al.,

2021). The search protocol was also registered prospectively with the PROSPERO

International Prospective Register of Systematic Reviews (CRD42019117111).

2.2.2 Search strategy

I identi�ed studies published between January 1966 and October 2019 reporting the

prevalence of mental disorders in adolescents aged between 10 and 19 years in juvenile
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detention and correctional facilities. For the period January 1966 to May 2006, the

methods were described in a previous review conducted by two collaborators (Prof

Seena Fazel and Prof Niklas Långström) (Fazel, Doll, et al., 2008). For this update,

I searched electronically the following databases: EMBASE, PsycINFO, Medline,

U.S. National Criminal Justice Reference System Abstract Database, Global Health

and Google Scholar. The search strategy featured terms related to adolescents

(juvenile*, adol*, young*, youth*, boy*, or girl*) and custody (prison*, jail*,

incarcerat*, custod*, imprison*, or detain*), which was identical to the previous

review. For psychotic illnesses, major depression, ADHD and conduct disorder, new

search dates ranged from December 2005 to October 2019. However, for PTSD,

searches began in January 1980 to coincide with the addition of this disorder to

the DSM-III (Gersons & Carlier, 1992). Reference lists were hand-searched. No

language restriction was set, and non-English surveys were translated (Figure 2.1).

2.2.3 Study eligibility

Adolescence was de�ned from the age of 10 to 19 years (UNESCO, 1985), com-

parable with the previous review and consistent with theLancet commission on

adolescent health and wellbeing(Patton et al., 2016). Studies reporting diagnoses

of psychotic illnesses, major depression, ADHD, conduct disorder and/or PTSD

among adolescents in juvenile detention and correctional facilities were included.

Despite being common amongst justice-involved youth, I decided not to include

anxiety disorders and substance use disorders, as these two disorders were recently

reviewed (Fazel, Yoon, et al., 2017; Livanou et al., 2019). Two other reasons

informed this decision; they were not part of the original review (Fazel, Doll, et al.,

2008), and the clinical implications of high prevalence of substance use disorders

is di�erent than for the severe mental illness in the current review (with varying

service models in many jurisdictions).

To be eligible, diagnoses had to be determined by clinical examination or

interviews conducted with semi-structured diagnostic instruments (Fazel, Yoon,

et al., 2017). Therefore, I excluded surveys that employed exclusively self-report
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instruments to diagnose individuals (but did not include the DISC as it was typically

administered in a semi-structured way), in order to mitigate the potential e�ects of

self-report biases on prevalence estimates. It has been suggested that self-reports of

mental health issues, and particularly substance misuse, can lead to an erroneous

estimation of prevalence (Latkin et al., 2017; O'Malley et al., 1983). Further,

previous meta-analyses have shown that laypersons using standardised measures

tend to report higher prevalences (e.g. Fazel and Seewald, 2012).

Studies which did not report the prevalence rates of mental disorders separately

for male and female adolescents (with the exception of samples including < 10%

of girls) and surveys featuring enriched or selected samples of juveniles in custody

were also excluded. Furthermore, included studies reported current prevalence of

psychotic illnesses, major depression, ADHD and PTSD, or lifetime prevalence of

conduct disorder that adhered to international classi�cations (ICD and DSM). Thus,

one study was partially excluded because the prevalences of psychotic illnesses,

major depression and ADHD were reported for the past year rather than the

past six months (Colins et al., 2009). Another reason to include PTSD was

correspondence from the original review that recommended it to expand the clinical

scope (Guchereau et al., 2009). For psychosis, I excluded one small study (n = 173)

due to being an extreme outlier (11.0%) (Kim et al., 2017).

2.2.4 Data extraction

I extracted data from the newly identi�ed studies according to the �xed protocol

used in the previous review and consulted with my academic supervisors in the case

of any uncertainty in data extraction. Gender-speci�c information was collected

in regards to prespeci�ed characteristics: geographic location, year of interview,

sampling method (consecutive admissions, total population, random, strati�ed

random or some combination thereof), participation rate, number of interviewed

adolescents, diagnostic instrument(s) and criteria (ICD or DSM), type of interviewer

(psychiatrist versus other), proportion of individuals diagnosed with each disorder,

mean age and age range, mean duration of incarceration at the interview, and
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proportion with violent o�ences (Fazel, Doll, et al., 2008). Authors of primary

studies were contacted when further information was required (Table 2.1).



2.
P

revalence
of

m
entaldisorders

in
detained

adolescents
34

Table 2.1: Extracted information from included samples, 1966�2019

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Bolton,
1976

USA
Juvenile

detention
center

Not
further

speci�ed

Strati�ed
random

Not
provided

502 males;
149

females

Semi-
structured
interview

DSM-II PI 16 16�17 Layperson 4 days
Not

provided

Chiles
et al.,
1980

USA
Juvenile

detention
center

Correctional

Consecutive
(psychotic
individu-

als
excluded)

0%
94 males;

26
females

Clinical

Research
criteria of

depres-
sion

MD
Not

provided
13�15

Non-
psychiatrists

Up to 2
days

Not
provided

Kashani
et al.,
1980

USA
Detention

center

Evaluation
and

detention
Consecutive

Not
provided

71 males;
29

females
Clinical DSM-III MD 15 11�17 Psychiatrist

Mean 7
days

6%

Hollander
and

Turner,
1985

USA

Convicted
juvenile

delin-
quents

Correctional Consecutive 8% 185 males Clinical DSM-III
PI,

ADHD
15 12�18

Sta� psy-
chologist
and psy-
chiatrist

Not
provided

38%

Duclos
et al.,
1998

USA
Detention

center

Not
further

speci�ed
Consecutive 25%

86 males;
64

females
DISC-2.3

DSM-III-
R

MD,
ADHD,

CD,
PTSD

15 12�18
Non-

psychiatrists
Not

provided
Not

provided

Shelton,
1998

USA
Detention
facilities

Committal
and

detention
facilities

Complete
sample

8%
252 males;

60
females

DISC DSM-III PI 16 12�18
Non-

psychiatrists
Not

provided
Not

provided

Ulzen
et al.,
1998

Canada Detainees
Secure

custodial
facilities

Not
provided

7%
38 males;

11 females
DICA-R

DSM-III-
R

MD,
ADHD,

CD,
PTSD

15 13�17
Research
assistant

Not
provided

Not
provided

Atkins
et al.,
1999

USA
Central

detention
facility

Not
further

speci�ed

Simple
random

17%
71 males;
4 females

DISC-2.3
DSM-III-

R
ADHD,

CD
15 13�17

Social
workers,
nurses,

medical
students

Up to 6
months

Not
provided

Lader
et al.,
2000

UK Detainees

Local
prison,
Secure

juvenile
facility
(Young

Of-
fender's
Institu-

tion)

Strati�ed
random

2%

314
detainee
and 169

sentenced
males,

and 107
detained/
sentenced

females

SCAN,
Clinical

DSM-IV,
ICD-10
(MD)

PI, MD,
Mania,

BP

Not
provided

16�20 Psychiatrists

Modal
categories

0�2
months,

6�11
months
and 0�2
months

19%
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Table 2.1: Extracted information from included samples, 1966�2019 (continued)

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Nicol
et al.,
2000

UK Detainees

Secure
juvenile
facility
(Young

Of-
fender's
Institu-

tion)

Strati�ed
random

Not
provided

51
juveniles
(estimate

> 90%
males)

K-SADS-
E

DSM-III-
R

PI, MD
Not

provided
13�17

Psychiatrist
and non-

psychiatrists

Not
provided

35%

Pliszka
et al.,
2000

USA
Juvenile

detention
center

Not
further

speci�ed
Consecutive 0%

45 males;
5 females

DISC-2.3
DSM-III-

R

MD,
ADHD,

CD,
Mania,

BP

15 11�17
Non-

psychiatrists
Up to 4

days
Not

provided

Robertson
and

Husain,
2001

USA
Detention

centers
Secure

detention
Simple
random

Not
provided

168 males;
79

females
APS, JDI DSM-IV

PI, MD,
ADHD,

CD,
Mania

15 11�18

Mental
health

workers
(non-

psychiatrists)

Mean
10.2 days

17%
males

18% girls
(self-

report)

Dimond
and

Misch,
2002

UK
Remand
detainees

Secure
juvenile
facility
(Young

Of-
fender's
Institu-

tion)

Consecutive 5% 19 males
K-SADS-

P
DSM-IV

PI, MD,
CD, BP

Not
provided

15�16 Psychiatrist
Not

provided
42%

Gonzalvo,
2002

Spain
Juvenile

detention
center

Correctional Consecutive 0%
35

females
Clinical DSM-IV

PI, MD,
ADHD

15 14�17 Psychiatrist
Up to a
few days

Not
provided

Ruchkin
et al.,
2002

Russia
Juvenile

detention
center

Correctional
Complete

sample
2% 370 males

K-SADS-
PL

DSM-IV
MD,

ADHD,
CD

16 14�19 Psychiatrist
Not

provided
49%

Teplin
et al.,
2002

USA

Detainees
in correc-

tional
facilities

Pretrial
detention

center

Strati�ed
random

4%

1172
males;

657
females

DISC-2.3
DSM-III-

R

PI, MD,
ADHD,

CD,
Mania

15 10�18

Trained
interview-

ers
(Master's

in psy-
chology

or associ-
ated �eld)

Up to 2
days

Not
provided

Waite D.,
2002

USA
Juvenile

detention
center

Not
further

speci�ed
Consecutive 0%

9629
males;
1190

females

Clinical DSM-IV
PI,

ADHD,
CD

16 11�18
Clinical

psycholo-
gist

Up to a
few days

18%
(males)

19%
(females)
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Table 2.1: Extracted information from included samples, 1966�2019 (continued)

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Wasserman
et al.,
2002

USA

Reception
for

juvenile
delin-

quents

Assessment
before
correc-
tional
place-
ment

Simple
random

3% 292 males
Voice

DISC-IV
DSM-IV

MD,
ADHD,

CD,
Mania,
PTSD

17
Not

provided
Layperson

Mean 18.7
days

36%

Gosden
et al.,
2003

Denmark Detainees

Prison
and

secure
social

services
facility

Consecutive 21% 100 males SCAN
ICD-10,
DSM-IV
(ADHD)

PI, MD,
ADHD,

CD
17 15�17 Psychiatrist

Mean 11
days

86%

Abram
et al.,
2004

USA

Detainees
in correc-

tional
facilities

Short-
term

detention

Strati�ed
random

3%
532 males;

366
females

DISC-IV
DSM-IV

PTSD 15 10�18

Trained
interview-

ers
(Master's

in psy-
chology

or associ-
ated �eld)

Up to 2
days

Not
provided

Dixon
et al.,
2004

Australia
Juvenile

detention
center

For
serious

girl
o�enders

Consecutive 5%
100

females
K-SADS-

PL
DSM-IV

PI, MD,
ADHD,

CD,
PTSD

16 13�19
Clinical

psycholo-
gist

Not
provided

71%

Lederman
et al.,
2004

USA
Juvenile

detention

Before
trial or

long-term
place-
ment

Consecutive 27%
493

females
DISC DSM-IV

MD,
ADHD,

CD
15 10�17

Non-
psychiatrist

Up to 5
days

54%

Vreugdenhil
et al.,
2004

Netherlands

Six
national

detention
centres

Not
further

speci�ed
Consecutive 21% 204 males

DISC-IV
(DISC-2.3

for PI)

DSM-IV,
DSM-III-

R (PI)

PI,
ADHD,

CD
16 12�18

Non-
psychiatrists

Mean 4
months

72%

Yoshinaga
et al.,
2004

Japan

Juvenile
Classi�ca-

tion
Home

Short-
term

detention
Consecutive 0%

40 males;
8 females

CAPS DSM-IV PTSD 17 14�19 Psychiatrist
Up to 4
weeks

Not
provided

Abrantes
et al.,
2005

USA
2 juvenile
detention

centers

Not
further

speci�ed
Consecutive

Not
provided

218 males;
34

females
PADDI DSM-IV

PI, MD,
CD,

Mania,
PTSD

16 13�18
Sta� (non-
psychiatrists)

Not
provided

27% (self-
report)

Kuo
et al.,
2005

USA
Juvenile

detention
center

Secure
place-
ment

Consecutive 31%
36 males;

14 females
Voice-
DISC

DSM-IV MD
Not

provided
13�17

Non-
psychiatrists

Median 4
days

Not
provided
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Table 2.1: Extracted information from included samples, 1966�2019 (continued)

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Chitsabesan
et al.,
2006

UK Detainees

Secure
juvenile
facility
(Young

Of-
fender's
Institu-

tion)

Strati�ed
random

7%
118 males;

33
females

SNASA,
DSM-IV,
PI, MD,
ADHD

16 13�18 Psychiatrist
Mean 4
months

Not
provided

Hamerlynck
et al.,
2007

Netherlands Detainees

Three
Juvenile

Justice In-
stitutions

Complete
sample

7%
212

females
K-SADS-

P-L
DSM-IV CD 16 12�19

Not
provided

Up to 1
month

Not
provided

Colins
et al.,
2009

Belgium Detainees

Three
Youth

Detention
Centers

Simple
random

15% 245 males DISC-IV DSM-IV
CD,

PTSD
16 12�17

Trained
interview-

ers
(Re-

searcher
and

university
students)

Between 3
days and
3 weeks

12%

Indig
et al.,
2009

Australia

Young
people
held in
custody

Eight
Juvenile

Detention
Centres
and one
Juvenile
Correc-
tional
Centre

Simple
random

5%
245 males;

39
females

K-SADS-
P-L

DSM-IV

PI, MD,
ADHD,

CD,
PTSD

17 13�19

Trained
juvenile
justice

psycholo-
gists

Not
provided

Not
reported
for <19

years

Köhler
et al.,
2009

Germany

Prisoners
on

remand or
in penal

detention

Juvenile
prison

Complete
sample

7% 38 males
SCID

(German
version)

DSM-IV
PI, MD,

CD,
PTSD

Not
provided

<18 Psychologists
Not

provided

75% (Not
speci�c to

<19
years)
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Table 2.1: Extracted information from included samples, 1966�2019 (continued)

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Sørland
and

Kjelsberg,
2009

Norway Prisoners
Not

further
speci�ed

Complete
sample

5% 40 males

K-SADS
(Norwe-

gian
version)

ICD-10 MD, CD 18 15�19 Researcher

60%
during 5
�rst days

of
custody,

85%
during
�rst 18
days, 6
people

had been
there for

longer
(from 25

to 240
days)

Not
provided

Karnik
et al.,
2010

USA Detainees

Dep. of
Correc-

tions and
Rehabili-

tation,
Division

of
Juvenile
Justice

Consecutive 1%
650 males;

140
females

SCID (PI,
MD,

PTSD);
DICA

(ADHD);
SIDP-IV

(CD)

DSM-IV

PI, MD,
ADHD,

CD,
PTSD

17 <16
Not

provided
After 9
months

36%

Gretton
and Clift,

2011
Canada

Incarcerated
youth

Provincial
youth

custody
centers

Complete
sample

Not
provided

119 males;
54

females
DISC-IV DSM-IV

PI, MD,
ADHD,

CD,
PTSD

16

13�18
(females);

12�19
(males)

Trained
interview-
ers with

advanced
degrees in

psychol-
ogy

Not
provided

83%
(males);

74%
(females)

Mitchell
and Shaw,

2011
UK

Remand
and

sentenced
boys

Young
O�ender
Institu-

tion

Simple
random

7% 115 males K-SADS DSM-IV
PI, MD,
ADHD,
PTSD

17 15�17

Researcher
with a sig-

ni�cant
level of
clinical
experi-

ence

24 hours
minimum

53%

Ghanizadeh
et al.,
2012

Iran
Incarcerated

boys
Prison

Not
provided

0% 100 males
K-SADS

(Farsi
version)

DSM-IV

PI, MD,
ADHD,

CD,
PTSD

17 12�19 Researchers
Not

provided
83%
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Table 2.1: Extracted information from included samples, 1966�2019 (continued)

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Harzke
et al.,
2012

USA
Youth

entrants

Youth
Commis-

sion
facilities

Complete
sample

Not
provided

10469
males;
1134

females

Guided
interview
structure
based on
DSM-IV

DSM-IV
PI, MD,
ADHD,

CD

Not
provided

<19

Psychiatrists,
doctoral-

level
clinical

psycholo-
gists,

master's-
level

associate
psycholo-
gists in

consulta-
tion with
doctoral-

level
clinicians,

physi-
cians,

physician
assistants,
or nurse
practi-
tioners

Up to 30
days

Assault
(52.1%),
weapons-
related
o�enses
(26.8%),
robbery
(23.4%),
threats

(11.4%),
sexual

o�enses
(6.6%)

and
murder or
manslaugh-
ter (3.1%)
*Percent-
ages do
not add

up to
100%

Zhou
et al.,
2012

China Detainees
2 Youth

Detention
Centers

Complete
sample

9% 232 males
K-SADS-

PL
DSM-IV

MD, DP,
ADHD,

CD
17 15�17 Psychiatrists

Not
provided

73%

Lennox
et al.,
2013

UK
Adolescent
o�enders

Young
O�ender
Institu-

tion

Consecutive 3% 219 males K-SADS DSM-IV
PI, MD,
PTSD

17 15�18
Not

provided
Between 0
to 26 days

72%

Aida
et al.,
2014

Malaysia Detainees

Five
prisons
that are

desig-
nated

centres
for

juvenile
o�enders

Simple
random

0%

105
juveniles
(estimate

>90%
males)

MINI-
KID

DSM-IV,
ICD-10

PI, MD,
ADHD,

CD
17 14�17 Psychiatrist

Not
provided

38%
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Table 2.1: Extracted information from included samples, 1966�2019 (continued)

Study Country Population
Type of
custody

Sampling
strategy

Proportion
not con-
senting

Total
number

inter-
viewed

Instrument
Diagnostic
criteria

Diagnoses
reported

Mean
age,

years

Age
range,
years

Interviewer

Time
detained

before
inter-
view

Proportion
commit-

ted
violent

o�ences

Guebert
and Olver,

2014
Canada

Adolescents
adjudi-
cated

under the
Youth

Criminal
Justice

Act or the
former
Young

O�enders
Act)

Not
further

speci�ed

Not
provided

Not
provided

109 males;
77

females

Diagnostic
interview

DSM-IV
or IV-TR

MD,
ADHD,

CD
16

Not
provided

Pediatric
psychia-

trist,
registered
(usually
doctoral

level) psy-
chologist

Not
provided

83%
(males);

74%
(females)

Aebi
et al.,
2015

Austria
Male

juvenile
detainees

County
jail

Consecutive 3% 259 males
MINI-
KID

DSM-IV,
ICD-10

ADHD,
PTSD

17 14�19
Psychiatry
residents

up to 4
days

8.5%

Dória
et al.,
2015

Brazil
Incarcerated

boys

Socio-
education

center

Simple
random

Not
provided

69 males

K-SADS-
PL

(Brazilian
version)

DSM-IV
MD,

ADHD,
CD

16 12�16
Trained

interview-
ers

Between
15 to 30

days

Not
provided

Lindblad
et al.,
2015

Russia
Incarcerated

delin-
quents

Juvenile
correc-
tional
center

Consecutive 2% 370 males
K-SADS-

PL
DSM-IV

PI,
ADHD,

CD,
PTSD

16 14�19
Child psy-
chiatrists

Not
provided

49%

Aebi
et al.,
2016

Switzerland Detainees
Juvenile

Detention
Center

Consecutive 2% 158 males
MINI-
KID

DSM-IV,
ICD-10

ADHD,
CD,

PTSD
17 13�19

Psychiatrists,
forensic

psycholo-
gist

Not
provided

63.9%

Kim
et al.,
2017

South
Korea

Juvenile
detainees

Male
Juvenile

Detention
Centre

Consecutive 0% 173 males

MINI, K-
SADS-PL
(Korean
version)

DSM-IV,
ICD-10

PI, MD,
ADHD,

CD,
PTSD

18 15�19
Clinical

psycholo-
gist

Not
provided

60%

Schorr
et al.,
2019

Brazil

Juvenile
o�enders
in tempo-

rary
custody

Provisional
Detention

Center
Consecutive 0% 74 males Clinical DSM-IV CD

Not
provided

15�17 Psychiatrist
Not

provided

24% com-
mitted

homicide
o�enses

Note. ADHD = attention-de�cit/hyperactivity disorder; APS = Adolescent Psychopathology Scale; BP = bipolar disorder; CD = conduct disorder; DICA = Diagnostic Interview for Children
and Adolescents (R = Revised); DISC = Diagnostic Interview Schedule for Children; DSM = Diagnostic and Statistical Manual of Mental Disorders (TR = Text Revised); ICD = International
Classi�cation of Diseases; JDI = Juvenile Detention Interview; K-SADS = Schedule for A�ective Disorders and Schizophrenia for School Aged Children (P = Present, L = Lifetime, E = Epidemiologic);
MD = major depression; MINI = Mini-International Neuropsychiatric Interview (KID = for Children and Adolescents); PADDI = Practical Adolescent Dual Diagnostic Interview; PI = psychotic
illnesses; PTSD = posttraumatic stress disorder; SCAN = Schedules for Clinical Assessment in Neuropsychiatry; SCID = Structured Clinical Interview for DSM-IV Axis I, II and Personality;
SIDP = Structured Interview for DSM-IV Personality; SNASA = Salford Needs Assessment Schedule for Adolescents.
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2.2.5 Quality assessment

Study quality was assessed in the included surveys using a modi�ed version of the

Newcastle-Ottawa Scale, which appraises for sample representativeness and size,

participation rate, statistical quality, and ascertainment of diagnosis (Mata et al.,

2015; Stang, 2010). I selected this version of the scale as it was speci�cally adapted

for systematic reviews of prevalence in the context of investigating PTSD amongst

people in prison (Baranyi et al., 2018). The potential total score ranged from 0 to

6 points. Studies with a score of 0 to 2 points was considered low quality, 3 to 4

points was considered medium, and 5 to 6 points high quality (Appendix A.1).

2.2.6 Statistical analysis

Statistical model for meta-analysis

Typically, meta-analyses are used to evaluate the e�ect of interventions; however,

they can also be undertaken to determine disease frequency estimates, expressed in

terms of incidence or prevalence. Prevalence is understood as the number of cases

of a disease in a population during a speci�c time frame, divided by the population

number (Barendregt et al., 2013). Common statistical models for meta-analysis are

the �xed-e�ect and the random-e�ects models. The former holds the assumption

that one true e�ect size underlies all included studies, meaning that these stem

from a single, homogeneous population (Harrer et al., 2021; Nikolakopoulou et al.,

2014). Thereby, any di�erences in observed e�ects are expected to result from

sampling error (Harrer et al., 2021). Conversely, a distribution of true e�ect sizes

is expected in the latter, and thus both within-study estimation error variance

and between-studies variance are considered (Borenstein et al., 2010; Higgins &

Green, 2019). In this review, random-e�ects meta-analysis was conducted using

the DerSimonian and Laird method to calculate pooled prevalence of each mental

disorder, given that heterogeneity was high amongst studies (DerSimonian & Laird,

1986). This method was preferred to others as it does necessitate the assumption

of normality for the random e�ect (Jackson et al., 2010).
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A drawback of the random-e�ects model is that it tends to assign similar weights

to all studies, regardless of their sample size (Borenstein et al., 2010). To account

for this issue, I aggregated smaller studies, for which the sample size was fewer

than 100 individuals. For these small studies, prevalences reported in the text were

from the nonaggregated data, whereas the �gures were generated using results from

the aggregated data. The Poisson distribution was used to obtain 95% con�dence

intervals as the main outcomes (prevalences of mental disorders) were rare (Lilienfeld

et al., 1994). Two studies (Mitchell & Shaw, 2011; Robertson & Husain, 2001),

for which the prevalence of psychotic illnesses was zero were imputed according

to standard methods (i.e. con�dence intervals were calculated using �3� as the

numerator and the real population size as the denominator) (Paoli et al., 2002).

Between-study heterogeneity

I reported the Cochran Q and I 2 statistic to indicate the proportion of total

variability due to between-study heterogeneity. Cochran'sQ represents the weighted

sum of squares, whereby residuals are squared, weighted, and then added together

to determine the extent to which individual e�ects di�er from the summary e�ect.

The I 2 is derived from Cochran'sQ, and it quanti�es the e�ect size variability that

is not attributable to sampling error (Harrer et al., 2021). In line with current

guidelines, heterogeneity was considered to be low whenI 2 ranges from 0 to 40%;

moderate from 30% to 60%; substantial from 50% to 90%; and considerable from

75% to 100% (Higgins & Green, 2019). I selected these two measures to assess

and report between-study heterogeneity for their complementary bene�ts; whilst

the Q is in�uenced by the number of studies, theI 2 is less sensitive to changes in

statistical power. Moreover, these heterogeneity statistics were preferred to other

measures, including theH 2, � or � 2, for their increased interpretability (Harrer

et al., 2021; Higgins & Green, 2019).

In�uence analysis was utilised to identify any in�uential studies, which would

exert a disproportionate in�uence on overall estimates. I used the Leave-One-Out
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method, by which pooled estimates of the meta-analysis are recomputed� times,

each time omitting one study (Borenstein et al., 2010; Harrer et al., 2021).

Subgroup analyses and meta-regression

I also conducted subgroup analyses and meta-regression to explore source of

heterogeneity on a range of study characteristics (year of publication [� 2006

versus > 2006], gender [male versus female], mean age [both as a continuous and

dichotomous variable; � 15 or > 15 years], sample size [both as a continuous

and dichotomous variable;� 250 versus > 250 adolescents], study origin [United

States versus elsewhere], instrument [Diagnostic Interview Schedule for Children

(DISC) versus another instrument], diagnostic criteria [International Classi�cation of

Diseases (ICD) versus Diagnostic and Statistical Manual of Mental Disorders (DSM)],

interviewer [psychiatrist versus non-psychiatrist], sampling strategy [strati�ed/non

strati�ed random versus consecutive/complete] and study quality score [both

as a continuous and dichotomous variable; high quality studies versus low and

medium quality studies]). I �rst conducted univariate meta-regression, followed by

multivariable analysis including factors that reached statistical signi�cance (set at

p < .05) in the univariate models. To test group di�erences, subgroup analyses

were conducted on all dichotomous variables.

Sensitivity analysis

Approaches to investigate potential publication bias were two-fold. First, funnel

plots were generated for visual examination of asymmetry, according to which

the e�ect sizes of interest (prevalence, in this case) were plotted against their

standard errors (Lin & Chu, 2018). In the absence of reporting bias, the precision

of estimated e�ects is expected to increase with study size, and the funnel plot

should be symmetrically shaped and inverted. Conversely, funnel plot asymmetry

occurs in the presence of small-study e�ects, which can result from a variety of

causes, including publication bias (Higgins & Green, 2019). Small-study e�ects

relate to the likelihood that small studies will report greater bene�cial e�ects than

large studies (Sterne & Egger, 2001). I also performed Egger's regression test
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to quantitatively assess for signi�cant small-study e�ects, which would thereby

potentially suggest the presence of publication bias (Egger et al., 1997). Peter's

regression test would not have been appropriate in this context, as it is speci�cally

aimed at binary e�ect size data (Peters et al., 2006).

There are also additional methods of evaluating and controlling for publication

bias including the Duval & Tweedie trim-and-�ll procedure, PET-PEESE, limit

meta-analysis,p-curve and selection models (Harrer et al., 2021). However, no

technique to date has shown consistent performance bene�ts when compared to

others (Carter et al., 2019; Harrer et al., 2021). Thus, current best practice involves

the combination of multiple methods for publication bias (Harrer et al., 2021),

which is the approach that I adopted in this meta-analysis. More broadly, I also

aimed to counteract potential publication bias in the earlier stages of the review

process by actively searching for grey and unpublished literature, such as preprints,

dissertations and governmental reports. Such strategy is more e�ective in accounting

for publication bias than any of the aforementioned statistical methods (Harrer

et al., 2021). All analyses were done using Stata statistical software, version 17

using metan and metareg commands (StataCorp, 2017). Ap value of less than

.05 was considered statistically signi�cant.

2.3 Results

I identi�ed 47 studies (46 di�erent samples) from 19 di�erent countries. Through

the updated search, I found 22 new surveys. Two studies (Abram et al., 2004;

Teplin et al., 2002), were based on the same sample, which provided data for

di�erent outcomes. The 47 studies included a total of 32,787 adolescents (28,033

male and 4,754 female adolescents [15%]) of whom the mean age was 16 years

(range 10�19 years). Eighteen studies were from the United States (n = 28,018,

[86%]), six from the United Kingdom (n = 1,145), three from Canada (n = 408),

two each from Australia (n = 384), Brazil (n = 143), Russia (n = 740), and the

Netherlands (n = 416), and one each from Austria (n = 259), Belgium (n = 245),

China (n = 232), Denmark (n = 100), Germany (n = 38), Iran ( n = 100), Japan
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(n = 48), Malaysia (n = 105), Norway (n = 40), South Korea (n = 173), Spain

(n = 35), and Switzerland (n = 158). These surveys were conducted using a

range of sampling strategies: consecutive recruitment of participants (n = 14,768),

strati�ed-random sampling (n = 3,272), simple random sampling (n = 1,432), and

complete sampling (n = 12,980). Three studies (n = 335) did not report on their

sampling method. Response rates were reported in 38 studies, and only seven of

them (n = 1,317) were less than or equal to 75%. Interviews were conducted using

the following instruments: 12 used the Diagnostic Interview Schedule for Children

and Adolescents, and 14 used the Schedule for A�ective Disorders for School-Age

Children, Present, Lifetime or Epidemiologic Version, whilst the other surveys

employed the Diagnostic Interview for Children and Adolescents, the Research

Diagnostic Criteria for Depression, the Adolescent Psychopathology Scale and

Juvenile Detention Interview, the Practical Adolescent Dual Diagnostic Interview,

the Salford Needs Assessment Schedule for Adolescents, the Mini-International

Neuropsychiatric Interview for Children and Adolescents, the Structured Clinical

Interview for DSM-IV Axis I, II and Personality, the Clinician-Administered PTSD

Scale from DSM-IV, or a semi-structured interview. Most reported diagnoses were

assigned using DSM criteria. However, one study provided ICD-10 diagnoses, whilst

others combined both DSM and ICD-10 diagnoses. The diagnostic interviews were

mostly conducted by psychiatrists, clinical psychologists, researchers and research

assistants, or teams with diverse backgrounds. Most studies reported the types

of o�ences and in accordance with previous research (Fazel, Hayes, et al., 2016),

I calculated the proportion of adolescents who committed violent o�ences, which

ranged from 6.0% to 86.0%. These study characteristics are also detailed in Table 2.1.

2.3.1 Psychotic illnesses

Twenty-one studies, comprising 27,801 adolescents, reported prevalence of psychotic

illness. Overall, 683 of 24,261 male adolescents were diagnosed with a current

psychotic disorder (random-e�ects pooled prevalence 2.7%; 95% CI 2.0%�3.4%

[Figure 2.2]). There was substantial heterogeneity between surveys (� 2
17 = 71,
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Figure 2.2: Prevalence of current psychotic illnesses amongst incarcerated male and
female adolescents. Sample weights are from random-e�ects analyses. Error bars represent
prevalence 95% Con�dence Intervals (CI). Smaller studies (n < 100) were aggregated.

p < .001; I 2 = 76%). Amongst the female adolescents, 105 of 3540 individuals

were diagnosed with a current psychotic disorder (random-e�ects pooled prevalence

2.9%; 95% CI 2.4%�3.5%). Heterogeneity between studies was low (� 2
10 = 5,

p = .916; I 2 = 0%). I found no associations between study characteristics and

prevalence estimates in meta-regression.

2.3.2 Major depression

I identi�ed 33 studies on major depression in 18,861 adolescents. Overall, 1753

of 15,881 male adolescents (random-e�ects pooled prevalence 10.1%; 95% CI

8.1%�12.2% [Figure 2.3]) and 774 of 2,980 female adolescents (25.8%; 95% CI

20.3%�31.3%) had a current major depression. There was considerable heterogeneity

amongst both male samples (� 2
29 = 339, p < .001; I 2 = 91%) and female samples

(� 2
17 = 159, p < .001; I 2 = 89%). meta-regression suggested that both gender and

study quality were associated with heterogeneity amongst studies. Male adolescents
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Figure 2.3: Prevalence of current major depression amongst incarcerated male and
female adolescents. Sample weights are from random-e�ects analyses. Error bars represent
prevalence 95% Con�dence Intervals (CI). Smaller studies (n < 100) were aggregated.

(� = -.14, SE = .032; p < .001) and studies with higher quality scores (� = -.08,

SE = .036; p = .040) reporter lower prevalence.

2.3.3 ADHD

I identi�ed 27 papers reporting on ADHD amongst 28,749 juveniles in custody.

Overall, 4,951 of 24,824 male adolescents (random-e�ects pooled prevalence 17.3%;

95% CI 13.9%�20.7% [Figure 2.4]) and 836 of 3,925 female adolescents were diagnosed

with current ADHD (17.5%; 95% CI 12.1%�22.9%). Heterogeneity was high for

male (� 2
23 = 824, p < .001; I 2 = 97%) and female samples (� 2

12 = 179, p < .001;

I 2 = 93%). meta-regression suggested that heterogeneity was partly explained by

the publication year (studies published after 2006 reporting a higher prevalence:

� = .08, SE = .04; p = .03). In subgroup analyses, the pooled estimate of prevalence

of studies published after 2006 was 20.4% (95% CI 17.4%�23.3%) compared to

13.6% (95% CI 8.4%�18.7%) before 2006.
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Figure 2.4: Prevalence of current attention-de�cit/hyperactivity disorder (ADHD)
amongst incarcerated male and female adolescents. Sample weights are from random-
e�ects analyses. Error bars represent prevalence 95% Con�dence Intervals (CI). Smaller
studies (n < 100) were aggregated.

2.3.4 Conduct disorder

I identi�ed 31 studies on conduct disorder in 28,846 juveniles. Overall, 18,042

of 25,184 male adolescents (random-e�ects pooled prevalence 61.7%; 95% CI

55.4%�67.9% [Figure 2.5]) and 2,226 of 3,662 female adolescents (59.0%; 95%

CI 44.9%�73.1%) had a diagnosis of any lifetime conduct disorder. Considerable

heterogeneity was observed in male (� 2
28 = 2664, p < .001; I 2 = 99%) and female

samples (� 2
12 = 1127, p < .001; I 2 = 99%).

In meta-regression, studies published after 2006 (� = .19, SE = .07; p = .006)

and those with older participants (� = .12, SE = .05; p = .013) had higher

prevalences. I also found lower prevalences of conduct disorder where the DISC was

used (� = -.22, SE = .07; p = .004). None of these variables remained signi�cant

in multivariable meta-regression.
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Figure 2.5: Prevalence of any lifetime conduct disorder amongst incarcerated male and
female adolescents. Sample weights are from random-e�ects analyses. Error bars represent
prevalence 95% Con�dence Intervals (CI). Smaller studies (n < 100) were aggregated.

2.3.5 PTSD

Twenty-one studies reported on PTSD in detained adolescents. Amongst 14,260

male adolescents, 832 (random-e�ects pooled prevalence 8.6%; 95% CI 6.4%�10.7%

[Figure 2.6]) and 334 of 1,876 female adolescents (18.2%; 95% CI 13.1%�23.2%) were

diagnosed with current PTSD with heterogeneity in male (� 2
19 = 250, p < .001;

I 2 = 92%) and female samples (� 2
9 = 41, p < .001; I 2 = 78%). Gender was the

only factor associated with heterogeneity in meta-regression (male adolescents had

a lower prevalence:� = -.10, SE = .04; p = .01).

2.3.6 Heterogeneity analyses

Figures 2.2�2.6 present gender-speci�c prevalence estimates. Table 2.2 presents

the results from the meta-regression analyses assessing sample characteristics as

possible sources of heterogeneity between studies. In�uence analysis, which was
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Figure 2.6: Prevalence of current posttraumatic stress disorder (PTSD) among
incarcerated male and female adolescents. Sample weights are from random-e�ects
analyses. Error bars represent prevalence 95% Con�dence Intervals (CI). Smaller studies
(n < 100) were aggregated.

performed by omitting one study at a time, revealed no e�ect. Egger's regression

test showed publication bias in surveys reporting prevalence of conduct disorder

(t = -4.98, p = .03) and PTSD (t = 2.32, p = .02), both in male adolescents

(see Appendix A; Figures A.1�A.10).

2.4 Discussion

In this chapter, I compiled and synthesised the existing evidence on the prevalence

of mental disorders amongst adolescents in juvenile detention and correctional

facilities. Forty-seven studies with 32,787 adolescents from 19 di�erent countries

were identi�ed in this updated systematic review. I doubled the number of primary

studies compared to a 2008 systematic review (Fazel, Doll, et al., 2008). Moreover, I

broadened the scope of search from the previous review by adding a new psychiatric

diagnosis (PTSD) and more carefully analysed heterogeneity. The prevalence
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estimates con�rm high levels of mental disorders in detained adolescents. The two

commonest treatable disorders in male adolescents were depression (about 1 in

10) and ADHD (about 1 in 5). In the female adolescents, approximately 1 in 4

had depression, and 1 in 5 had PTSD. I found higher prevalences of depression

and PTSD in girls in custody compared with boys.

2.4.1 Main �ndings

The review suggests that mental disorders are substantially more common among de-

tained adolescents in comparison to general population counterparts. Approximately

3% of detained adolescents were diagnosed with a current psychotic illness, a tenfold

increase compared to age-equivalent individuals in the general population (Costello

et al., 2005; Kirkbride et al., 2006). Higher rates of current major depression were

found in both male (10%) and female adolescents (26%) in comparison to the

general adolescent population (5% and 11% respectively) (Avenevoli et al., 2015).

About one out of �ve detained adolescents had ADHD, compared to one out of ten

adolescents in the general population (Visser et al., 2014). Nearly two thirds of

detained adolescents were diagnosed with any lifetime conduct disorder whereas the

estimated lifetime rate of conduct disorder in US adolescents is approximately 10%

(Nock et al., 2006). In addition, adolescents in detention also had higher rates of

PTSD than those in the general population, 9% versus 2% in male adolescents and

18% versus 8% in female adolescents (Merikangas et al., 2010). These di�erences

underscore the large burden of psychiatric morbidity in detained adolescents.

Apart from higher prevalence than the general population, the prevalence esti-

mates of mental disorders in adolescent juvenile detention and correctional facilities

were also di�erent from those found in adult prison populations. Psychotic illnesses

and major depression appear to be more prevalent in adult prison populations

than in adolescents custodial populations (Fazel & Seewald, 2012). The prevalence

estimates for PTSD are similar in both groups (Baranyi et al., 2018). These

comparisons imply that the mental health needs of detained adolescents could be
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di�erent from those of adult prisoners and may require separate and speci�cally

targeted programs to meet these needs.

The prevalences for ADHD and conduct disorder are higher than in the initial

2008 review. Regarding ADHD, this upward trend may be speci�c to detained

adolescents, as ADHD diagnoses in general population youth have not increased

when standardized diagnostic methods are used (Polanczyk et al., 2014). There

are two possible explanations for this �nding. First, increased prevalence could

result from increased awareness of ADHD symptoms amongst health professionals

working in custodial services. That is, the true prevalence of these disorders remains

unchanged, but clinicians might be identifying them more accurately. Second,

higher prevalence may result from improved identi�cation of high risk adolescents

over time. Some individuals with ADHD and conduct disorders, whom previously

might not be identi�ed are more likely to be selected for placement in custodial

correctional facilities due to improved identi�cation of these disorders over time.

Another main �nding was the higher prevalence of major depression and PTSD

in female detained adolescents compared to their male counterparts. These results

are consistent with those from adult prison samples (Baranyi et al., 2018; Fazel

& Seewald, 2012; Komarovskaya et al., 2011), and also the general population,

military personnel, and terror attack survivors (Cyranowski et al., 2000; Luxton

et al., 2010; Parker & Brotchie, 2010). However, the explanations for this speci�c

to incarcerated youth are not clear. Female juvenile delinquency may be more

strongly associated with �internalizing� mental disorders than in male adolescents,

or girls might be more vulnerable to adverse and traumatic experiences related to

an antisocial lifestyle either within or outside the detention centers.

Finally, the funnel plot results suggest publication bias in male adolescents;

towards lower prevalence for conduct disorder and towards higher prevalence for

PTSD. This could be due to the increased attention that trauma theory has received

as a putative causal mechanism for juvenile criminality. In contrast, a highly

prevalent descriptive diagnosis such as conduct disorder might be perceived as
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less useful for etiologic understanding, treatment planning and primary prevention

regarding juvenile delinquency.

2.4.2 Implications

Based on the �ndings of this updated review, there is no pressing need for conducting

more primary prevalence studies, especially in high-income countries, considering

that the evidence base is quite large and with most prevalence estimates remaining

stable over time. However, these disproportionate �gures reinforce the importance

of systematic mental health screening and linkage to e�ective pharmacological and

psychological treatments upon arrival to custody. Hence, future research could move

to treatment and interventions in custodial settings, and investigate modi�able risk

factors for adverse outcomes within custody such as self-harm and violence that may

be associated with mental health problems. To date, the evidence on psychiatric

disorders and violence amongst youth released from detention is limited to a single

study (Elkington et al., 2015), which showed that only SUD predicted subsequent

violence, thus suggesting an age-dependent relationship between psychiatric disorders

and violence (Whiting, Gulati, et al., 2021; Whiting, Lichtenstein, et al., 2021).

E�ective treatment will likely improve prognosis and reduce suicidality, violence,

and reo�ending risk (Wibbelink et al., 2017).

2.4.3 Strengths and limitations

The strengths of this chapter include: overall adherence to PRISMA/MOOSE

guidance, prespeci�ed, transparent and reproducible methods (see PROSPERO

protocol), a comprehensive search strategy, and detailed assessment of the method-

ological quality of individual studies, between-study heterogeneity (using subgroup

analyses and meta-regression), and publication bias. Nonetheless, some limitations

should be noted. First, due to discrepancies in how substance use disorder and

other mental disorders were classi�ed between studies, it was not possible to reliably

examine psychiatric comorbidity. As adolescents who su�er from comorbid disorders
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generally present an elevated criminogenic risk, future research on comorbidity is

needed (Colins et al., 2011; Lindblad et al., 2015; Teplin et al., 2002).

Second, there were no su�cient data on the type of facilities (pretrial versus

post-sentencing; short-term versus long-term) where youth were detained. Therefore,

I could not explore whether this variable was associated with heterogeneity. Future

studies should consider reporting this information on juvenile justice facilities.

Third, my analyses were solely based on formal diagnoses of mental disorders,

according to the DSM and ICD which provide standard ways of communication

between mental health professionals. However, I did not report on subthreshold

psychiatric symptomatology, which future work could examine, as these individuals

could bene�t from preventative programs. An additional limitation from this

review is that, the quality appraisal scale was not speci�cally designed for the

purpose of prison prevalence studies, and therefore some of the scoring made

assumptions that need further examination (including a lower score for interviews

conducted by lay persons using standardized measures versus unstructured clinical

interviews conducted by psychiatrists or psychologists, although most of the latter

also used standardized tools).

Further, there were high levels of between-study heterogeneity. This is expected

due to the di�erences in jurisdictions about who they detain, availability and

e�ectiveness of health care services, and prison environments. Therefore, further

work could examine prevalence rates longitudinally in the same individuals to study

trends over time. Moreover, I primarily used US general population data as a

point of comparison for the calculated pooled prevalences due to similar diagnostic

instruments, age ranges and prevalence periods (Avenevoli et al., 2015; Merikangas

et al., 2010; Nock et al., 2006; Visser et al., 2014). Nevertheless, as worldwide

rates di�er, including for ADHD between high-income countries, prevalences should

be interpreted in relation to national or regional general population prevalences.

Finally, it was notable that all included studies were conducted in high- and

upper middle-income countries despite the global search. Determining whether

new research in other countries is required will need to be balanced by information
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in this review, local needs, and whether such research can be linked to improved

services. Region-speci�c reviews with search strategies adapted to re�ect local

terminology could be undertaken to broaden the evidence and obtain prevalence

estimates that are representative of LMICs (Atilola, 2021). As such, Atilola et al.,

2020 have since conducted a systematic scoping review of the psychiatric morbidity

amongst justice-involved adolescents in sub-Saharan Africa using speci�c search

terms (e.g. borstal), in which they identi�ed 26 relevant studies (none of which

met the inclusion criteria for this review).

2.5 Conclusion

2.5.1 What this chapter adds

This empirical chapter aimed to address the �rst research question of my thesis, as

outlined in Chapter 1. I systematically reviewed and updated the scienti�c literature

on the prevalence of mental disorders in detained adolescents, and con�rmed high

rates in this key subgroup of the global prison population. Overall trends in

prevalence estimates have remained relatively stable over time (Fazel, Doll, et al.,

2008), and results re�ect the di�erential prevalence of treatable mental disorders by

gender and population group (adolescents vs. adults who experience incarceration)

(Fazel, Hayes, et al., 2016). The �ndings underscore the importance of equitable

access to tailored mental health services and e�ective treatment for justice-involved

youth. Such treatment will likely improve prognosis of this population, almost all

of whom will reenter the community, decrease their risk of repeat o�ending, and

reduce the substantial social and �nancial costs related to imprisonment (Cuellar

et al., 2004). Taken in the broader context of this thesis, this review provides clear

evidence of high rates of treatable mental disorders in prisons and other closed

settings. These are associated with poor outcomes on release, including violent

reo�ending (see Chapter 1). In the next three chapters of my thesis, I will address

how to best improve the assessment of recidivism risk and what treatments can

be implemented at scale to reduce this risk.
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2.5.2 Next chapter

The two subsequent chapters revolve around the potential generalisability of an

existing violence risk assessment tool (OxRec) to new settings. In Chapters 3 and

4, I will directly address the second research question of this thesis, by investigating

whether a violence prediction model �rst developed in Sweden is applicable to

Tajikistan (an LMIC) and England (another HIC) based on predictive validity.



This chapter is adapted from:

Beaudry, G., Yu, R., Alaei, A., Alaei, K., & Fazel, S.
(2022). Predicting violent reo�ending is individuals
released from prison in a lower-middle-income coun-
try: a validation of OxRec in Tajikistan. Frontiers in
Psychiatry, 13(805141), 1�9.

3
OxRec external validation in Tajikistan

Contents

3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . 59
3.2 Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

3.2.1 Ethical approval . . . . . . . . . . . . . . . . . . . . . . 60
3.2.2 Study design . . . . . . . . . . . . . . . . . . . . . . . . 60
3.2.3 Participants . . . . . . . . . . . . . . . . . . . . . . . . . 60
3.2.4 Outcome and predictors . . . . . . . . . . . . . . . . . . 62
3.2.5 Sample size . . . . . . . . . . . . . . . . . . . . . . . . . 63
3.2.6 Missing data . . . . . . . . . . . . . . . . . . . . . . . . 63
3.2.7 Statistical analysis . . . . . . . . . . . . . . . . . . . . . 64
3.2.8 Model performance . . . . . . . . . . . . . . . . . . . . . 67
3.2.9 Model updating . . . . . . . . . . . . . . . . . . . . . . . 68

3.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69
3.3.1 Participants . . . . . . . . . . . . . . . . . . . . . . . . . 69
3.3.2 Model performance and updating . . . . . . . . . . . . . 70

3.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
3.4.1 Main �ndings . . . . . . . . . . . . . . . . . . . . . . . . 74
3.4.2 Implications . . . . . . . . . . . . . . . . . . . . . . . . . 76
3.4.3 Strengths and limitations . . . . . . . . . . . . . . . . . 77

3.5 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 78
3.5.1 What this chapter adds . . . . . . . . . . . . . . . . . . 78
3.5.2 Next chapter . . . . . . . . . . . . . . . . . . . . . . . . 79

58



3. OxRec external validation in Tajikistan 59

3.1 Introduction

In previous chapters, I have established that violent reo�ending amongst people

released from prison is a form of predictable and preventable interpersonal violence.

I have discussed various risk factors of this public health issue, as well as its

wider repercussions for society (see Chapter 1). Chapter 2 found that mental

disorders, which are associated with violent reo�ending in this population, are

particularly prevalent in detained adolescents compared with general population

counterparts of similar age. Findings from this chapter also highlighted the

di�erential prevalence distribution of some mental disorders between the adult

and adolescent prison population.

Whilst it is clear that access to mental health care services remains scarce

and di�cult for people in prison, and that psychological interventions delivered in

these settings require improvement, there is also a need for more evidence-based

allocation of existing limited resources. As described in Chapter 1, implementing

risk strati�cation approaches may help to optimise resource allocation in custodial

settings. Yet, most prediction models that incorporate multiple predictors to

identify individuals at risk of violent reo�ending present signi�cant limitations.

Almost all have been developed without predetermined protocols, do not report a

range of recommended performance measures, and rarely include modi�able risk

factors (Fazel, 2019; Fazel, Chang, et al., 2016). Moreover, violence risk assessment

tools are seldom externally validated in new populations (and countries) to assess

their predictive performance (Siontis et al., 2015)�and this is especially true in

LMIC settings. Thus, it is not known whether these tools are applicable to LMICs,

given potential di�erences in e�ects of risk factors and base rates of reo�ending

in various countries (Yukhnenko et al., 2019).

More broadly, despite the fact that more than two thirds of the global prison

population live in LMICs (Fair & Walmsley, 2021), the majority of prison health

research has been based on data from HICs. Conducting research in prisons is key

to addressing public health challenges in these populations, such as mental health,

substance misuse and infectious diseases (Ako et al., 2020)�all of which have direct
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and indirect e�ects on violence perpetration. Yet, such e�orts are met with many

challenges, from funding to operational constraints (Kouyoumdjian et al., 2015),

and evidence on people in prison in LMICs is limited (Gureje & Abdulmalik, 2019).

In this chapter, I report an external validation of the OxRec tool using data

from a prospective cohort study in Tajikistan. Tajikistan is the poorest country

in Central Asia, and one of the few LMICs in this region, with nearly 27% of the

population living in poverty (Asian Development Bank, 2021). Such a validation

could provide an approach to improve risk strati�cation and guide limited resource

allocation in this LMIC setting.

3.2 Methods

3.2.1 Ethical approval

Ethical approval for this validation study was obtained from the Institutional

Review Board (IRB) of the Tajikistan Prison Organization on August 8, 2019

and prior to my involvement in this research project. The study protocol is

presented in Appendix B.1.

3.2.2 Study design

This OxRec validation study was a prospective cohort study that included individuals

in prison. Enrolment took place at the two main gender-speci�c prisons of Tajikistan,

respectively located in the cities of Dushanbe (for men) and Vahdat (for women).

Collaborators based in Tajikistan identi�ed participants during two recruitment

phases. The �rst phase took place from August 2019 to December 2019, and

the second from January 2020 to March 2020. To investigate the risk of violent

reo�ending, participants were followed up from the date of their release until the

outcome �rst occurred or the end of the study (within 12 months).

3.2.3 Participants

All people in prison aged 18 years and older, set to be released within the next

six months (regardless of their index crime or the length of their sentence), were
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eligible for recruitment. Prison sta� randomly selected eligible persons, with the

aim to recruit approximately 1000 individuals. Following this, eligible people in

prison were asked whether they wanted to take part in the study. Participation

was voluntary. Oral informed consent was obtained from each study participant

in keeping with recommended practice in Tajikistan.

The data were collected by trained research sta� using structured interviews and

criminal records based on predetermined variables. The questionnaire comprised

of 44 questions grouped into three distinct categories (i.e. risk assessment tool

[OxRec], General Health Questionnaire [GHQ-12], and Self-Reporting Questionnaire

[SRQ-20]). The GHQ-12 was produced by a private entity, and as a result, it is

protected by copyright. By contrast, the SRQ-20 was developed by the WHO and

thereby no copyright fees are associated with its use (Das-Munshi et al., 2020).

The reason for selecting the GHQ-12/SRQ-20 to identify mental disorders was to

provide a feasible, time-e�cient and cost-e�ective screening procedure for future

implementation in LMICs, where there are often a shortage of specialist mental

health professionals (Anjara et al., 2020). The questionnaire was �rst developed in

English, and then translated into Tajik and Russian for the purpose of this study.

The accuracy of the translation was veri�ed by an independent bilingual expert.

The questionnaire was the basis for the structured interviews. All interviewers

were experienced clinical health care professionals from Tajikistan's Department

of Health and Prison Organisation who had not previously worked in the two

selected prisons. They received training and supervision throughout the data

collection process from the Institute for International Health and Education (IIHE).

Participants were interviewed individually in the language of their choice�their

native language being either Tajik or Russian�and interviews lasted approximately

an hour. Results were recorded manually on paper, and then transferred into an

anonymised and protected Excel �le. Each participant was attributed a unique

identi�cation code, allowing for questionnaire data to be linked with recidivism

data at the end of the study period.
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3.2.4 Outcome and predictors

I de�ned the predictor and outcome variables in accordance with the original OxRec

study (see Chapter 1). In the derivation study, predictors were modelled based on

routinely collected data in national linked registers from Sweden (Fazel, Chang,

et al., 2016). Therefore, some operationalisation modi�cations were required to

ensure that the OxRec tool was adapted to the local context (see Appendix B

Table B.1). Speci�cally, employment status was expanded to include Tajik labour

migrants considering that labour migration is common in Tajikistan (predominantly

to Uzbekistan and Russia). For disposable income, previous categories based on

percentile points of the Swedish income distribution (i.e. negative, zero, low [< 20th

percentile], medium [20�80th percentile] and high [> 80th percentile]) were adjusted

to better re�ect the structure of LMIC economies. As census data on personal

income was unavailable, I used the self-reported monthly gross salary to create two

new categories: low (below or equal to the international extreme poverty line for

LMICs as speci�ed by the World Bank; 1.90 US dollars per person per day) vs. stable

(above this line). There was no readily available data on psychiatric history in the

form of ICD or DSM diagnostic codes, and thus I relied on self-reported information

on alcohol and drug consumption during the past 12 months as a proxy for diagnosis

of substance use disorders. As for other mental disorders (excluding substance use

disorders), these predictors were assessed using the GHQ-12 and the SRQ-20. A

total score of 21 or more on the GHQ-12 was considered as the appropriate threshold

for any mental disorder, whereas a total score of 16 or more on the SRQ-20 was

taken as being consistent with any severe mental disorder. These cut-o�s were based

on the prevalence of these predictors in the development study, as there are currently

no reliable prevalence estimates of psychiatric morbidity in Tajikistan. I used two

distinct tools to reduce the chance of collinearity amongst predictor variables and

to ensure that the predictive properties of the OxRec model were retained.

The primary outcome was violent reo�ending within one year of release from

prison. I could not evaluate reo�ending outcomes at two years due to lack of

su�cient follow-up data at the time of conducting analyses. Any crime relating
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to interpersonal violence (including sexual o�ences, robbery, illegal threats and

intimidation) for which the sentence resulted in imprisonment, was de�ned as violent.

This di�ered from the model development in that violent reo�ending was previously

measured using conviction data, but this was not possible here. The reason for this

being that I did not have access to individual-level data on all convicted individuals

in Tajikistan during the study period, but rather only for those who received jail

or prison sentences. Time until reimprisonment was measured from the release

date onwards. Outcome data were retrieved from criminal records that include

information from both police departments and correctional facilities in Tajikistan

(i.e. detention centres [`sizo'] and prisons).

3.2.5 Sample size

I assumed a 10% violent reo�ending rate for the sample size calculation in keeping

with the risk cut-o� used in the original derivation study (Fazel, Chang, et al.,

2016). The e�ective sample size was determined by the rule of thumb of 100

events or nonevents (whichever being less frequent) required to detect substantial

di�erences in prognostic model performance (Collins et al., 2016; Harrell et al.,

1996; Steyerberg, 2018; Vergouwe et al., 2005). This benchmark can be used in

lieu of formal sample size calculations, as these are not necessary for external

validation studies. However, a systematic review from 2014 found that 46% of

external validation studies published in core clinical journals had an inadequate

sample size (and number of events) (Collins et al., 2014). Thus, in this particular

study, the targeted minimal sample size was 1,000 individuals released from prison

to ensure that at least 100 recurring violent crime events would be recorded.

3.2.6 Missing data

Missing data are of signi�cant concern in prediction modelling research (and medical

scienti�c research more broadly) and identifying the underlying mechanism of

missing values of predictors is crucial for selecting appropriate missing data methods

(Steyerberg, 2009). Complete-case analysis�whereby individuals with any missing
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value on covariates or the outcome are omitted�is not only ine�cient from a

statistical perspective, in that it leads to a decrease in sample size, but also impacts

on analysis accuracy, often resulting in bias. Despite this, Collins et al. (2014)

found that this simple method was widely employed amongst validation studies.

Some degree of missingness is to be expected when validating a model in a di�erent

geographical setting, and this usually requires more advanced imputation methods,

such as multiple imputation. Further details on multiple imputation for deriving

prediction are described in the next chapter (Chapter 4).

As described above, due to considerable di�erences between the Tajik and

Swedish health care and criminal justice systems and issues pertaining to data

availability, some de�nitions required adaptation (Appendix B Table B.1). Moreover,

two predictors (i.e. immigrant status and neighbourhood deprivation) were entirely

omitted from this OxRec validation study as a result of being unavailable in

the Tajikistan data set. Considering that these are the two weakest predictors,

the impact of their omission on the estimated model performance was minimal

and reduced by imputation to deal with missingness. Therefore, I averaged out

these cohort-wide missing variables using mean imputation (i.e. assigning all

participants the average value from the derivation sample). There were no missing

data for individual participants on the remaining predictors, as indicated by the

�rst two methods.

3.2.7 Statistical analysis

External validation

There are particular challenges related to the validation of survival models, such

as censoring. Censoring occurs when there is incomplete information about an

individual's survival time or outcome. I applied administrative censoring (i.e. right-

censoring) at one year, and individuals who were censored before one year�as a

result of insu�cient follow-up duration or being lost to follow-up�were omitted

from subsequent model performance analyses. More advanced approaches to dealing
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with censored observations in Cox models have since been proposed (McLernon

et al., 2022), and should be considered for future validation studies.

In line with previous work (Royston & Altman, 2013; Steyerberg, 2009; Su

et al., 2018), I employed an incremental approach for validating models for time-to-

event data previously detailed in a validation study of OxRec in the Netherlands

(Fazel et al., 2019). Baseline characteristics of the validation cohort (Tajikistan)

were �rst compared to the derivation cohort (Sweden), using summary measures

(Table 3.1). If there were signi�cant di�erences in de�nitions, they were adapted to

the validation cohort, to improve usability, and thus future clinical utility in the

intended implementation context (i.e. Tajik sizos and prisons). I then calculated

the OxRec risk score for each participant using the following Cox proportional

hazards regression equation:

h(t) = h0(t)exp(� 1 � x1+ � 2 � x2+ :::+ � p � xp )

whereh(t) is the expected hazard at timet, h0(t) is the baseline hazard function

(often computed using the mean values of predictors) (Steyerberg, 2009), and� is the

regression coe�cient corresponding to each predictor, as denoted byx. The weighted

sum of the predictor variables in the model, where the weights are the regression

coe�cients, constitutes the linear predictor (or prognostic index) (Royston &

Altman, 2013). The values of the linear predictor (including the contribution of each

predictor to the OxRec model) and the baseline hazard function can be found in the

Supplementary appendix of the original derivation study (Fazel, Chang, et al., 2016).

For OxRec, the Cox regression model is used to estimate the relative hazard

of violent reo�ending amongst people released from prison. Whilst this semi-

parametric model is dependent on underlying assumptions such as the linearity and

additivity of predictors, similar to other statistical models, the most important one

relates to proportional hazards. The latter presupposes that the relative hazard

holds constant over time albeit varying predictor values (Kuitunen et al., 2021;

Royston & Altman, 2013). I tested for this assumption using both analytical and

graphical methods, with scaled Schoenfeld residuals and visual inspection of the
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Table 3.1: Baseline characteristics of the Tajik sample compared with those of the
Swedish sample

Variable
Tajik sample

(n = 970)
Swedish sample

(n = 37,100)

Sex

Male 846 (87%) 93%

Female 124 (13%) 7%

Age
Median 35 Median 36

IQR 28�43 IQR 27�46

Length of incarceration

< 6 months 701 (73%) 69%

6�12 months 47 (5%) 16%

12�24 months 64 (7%) 10%

� 24 months 158 (16%) 4%

Violent index o�ence 608 (63%) 38%

Previous violent crime 105 (11%) 53%

Civil status

Other 578 (60%) 35%

Unmarried 392 (40%) 65%

Education

< 9 years 57 (6%) 48%

9�11 years 784 (81%) 46%

� 12 years 129 (13%) 6%

Employment

Unemployed 345 (36%) 75%

Employed 625 (64%) 25%

Income

Low 423 (44%)
Negative � < 1%

Zero � 6%
Low � 53%

Stable 547 (56%)
Medium � 40%

High � 1%

Alcohol use 358 (37%) 22%

Drug use 84 (9%) 23%

Any mental disorder 470 (48%) 22%

Any severe mental disorder 44 (5%) 3%

Note. Data are median (IQR) or n (%). Income was calculated using the international
poverty line for low-income countries ($1.90 US per day).
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Kaplan-Meier curves (Grambsch & Therneau, 1994; Kaplan & Meier, 1958), and

found no clear violation. The Schoenfeld residuals could also have been plotted to

test model �t and identify covariate values that deviate from the norm. However,

one graphical approach was deemed to be su�cient in the absence of proportional

hazards assumption violation (Sestelo, 2017).

3.2.8 Model performance

Various measures were employed to assess the validated model performance in

terms of accuracy, discrimination and calibration. Accuracy is a measure of overall

performance which considers calibration and discrimination simultaneously. OxRec's

performance in the Tajikistan prison sample was quanti�ed using the Brier score,

whereby the model predictions are compared with the actual outcome (Steyerberg,

2009). In practice, the Brier score is the average mean squared di�erence between

these values, and can range from 0 (best performance) to 1 (worst performance)

(Steyerberg et al., 2010).

Discrimination refers to the model's ability to distinguish individuals with the

outcome of interest (i.e. violent o�ence after release from prison) from those without

this outcome (Steyerberg, 2009). In prediction models for survival outcomes,

this speci�cally relates to the capacity to di�erentiate between survival curves

for individuals or groups (Royston & Altman, 2013). To evaluate the model's

discrimination, the area under the receiver operating characteristic curve (AUC-

ROC) was used (Debray et al., 2015). The AUC takes values between 0.5 and 1,

and represents the probability that individuals who commit violent crimes will be

given a higher risk score than those who do not violently reo�end (Fazel, 2019).

The ROC curve is a graphical representation of the relationship between the true

positive rate (sensitivity) and the false positive rate (1 � speci�city) across a range

of classi�cation thresholds. It provides insight in identifying relevant cut-o� points

for implementing the tool in clinical practice (Florkowski, 2008).

I also calculated sensitivity, speci�city, positive and negative predictive values

(PPV and NPV) for various prespeci�ed risk thresholds to inform potential bene�ts
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(and harms) for intended management purposes. These measures relate to the tool's

ability to identify correctly individuals with (sensitivity) and without (speci�city)

violent reo�ending outcomes. Unlike the latter, PPV (the proportion of individuals

labelled as high risk who violently reo�end) and NPV (the proportion of individuals

labelled as low risk who do not violently reo�end) vary with the outcome prevalence

in a given sample (Fazel, 2019; Steyerberg, 2009).

Conversely, calibration indicates the extent to which predicted and observed

outcomes are in agreement, and is often underreported in validation studies

(Van Calster et al., 2019). This is exempli�ed in a review by Fazel, Burghart,

et al. (2022) on the predictive performance of sentencing risk tools that found

only two of the 36 included studies reported such information. In this validation

study, calibration was assessed by graphical inspection of the calibration plot,

and calculation of the calibration slope, CITL and the expected/observed (E/O)

ratio (Steyerberg, 2009). To generate the calibration curve, the predicted event

probabilities were plotted against the observed outcome frequencies for each risk

decile. The calibration slope assesses the predicted risk distribution; values of

< 1 and > 1 respectively suggest that risk estimates are either too extreme or

too moderate (Van Calster et al., 2019). CITL compares the average predicted

risk with the outcome incidence, thus indicating whether there is a systematic

underestimation/overestimation in predictions (Steyerberg & Vergouwe, 2014).

The E/O statistic measures the predicted number of events against the observed

number of events in the target population. This metric is useful to evaluate the

goodness-of-�t of the model, with a value of 1 indicating perfect calibration (Hanson,

2017). I report all performance metrics for each step of the validation process for

transparency and reproducibility purposes.

3.2.9 Model updating

Model updating was commensurate to the predictive performance of OxRec as

indicated by the above performance measures. First, I conducted simple validation,

by which OxRec was applied to the validation data from Tajikistan, using the
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baseline risk, regression coe�cients and linear predictor values calculated in the

derivation data. In the presence of inadequate calibration, two recalibration

approaches could be employed�the �rst being updating only the baseline risk, and

the second, updating both the baseline risk and recalibrating the model coe�cients

via a single multiplicative recalibration value. These two steps do not impact the

model's discriminative power, as they do not alter the relative e�ects of predictors

on the outcome (risk of violent reo�ending). Finally, individual parameters can

be re-estimated in the event of predictor e�ects in the validation sample which

diverge signi�cantly from that of the derivation sample, but this �nal step should

only be performed as a last resource. Speci�cally, this would involve re�tting to the

validation data the Cox model (from the derivation data) to recalculate the speci�c

regression coe�cients (Royston & Altman, 2013). If re-estimation was necessary

for multiple predictors, this could indicate the need for developing an entirely new

model, rather than validating the existing one (Steyerberg, 2009). Data analysis

was undertaken with Stata version 17 (StataCorp, 2017). Signi�cance was set at

a threshold ofp < .05. I reported the results and �ndings of this study according

to the TRIPOD statement (Collins et al., 2015).

3.3 Results

3.3.1 Participants

In this prospective multicentre study, 6,853 individuals were incarcerated, 2,225

of which were eligible, in two Tajik prisons between August 2019 and March 2020.

Approximately half were randomly selected (1,123 people in prison), and 1,003

provided consent for study participation. All participants had complete data on

the predictor items from the structured interview. Data on one-year post-release

outcomes was missing for 33 individuals, who were thereby censored. Thus, the

�nal validation sample included 970 people released from prison.

Compared with the Swedish derivation sample, the Tajik validation sample

showed large di�erences in most predictors, as indicated in Table 3.1. The Tajik

cohort included a higher proportion of female participants (13% in Tajikistan vs.
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7% in Sweden), individuals with formal education (at least high school; 94% vs.

52%) and employment (64% vs 25%). There were less unmarried Tajik individuals

than Swedish ones (40% vs 65%). Moreover, the distribution of the length of

incarceration was inverted, with shorter periods of detention being less prevalent

(< 1% in Tajik sample vs. 69% in Swedish sample [for less than 6 months]),

and conversely longer ones being more prevalent (85% vs. 4% [for more than 24

months]). Whilst the Tajik sample had a higher prevalence of a violent index

o�ence (63% vs. 38%), the proportion with previous violent crime convictions

was less in the former (8% vs. 53%).

The reo�ending rates also di�ered between the validation and derivation datasets.

Incidence of the primary outcome (i.e. violent reo�ending over the 1-year follow-

up) was similar in both cohorts (15% [or 144 people released from prison in

Tajikistan] vs 12% in Sweden). However, the rate of any reo�ending was considerably

lower amongst Tajik people released from prison (15% [147 individuals]) compared

with their Swedish counterparts (44%). As a result of these di�erences, I made

adaptations to the variable de�nitions prior to validating OxRec to account for

the prevalence of predictors (see Appendix B Table B.2).

3.3.2 Model performance and updating

In the unadjusted model (i.e. simple validation), OxRec had good overall discrim-

ination, with an AUC of 0.69 (95% CI 0.64�0.73). With regard to calibration,

the performance of the validation model was poor (CITL = 1.76; Slope = 0.88),

indicating an underestimation of risk across all risk deciles. That is, the expected

number of outcome events (with respect to the model's prediction) was lower

than the observed number of violent reo�ending, suggesting that the validation

model required recalibration.

Thus, I recalibrated the model as per study protocol, by which I updated

the baseline risk and calculated a single multiplicative recalibration value. After

adjusting the baseline risk and applying the recalibration value to the model, the

validation model showed good calibration (CITL = 0.11; Slope = 1.00). The
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new estimates for the recalibrated model (i.e. baseline risk and multiplicative

recalibration shape parameter) can be found in Table 3.2.

Moreover, I performed a selective re-estimation of coe�cients for a single

predictor (i.e. length of incarceration) to account for e�ect di�erence between

the development and validation populations. This step was necessary as rede�ning

the cut-o�s for length of incarceration (due to considerable di�erences in prevalence)

proved to be insu�cient, which suggested that regression coe�cients actually

di�ered between the two settings (Appendix B Table B.5). This di�erential e�ect

could be explained by the mass amnesty announced by the Tajik government in

October 2019, where most people in prison were granted an o�cial pardon, and

thus released prior to the end of their sentence.

The revised model discrimination was indicated by an AUC of 0.70 (95%

CI 0.65�0.75). Assuming a 15% risk cut-o� to maximise the sum of sensitivity

and speci�city (and minimise the likelihood of false positives and false negatives)

(Kaivanto, 2008), sensitivity was 60% (95% CI 0.52�0.68) and speci�city was

65% (95% CI 0.62�0.69), whilst positive and negative predictive values were 23%

(95% CI 0.19�0.28) and 90% (95% CI 0.88�0.93), respectively. This �nal model

had a calibration slope of 1.09, and CITL was null. Calibration plots and ROC

curves before and after model revision are shown in Appendix B Figure B.1,

and Figures 3.1 and 3.2, respectively. Performance measures for the updated

model are presented in Table 3.3.

3.4 Discussion

In this prospective cohort study of 970 people released from prison, I tested the

performance of a risk assessment tool (OxRec), for the primary outcome of violent

reo�ending. 15% of participants reo�ended within one year of release. OxRec showed

good discriminative ability with an AUC of 0.70 (95% CI, 0.65�0.75). Updating the

model resulted in good calibration (E:O = 1.00; CITL = 0.00; Slope = 1.09). To

the best of my knowledge, this study is the �rst to validate a structured violence

risk assessment tool in an LMIC.
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Figure 3.1: Calibration plot of the OxRec model performance in the Tajik cohort.
AUC = area under the curve; CITL = calibration in the large; E:O = ratio of expected

to observed outcomes.

3.4.1 Main �ndings

The observed performance of OxRec in this new setting indicated only a slight de-

crease in predictive performance, despite di�erences in social, cultural and economic

contexts. In Sweden, the AUC was 0.76 for the same outcome. Country-speci�c

variations, which tend to be particularly pronounced between HICs and LMICs,

may explain di�erences in the distribution of participant characteristics, and in turn

in�uence the performance of the model (Justice et al., 1999; Vergouwe et al., 2010).

The Tajik version of OxRec achieved similar levels of discriminative performance

to other common risk assessment tools, all of which were developed in HICs. A recent

systematic review of external validation studies of risk assessment tools for repeat

o�ending (Fazel, Burghart, et al., 2022), which included 33 studies with nearly

600,000 participants, reported AUCs that ranged from 0.57 to 0.75. Another review,

which focused on tools used in US-speci�c correctional settings to estimate recidivism
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Figure 3.2: Receiver-operating characteristic curve for performance of the OxRec model
in predicting violent reo�ending outcome in the Tajik cohort within one year of release

from prison. AUC = area under the curve; ROC = receiver operating characteristic
curve.

risk, found similar estimates of predictive validity (Desmarais et al., 2016). However,

included primary studies in these prior reviews failed to report key performance

measures, such as other discrimination statistics (i.e. true and false positives and

negatives) and calibration, which means more detailed comparisons with OxRec

are not possible. Solely using AUCs to summarise and compare the prognostic

accuracy of risk tools is uninformative, as it does not allow for the consideration of

false negative and false positive predictions, which vary across risk thresholds, some
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of which may not be clinically relevant (Halligan et al., 2015; Mallett et al., 2012).

The discriminative ability of OxRec in the Tajikistan cohort was similar to

that assessed in another OxRec validation study, which included both people in

prison and individuals on probation from the Netherlands, as measured by the AUC

(range 0.65�0.68 [for one and two-year violent reo�ending outcomes]). The tool

also required recalibration there, due to an overestimation of risk resulting from

a lower incidence of violent reo�ending (8% [Netherlands] vs 12% [Sweden]). The

�nding that the OxRec model replicated well in Tajikistan highlights the relevance

of known risk factors�previously tested in a HIC context�for violence reo�ending

in an LMIC setting. The modi�able risk factors included in OxRec, such as mental

illness and substance use disorders, are highly prevalent in people in LMIC prisons,

and re�ect considerable unmet mental-health needs (Mundt et al., 2018). Hence,

they could be directly targeted in intervention programmes for people released from

prison in resource-poor settings to reduce recidivism.

Furthermore, the missingness of two predictor variables (i.e. neighbourhood

deprivation and immigrant status), did not materially alter the model's predictive

performance. This �nding is unsurprising considering that they are the weakest

predictors (according to OxRec's risk factor weighting) (Fazel, Chang, et al., 2016).

Immigrant status was found to be protective for recidivism in the Swedish studies,

and therefore can be justi�ed on ethical reasons as it might mitigate possible

professional biases. However, the e�ect is likely to be di�erent in LMICs.

3.4.2 Implications

I have validated a scalable, feasible tool to predict future repeat violent crime in

people released from prison in a LMIC setting. With minor adjustments, including

a straightforward recalibration, the OxRec tool can provide an e�ective way of

identifying individuals at highest risk of violent reo�ending, and in turn prioritise

them for community interventions upon release from prison, such as substance

use clinics. Such tools are needed, particularly in Tajikistan where the prison

population is a�ected by the country's role in drug transit, which translates into
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high rates of injection drug use and related infections (i.e. HIV and tuberculosis)

(Winetsky et al., 2014). This also has relevance for LMICs more broadly, where

resources are limited due to low levels of investment in prison and community public

health services (Ako et al., 2020). Even when available, considerable barriers to

accessing resources exist for justice-involved individuals in LMICs, partly due to

fear of stigmatisation, lack of treatment in community settings and limited linkage

between services (Komalasari et al., 2021).

Moreover, the performance of OxRec in terms of obstacles to external validation,

such as outcome incidence, case-mix (i.e. population characteristics) and predictor

e�ects, highlights its potential generalisability to other LMIC settings. Future

research could investigate novel risk factors that might be unique to LMICs, although

this may involve the development of new models.

As there is a paucity of research on violence risk assessment in LMICs, this

study provides one approach. I would like to highlight several challenges to risk

prediction in LMICs, encountered in the process of testing the predictive ability of

OxRec in Tajikistan. These should be considered prior to undertaking subsequent

validations. Most assessment methods employed in HICs necessitate the involvement

of trained research professionals. However, such expertise is scarce and typically too

costly for LMIC settings (Rodriguez & Roehr, 2020). Prison health-care services in

LMICs are more than often under-resourced. This means that there is a lack of

resources for conducting research, and thus data collection, especially when this

involves a large number of predictors, given the absence of electronic records, or

even readily available registries (Tirupakuzhi Vijayaraghavan et al., 2020). Some

data are partially missing, or reported inconsistently, whilst others are simply not

available in LMICs (Hani�a et al., 2018). Therefore, substantial model adaptations

and re�nement are required during the validation process.

3.4.3 Strengths and limitations

This validation study has several strengths. I present key performance measures of

discrimination (i.e. true and false positives and negatives) for various risk thresholds,
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in addition to the AUC. Those are often overlooked in validation studies, despite

being important in terms of potential consequences for justice-involved individuals

and the wider society, as they are likely to inform decisions relating to rehabilitation

and public safety (Fazel et al., 2019). The study design is another strength.

Prospective cohort studies, as opposed to retrospective ones, o�er the advantage

of compiling more reliable information regarding exposures, confounders, and end

points, and allow for the estimation of outcome incidence (X. Wang & Kattan, 2020).

Some limitations should be noted. Several adaptations were made to variable

de�nitions, and two predictors, neighbourhood deprivation and immigrant status,

were omitted. I relied on self-reported information for variables relating to mental

illness and substance use disorders, which may introduce report bias especially in

LMICs due to stigma (Komalasari et al., 2021; Mascayano et al., 2015), whereas

diagnosed conditions were used in the development study. However, it was not

possible to rely on diagnoses in Tajikistan, and likely in other LMICs, due to the

relative lack of public health care services. Therefore, I determined cut-o� scores

for self-reported predictors bearing in mind re�ect prevalences in the development

sample. I could not stratify results by sex (as assigned at birth) as the number of

women included in the Tajik sample was insu�cient for a validation study.

Moreover, it was not possible to integrate the most recent recommendations on

the estimation of required sample size for the external validation of risk prediction

models for survival outcomes, as these were published after analyses were conducted.

Future validation studies should be devised using newly proposed sample size

estimators, given that these not only take into account outcome incidence, but also

model strength as measured by key calibration measures (i.e. AUC, calibration

slope and CITL) (Pavlou et al., 2021).

3.5 Conclusion

3.5.1 What this chapter adds

The contribution of this chapter to literature is two-fold. Firstly, I have established

that OxRec�a scalable risk assessment tool�could be used in Tajikistan and
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potentially other LMICs, to improve the consistency, transparency and accuracy

of risk assessment, and linkage to community services. Secondly, �ndings suggest

that existing risk prediction models for predicting repeat o�ending and violent

crime in justice-involved individuals, which have been developed and validated in

HICs, could be applicable in LMICs pending rigorous validation studies to ascertain

their transportability to these new settings. However, its relevance goes beyond

psychiatry and prison health research, as it provides another example of prediction

models developed in HICs that can be adapted to LMICs. This adds to successful

applications in other medical �elds, such as neurology (e.g. Stephan et al., 2020),

gastroenterology (e.g. Levine et al., 2016), obstetrics (e.g. Ukah et al., 2017).
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3.5.2 Next chapter

In the next chapter of this thesis (Chapter C), I will employ the same methodological

procedure as described in the current one to externally validate OxRec in England.

Findings will enable comparison of model performance between the two cohorts

(Tajikistan vs. England).
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4.1 Introduction

In the previous chapter (Chapter 3), I described the �rst validation study of a

structured violence risk assessment tool in a LMIC. Speci�cally, I externally validated

a scalable model for predicting violent reo�ending in people released from prison

(OxRec)�which was developed in Sweden�using data from a cohort of people

who had previously experienced incarceration in Tajikistan. The OxRec model

80
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demonstrated good performance in multiple measures, suggesting that it could be

used in Tajikistan to help prioritise interventions for people who are at high risk of

violent reo�ending after incarceration and screen out others who are at lower risk of

violent reo�ending. Findings also indicated that the use of validated risk assessment

tools in LMICs could improve risk strati�cation and inform the development of future

interventions tailored at modi�able risk factors for recidivism, such as substance

use and mental health problems. The objective of the present chapter is to validate

OxRec in another HIC (England) than the one in which it was derived (Sweden)

and if necessary, to adjust or update the model for this new setting. As a secondary

objective, the predictive performance of OxRec in Tajikistan and England will be

compared, as will be the generalisability of the model in these two countries.

As described in Chapter 1, predicting future outcomes, such as reo�ending,

has increasingly become a priority in the criminal justice system (Harcourt, 2006).

Therefore, predictive modelling approaches are employed in many high-income

countries as part of e�orts to save costs and improve e�ciency in criminal prosecution

(Van Ginneken, 2019). Their applications are widespread and vary from informing

decisions on sentencing, parole, release, probation and treatment, particularly for

mental health problems and substance misuse (Fazel, 2019). Recent meta-analytic

evidence suggests that more than 200 such risk assessment tools are currently in use

(Singh et al., 2014), however most of these are yet to be validated in new settings

or individuals. In a recent review of external validation studies of 11 common

risk assessment tools used at sentencing, only 36 studies were identi�ed (Fazel,

Burghart, et al., 2022), thus highlighting the imbalance between model development

and external validation e�orts to date (Ramspek et al., 2021).

Very few prediction models have been validated in jurisdictions di�erent to the

one in which they were developed. Predictive performance in validation samples has

often been suboptimal in terms of AUC. Reporting of model performance (using

discrimination and calibration measures also tends to be poor (Fazel, Burghart, et al.,

2022). The majority of studies only report the AUC, albeit having limited interpre-

tation potential as a standalone metric considering that it measures performance



4. OxRec external validation in England 82

across a whole range of cut-o�s, most of which are not clinically relevant (Mallett

et al., 2012). More detailed reporting of models (beyond the AUC)�including

information on false positives and negatives, and calibration measures�is essential

for evidence-based clinical decision making (Gulati et al., 2022), yet it is far from

being the norm in prediction modelling research. For instance, one such tool�the

O�ender Assessment System (OASys), which has been revised since its inception

into the OASys Violence Predictor (OVP)�is routinely used by probation o�cers

in England and Wales to assess individual needs and future risks (P. Howard, 2006),

despite limited information on its predictive ability. Thus far, the only disclosed

performance metrics pertain to discrimination (Debidin, 2009; P. Howard & Dixon,

2011; P. D. Howard & Dixon, 2012). Detailed reporting of general performance and

calibration measures is required to enable adequate comparison to other violence

risk assessment tools (Collins et al., 2015; Steyerberg, 2009). Furthermore, the

vast majority of tools are never implemented in practice, and despite this, research

e�orts are mostly direct at developing new prediction models rather than evaluating

and, validating or updating existing ones (Collins et al., 2014).

The OxRec tool was developed in recent years to address some of these limitations

(see Chapters 1 & 3 for more detail). In this chapter, I conduct the validation of

OxRec to estimate one- and two-year violent reo�ending risk in people released from

prison in England. If OxRec demonstrates satisfactory predictive performance in

this new setting, it could be used to improve identi�cation of individuals at high risk

of violent reo�ending, and inform decision-making processes in the criminal justice

system. This would also provide more evidence for the transportability of OxRec

to new settings, adding to promising validation results in the Netherlands and

Tajikistan. There is evidence suggesting that the test of the model's generalisability

is stronger the more di�erent these other settings are to that of the derivation

study (Moons et al., 2012).
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4.2 Methods

4.2.1 Study design and participants

This validation study used data on criminal records that pooled information from

people released from prison in England aged 18 years and older or treated as adults

by the law. The study sample included persons released from prison between April 1,

2017 and March 31, 2018 in one English region of around one million population that

includes both metropolitan and non-metropolitan areas. People released from prison

were censored at the earliest date of the reo�ence or the follow-up end date (within

24 months). The sample size was based on prognostic modelling guidelines according

to which at least 100 events (and 100 nonevents) are required for validation studies

(Vergouwe et al., 2005). This benchmark ensure that there is su�cient statistical

power for predictive performance to be assessed in a reliable manner. The model

becomes more sensitive to outliers and high variance as the sample gets smaller,

which in turn increases the risk of over�tting (Steyerberg, 2018).

Individuals entering the Criminal Justice Information Service are informed about

secondary usage of data, thus the standard requirement of written informed consent

was waived. I used existing routinely collected police data. Ethical approval was

granted by the Central University Research Ethics Committee (CUREC) of the

University of Oxford (R44562/RE001). This study complies with the Transparent

Reporting of a multivariable prediction model for Individual Prognosis or Diagnosis

statement (Collins et al., 2015).

4.2.2 Outcomes

I obtained information on reo�ending outcomes from the NICHE Record Manage-

ment System (the system that the police force uses to record o�ences reported to

and investigated by the force). The following outcome-related data were recorded:

the person was suspected of committing a violent o�ence by the police force, had

been convicted for a violent o�ence, had not reo�ended or had been lost to follow-up.

At one- and two-years following release from prison, the outcomes were described
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in binary terms (i.e. `violent reo�ence' vs. `no violent reo�ence'). The de�nition of

violence was a standard one used by the police force that included two categories of

`assault violence or threat of violence' (i.e. any interpersonal violence and violent

threats) and `rape and penetrative sexual o�ences' (i.e. any contact sexual crimes).

4.2.3 Predictor variables

I examined the predictor variables based on those already included in the original

version of OxRec. Several modi�cations to variable de�nitions were required to

adapt OxRec to the English regional context (Appendix C Table C.1). Notably,

sex (assigned at birth) was replaced by gender. Immigrant status was based

on nationality, instead of �rst- or second-generation immigrant status in the

development sample. Neighbourhood deprivation was calculated using the Index of

Multiple Deprivation (IMD; 2019), which is the o�cial measure of deprivation for

small areas in England. More speci�cally, the last valid residential or family home

address before the release date was linked with the Lower-layer Super Output Areas

(LSOA) to determine the relevant IMD decile (Noble et al., 2019). Data on clinical

variables (i.e. alcohol and drug use disorder, any mental disorder) were inferred

from warnings recorded by police o�cers and custody sta� in the NICHE Record

Management System�rather than formal diagnoses according to the International

Classi�cation of Diseases 10th Revision (ICD-10). I could not include the following

predictors, as they were not available in the English data set: highest education,

disposable income and any severe mental disorder.

4.2.4 Statistical analysis

Baseline characteristics were detailed by counts and percentages for categorical

variables, and as median (IQR) for continuous variables, and compared to those

of the Swedish derivation sample. The prediction rule was validated using an

incremental strategy (Steyerberg, 2009; Su et al., 2018), �rst adapted to validate

OxRec in the Netherlands (Fazel et al., 2019), and subsequently used for another

validation study in Tajikistan (see Chapter 3). This approach involves three
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steps (1) simple validation, according to which the original prediction model (all

model coe�cients at their original value, including the baseline risk estimate)

are applied to the new data set; (2) updating the baseline risk and calculating

a multiplicative recalibration value; (3) performing a selective reestimation of

coe�cients for individual predictors. Each phase evaluates prognostic performance,

and progression to the next step is only necessary in the event of poor performance

(Steyerberg, 2009). The full validation protocol (including recalibration with a Cox

proportional hazards model) has been detailed in the previous chapter (Chapter

3) and has also been published online (Fazel et al., 2019).

I brie�y discussed the implications of missing values for validating a predic-

tion model in Chapter 3. I used a straightforward mean imputation method to

mitigate the impact of some predictor variables being entirely missing from the

Tajik validation data set. By assigning an average value (based on that of the

Swedish development cohort) to these missing variables, their e�ect was essentially

incorporated into the model intercept (Fazel et al., 2019). The current validation

study required a more complex approach to dealing with missing data, as missing

values arised in several predictors for some individuals.

I started by investigating potential missingness patterns in the English validation

cohort to select the most appropriate imputation method based on the underlying

mechanism assumption. Possible missing data mechanisms for predictors include

(1) missing completely at random (MCAR); (2) missing at random (MAR); and, (3)

missing not at random (MNAR) (Little & Rubin, 2020; Rubin, 1976; van Buuren,

2012). MAR provides that missing values are only associated with values of other

predictors in the data set, rather than those of predictor itself or unmeasured

variables. With an MCAR pattern, missing values are typically due to random

administrative error, and this may be tested formally. Thus, this pattern could be

ruled out on the basis of using already collected data from comprehensive police

databases based on individual criminal records. The �nal potential mechanism

of missing data (MNAR) is problematic in that missingness is contingent on the

true values of the predictor or other unobserved variables (Steyerberg, 2009).
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The observed data alone is insu�cient to di�erentiate between MAR and MNAR;

however, the MAR assumption can be supported by collecting additional independent

variables in the data set (that are not predictors in the model), and considering

them throughout the imputation process (White et al., 2011).

Imputation methods can be used to estimate plausible values for substitution

of missing data. Once the data set is �completed,� common statistical analyses

can then be undertaken. There is a wide range of imputation methods, including

simple (e.g. mean substitution, whereby missing values are replaced with the mean

of observed data) and more advanced techniques (i.e. multiple imputation). Simple

imputation methods have the disadvantage of inappropriate handling of between-

subject variance (White et al., 2011) and not considering potential predictor value

correlations. Conversely, multiple imputation takes into account all available data

(both from complete and incomplete cases) to construct several imputed data sets in

which the missing values are replaced (Steyerberg, 2009). This particular approach

holds the MAR assumption, and it is consistent with current best practice for

handling missing data in prognostic modelling research (Marshall et al., 2009).

For this validation study, data were assumed to be missing at random (MAR).

Thus, multiple imputation by chained equations (MICE) could be used to replace

missing values for the following predictors: immigration status, length of incarcera-

tion, violent index o�ence, civil status and employment. Twenty imputations were

carried out according to recommended practice (Steyerberg, 2009; White et al.,

2011). I also averaged out the predictors that were entirely missing (i.e. highest

education, disposable income and any severe mental disorder), by assigning all

subjects their average value from the derivation sample. More detail on the rationale

for this simple imputation method can be found in Chapter 3.

I examined several model performance indicators across the imputed data sets

(using Rubin's rules; Snell et al., 2018; Wood et al., 2015) to determine the predictive

ability of the model in terms of accuracy (overall performance), discrimination

(the model's ability to discriminate between individuals who have and do not

have the outcome), and calibration (the level of agreement between observed and
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expected outcomes) (Steyerberg, 2009). These indicators included the Brier score

(for accuracy); the AUC, as well as sensitivity, speci�city, PPV and NPV (for

discrimination); and, the calibration slope and CITL (for calibration) (Fazel, 2019;

Steyerberg, 2009). By comparing the distributions of actual and imputed values for

all metrics, I was able to verify the adequacy of imputations (Ganna & Ingelsson,

2015). More detail on the aforementioned measures of predictive performance

are presented in Chapter 3. All analyses were conducted using Stata software

version 17 (StataCorp, 2017).

4.3 Results

4.3.1 Baseline characteristics

The validation cohort included 1,770 people released from prison in England. The

median (IQR) age was 33 (27�40) years and male individuals accounted for 92%

of the sample. The proportion of missing data on predictors varied from< 5%

(immigrant status, length of incarceration and violent index o�ence); 9% (civil

status); to 15% (employment status). Most baseline characteristics were similar

between the validation (England) and the original derivation (Sweden) cohorts (Table

4.1). However, the proportion of individuals with a history of violent crime (prior to

the index o�ence) was slightly higher in the validation sample than in the derivation

one (62% vs. 53%). Compared with previously incarcerated persons in Sweden,

those in England more often were incarcerated for longer periods of time for their

index o�ence (31% vs. 4% for� 24 months). A higher proportion of employment

(63% vs. 25%) and mental health problems (35% vs. 22%) (including drug misuse

[36% vs. 23%]) was observed in the sample from England, whereas alcohol misuse

was more common amongst the original Swedish sample (22% vs. 14%).

Follow-up data were obtained from all individuals who were included in the

study (Appendix C Table C.2). Base rates of violent reo�ending (i.e. including both

suspected and convicted for violent crime for this validation) for the two time points

(1 and 2 years) were higher in the validation cohort than in the derivation cohort.

The primary outcome, violent reo�ending, occurred in 31% (550 of 1,770; one-year
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Table 4.1: Baseline characteristics of the English sample compared with those of the
Swedish sample

Variable
English sample ( n = 1,770)

Swedish sample
(n = 37,100)

Summary Missing data

Sex

Male 1,622 (92%) 93%

Female 148 (8%) 7%

Age
Median 33 Median 36
IQR 27�40 IQR 27�46

Immigrant status 115 (7%) 1 (< 1%) 31%

Length of incarceration

< 6 months 658 (37%) 69%

6�12 months 253 (14%) 16%

12�24 months 269 (15%) 10%

� 24 months 545 (34%) 4%

Violent index o�ence 597 (34%) 18 (1%) 38%

Previous violent crime 1,095 (62%) 53%

Civil status

Other 321 (18%)
150 (9%)

35%
Unmarried 1,299 (73%) 65%

Education

< 9 years
Not available

48%
9�11 years 46%
� 12 years 6%

Employment 1,116 (63%) 258 (15%) 25%

Income

Negative

Not available

1%
Zero 6%
Low 53%
Medium 40%
High 1%
Neighbourhood deprivation 0.67 (0.13�1.04) 0.39 (-1.18�1.47)

Alcohol use disorder 249 (14%) 22%

Drug use disorder 631 (36%) 23%

Any mental disorder 627 (35%) 22%

Any severe mental disorder Not available 3%

Note. Data are median (IQR) or n (%).
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follow-up) and 43% (765 of 1,770; two-year follow-up) of the sample from England

compared with 12% (one year) and 21% (two years) in the sample from Sweden.

4.3.2 Model performance and recalibration

When re�tting the OxRec model in the validation data, the discriminative ability

remained at a similar level as at derivation (AUCs of 0.75 [one year] and 0.76

[two years] in the Swedish sample). AUCs for violent reo�ending at one and two

years were 0.71 (95% CI 0.69�0.74) and 0.71 (95% CI 0.68�0.73), respectively. I

used cut-o� scores that were close to the baseline rates (31% at one-year; 43%

at two-years) to calculate values for sensitivity, speci�city, NPV, and PPV. For

risk of violent reo�ending at one year (assuming a 30% risk cut-o�), sensitivity

was 74% (95% CI 0.70�0.78) and speci�city was 59% (95% CI 0.56�0.62), whilst

positive and negative predictive values were 45% (95% CI 0.42�0.48) and 83% (95%

CI 0.81�0.86), respectively. At 2 years, sensitivity was 77% (95% CI 0.74�0.80)

and speci�city was 54% (95% CI 0.51�0.58), using a 40% risk cut-o�. Positive

and negative predictive values were 56% (95% CI 0.53�0.59) and 76% (95% CI

0.73�0.79), respectively. These discriminative performance measures are presented

for additional risk cut-o�s in Table 4.2.

As for calibration, performance parameters suggested miscalibration for both

time points (CITL = 1.72; Slope = 0.98 [one year]; CITL = 1.73; Slope = 0.92

[two years]), with observed violent reo�ending probabilities in England being

systematically higher than expected. I updated the baseline survival function

and recalibrated the linear predictor to align the predicted and observed survival

probabilities for all risk deciles (Table 4.3). This step improved OxRec's accuracy (in

terms of calibration) with respect to the new English regional setting. The revised

model showed good calibration with a calibration slope of 1.24 (one year) and 1.38

(two years), and CITL being null for both time points. Despite this, calibration plots

indicated a slight overestimation of violent reo�ending risk amongst lower risk deciles

and a slight underestimation of risk in the higher deciles. The e�ects of predictors

were similar in the development and validation samples, thus no reestimation of the
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original coe�cients was required (Appendix C.4). The ROC curves and calibration

plots for the updated OxRec model are shown in Figures 4.1 and 4.2.
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(a) 1-year violent reo�ending (b) 2-year violent reo�ending

Figure 4.1: Calibration plots of the OxRec model performance in the English cohort. AUC = area under the curve; CITL = calibration in
the large; E:O = ratio of expected to observed outcomes.
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Figure 4.2: Receiver-operating characteristic curve for performance of the OxRec model in predicting violent reo�ending outcome in the
English cohort. AUC = area under the curve; ROC = receiver operating characteristic curve.
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4.4 Discussion

In this study, I externally validated OxRec in a cohort of 1,770 people released

from prison in England between April 2017 and March 2018, of which the one-

and two-year violent reo�ending rate were 31% and 43%, respectively. The model

yielded good discrimination and calibration. This work builds on previous validation

studies of OxRec in the Netherlands and Tajikistan, and further demonstrates its

generalisability and the accuracy of its predictions in new settings. The performance

of OxRec was con�rmed in this new sample, suggesting that it could be used to

improve current risk assessment practices for violent reo�ending in the criminal

justice system in England.

OxRec accurately identi�ed individuals at high risk of violent reo�ending using

cut-o�s of 30% for 1-year risk and 40% for 2-year risk (i.e. 74% and 77% of whom did

reo�end within 1 and 2 years, respectively). These individuals could be prioritised

for additional support on release, such as psychological interventions directed at

modi�able risk factors (e.g. substance misuse), given the limited resources and the

likelihood that they will bene�t. The tool also accurately identi�ed individuals at low

risk of violent reo�ending based on the aforementioned cut-o�s (i.e. 59% and 54% for

one- and two-year follow-up periods), although speci�city was lower than sensitivity.

This could inform decarceration e�orts, whereby individuals in this low risk group

could be released with adequate supervision and treatment in the community (Fazel,

Burghart, et al., 2022). Used in conjunction with professional judgement, high-

quality risk assessment tools such as OxRec have the potential to reduce economic

and social costs in the criminal justice system, allowing for jurisdictions to focus on

establishing policies that assist people with convictions in reintegrating into society.

The OxRec tool had similar performance for identifying violent reo�ending

outcomes in the English validation cohort as compared to that in the Swedish

derivation cohort. I also found similar associations of risk factors included in OxRec

with violent reo�ending in the derivation and validation cohorts (Fazel, Chang,

et al., 2016). The base rate of violent reo�ending in the English sample was nearly

double that of the Swedish sample (i.e. 31% vs. 12% [for 1 year] and 43% vs. 21%
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[for 2 years]), and thus predicted probability calculated with OxRec underestimated

the observed probability of violent reo�ending, prior to model updating. This

di�erence is likely due to adaptations made to the outcome operationalisation (i.e.

conviction rate in the Swedish sample vs. suspected and conviction rate in the

English sample), as recidivism statistics are similar in both countries according

to a recent systematic review (Yukhnenko et al., 2019).

The �ndings of this study further suggest that OxRec is transportable across

di�erent populations and geographical settings, as evidenced by good discrimination

and calibration in external validation data sets from England, Tajikistan (Chapter

3) and the Netherlands (Fazel et al., 2019). As indicated by the AUC, the model

achieved similar levels of discrimination in the English sample (0.71) to that of

the Tajik sample (0.70). However, as explained in Chapter 1 and earlier in the

current chapter, the AUC only provides a limited view of the discriminatory power.

AUCs are independent of the outcome base rate, thereby providing no indication

as to how the model in�uences results for speci�c individuals, and in turn, not

enabling detailed comparison between samples (Mallett et al., 2012; Van Calster

et al., 2019). When considering more comprehensive measures of discrimination (for

one-year violent reo�ending, and by using the outcome incidence as the threshold),

sensitivity and PPV were higher in England (Table 4.2), whereas speci�city and

NPV were higher in Tajikistan (Table 3.3). This �nding has important implications

for the intended use of the model (at this stage); OxRec might be more useful for

correctly identifying individuals at high risk of violent reo�ending in England, and

conversely for ruling out those at low risk of violent reo�ending in Tajikistan. As for

calibration, CITL was similar across both samples, but there was a higher calibration

slope in the English cohort (1.24) than in the Tajik cohort (1.09), suggesting more

case-mix di�erences in England. However, the model updating process was more

straightforward in England than in Tajikistan, where only the calculation of a

single recalibration parameter was required (second step of the aforementioned

validation protocol) (Fazel et al., 2019). By contrast, OxRec Tajikistan required the
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re-estimation of some model coe�cients (i.e. length of incarceration), equivalent

to the third step of the pre-speci�ed validation protocol (Chapter 3).

In comparison with OVP�currently being used by the National O�ender

Management Service in England and Wales for risk and needs assessment�the

OxRec tool achieved similar levels of predictive performance when considering solely

the AUC (0.71 [OxRec] vs. 0.75 [OVP]) (P. D. Howard & Dixon, 2012). However,

other key components of OVP's predictive performance are poorly reported or simply

lacking. Measures of discrimination beyond the AUC (i.e. sensitivity, speci�city,

PPV, NPV) were calculated based on arbitrary classi�cation risk thresholds, solely

selected to match the distribution of another tool's categories (i.e. the V scale of

Risk Matrix 2000 [RM2000/V]) for comparison purposes (Thornton et al., 2003).

Calibration performance was not reported, despite being essential to ensure that

predictions are not misleading (Van Calster et al., 2019), and recommended by

the TRIPOD guidelines for prediction modelling studies (Collins et al., 2015).

By contrast, OxRec's external performance was evaluated using pre-speci�ed risk

thresholds (for discrimination) and appropriate measures and visualisations (for

calibration). OxRec also has the advantage of including fewer predictors than OVP,

most of which are common and routinely collected, thereby allowing for its direct

application and use in everyday practice. Hence, it can be easily calculated (in

less than ten minutes) and incorporated into existing risk assessment practices

by probation o�cers. Further, OVP has also yet to be validated independently

(P. D. Howard & Dixon, 2012), and there is evidence that predictive performance

tends to be overestimated when tool developers are involved in subsequent validation

studies due to authorship bias (Fazel, Burghart, et al., 2022; Singh et al., 2013).

Another key strength of this validation study is that it used data from the NICHE

Record Management System, as do most of the UK police forces. This suggests

that the validated tool could prove to be highly transferable to other criminal

justice services in the UK.

Recent advances in criminal risk assessment and precision psychiatry, particularly

in big data techniques (e.g. the Wisconsin's Correctional O�ender Management
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Pro�ling for Alternative Sanctions [COMPAS] tool), have favoured increased

predictive power over result interpretability (Fusar-Poli et al., 2019; Meehan et al.,

2022). The main strength of this study is that it combines accuracy of probabilistic

predictions with a relatively simple prediction tool. The contribution of predictor

variables to the outcome is clear, and their relationship is easily interpretable.

Another issue that has emerged from prediction modelling research is the lack of

transparency (Chekroud et al., 2021). Detailed reporting of performance metrics,

allowing for the additional scrutiny that any tool intended for use in the criminal

justice system should face, is often lacking (Meehan et al., 2022). In this study,

I provided multiple performance indicators for independent examination, critical

appraisal and reproducibility of the model and the methods used to validate it.

Transparency in model development and validation is critical given the possible

rami�cations for justice-involved individuals and public health and safety, and to

ensure a fair criminal justice system (Pencina et al., 2020).

Several limitations should be noted. First, since the NICHE database includes

information on both crimes solved and those under investigation, this meant that I

had to rely on a proxy for the outcome (i.e. violent reo�ending). Another validation

study with more clearly de�ned outcome data (i.e. only convictions for violent

crime) is therefore recommended (Pencina et al., 2020). Operationalising violent

crime as a conviction, as opposed to an arrest, is expected to lessen the likelihood of

systemic biases in the estimation of violence among formerly incarcerated individuals.

Second, some predictors were entirely missing from the English data set (i.e.

highest education, disposable income and any severe mental disorder), whilst others

(i.e. clinical risk factors) were insu�ciently captured. To mitigate the impact of

missingness, I employed MICE (for partially missing predictors), by which plausible

values were derived based on other (observed) predictor values (Harel et al., 2018;

Janssen et al., 2010). As for entirely missing predictors, although they had small

e�ects on the predicted outcomes in the original model, all participants were assigned

an average value (equivalent to the prevalence in the derivation study), which is

the same as integrating its e�ect into the estimate of baseline risk (Fazel et al.,
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2019; Held et al., 2016). To reduce the possible e�ects of missing data, future

research should strive for linkage of nationwide population-based registers, such as

those found in the Nordic countries (Maret-Ouda et al., 2017), although access to

such data is often costly and highly restricted. Given that the optimal approach

to missing values is to guarantee that no data are absent (Steyerberg, 2009), this

could be done using registry data as these tend to be comprehensive and reliable.

Finally, this study provides no practical guidance on how OxRec could be utilised as

a decision-support tool (both in custodial and community settings) to help reduce

violent reo�ending. A feasibility and clinical impact study, in which the feasibility

of implementing OxRec in a given custodial setting in England, and its impact on

current practices, reo�ending outcomes and cost e�ectiveness would be evaluated

(ideally using a cluster randomised trial design) (Labarere et al., 2014). This is

required to determine how the risk prediction tool could be integrated e�ectively into

existing operational systems and legal work�ows, and whether modi�able risk factors

in OxRec could be e�ectively targeted for treatment (Mudumbai & Rashidi, 2021).

4.5 Conclusion

4.5.1 What this chapter adds

The aim of this chapter was to directly address the second research question of

this thesis by externally validating a prognostic model for violent reo�ending in

people released from prison (OxRec) based on an English regional cohort. The main

contribution of this study is establishing that OxRec has satisfactory predictive

performance and allows for strati�cation of individual risk of violent reo�ending

within 1 and 2 years after release from prison in England. This has similar

implications for practice as the previous validation study in Tajikistan (Chapter 3),

whereby OxRec could be used to supplement professional judgement and facilitate

linkage to care following release from prison. Individuals in the high risk group

could potentially bene�t the most from empirically supported interventions, given

limited resources in the criminal justice and health services. The use of high-quality

risk assessment tools has the potential to provide more accurate and consistent
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evidence-based decision-making, improve policy-making in the criminal justice

system, and also save costs due to time e�ciency and reduced violent reo�ending.

Contribution

I conducted the analyses, and prepared the tables and �gures under the supervision

of Dr Rongqin Yu. I also wrote the �rst draft of the manuscript and will be

implementing the contribution of the co-authors and external reviewers up to

�nal publication.

4.5.2 Next chapter

The next chapter (Chapter 5) will focus on the third and �nal research question

of this thesis, which examines the e�ectiveness of psychological interventions in

prison to reduce recidivism. Speci�cally, I will provide a comprehensive synthesis

of the most evidence-based treatments, by limiting the scope of the systematic

review and meta-analysis to RCTs.
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5.1 Introduction

The systematic review and meta-analysis described in Chapter 2 established that

psychiatric disorders are disproportionately prevalent in detained adolescents. As

explained in Chapter 1, severe mental illness is associated with increased risk of

general and violent reo�ending amongst people released from prison (Fazel, Chang,

et al., 2016), and pharmacological treatment has shown some bene�cial e�ects

for reducing risk (Chang et al., 2016). Scalable, transparent and evidence-based

risk-assessment tools such as OxRec could assist in identifying individuals who are

most likely to bene�t from e�ective interventions (see Chapters 3 & 4). However,

the current body of knowledge on the e�ectiveness of psychological treatment

for other modi�able risk factors in reducing this adverse outcome is yet to be

systematically synthesised. Thus, the objective of this chapter was to determine

whether widely implemented psychological interventions for people in prison are

e�ective to reduce recidivism after release.

Various psychological interventions have been implemented in prisons and jails to

improve outcomes for people who have experienced incarceration, and in particular

reduce reo�ending. Some reviews have suggested that cognitive-behavioural therapy

(CBT) programs are amongst the most e�ective, with meta-analyses reporting

risk reductions of 20�30% in recidivism (Henwood et al., 2015; Landenberger &

Lipsey, 2005; Lipsey et al., 2007; Lösel & Schmucker, 2005; Pearson et al., 2002;

Usher & Stewart, 2014; D. B. Wilson et al., 2005). Moreover, adherence to the

principles of risk, need, and responsivity (RNR)�developed by Andrews and Bonta

in the 1990s (Andrews et al., 1990)�in treatment programmes is also associated

with reductions in reo�ending, although these are based on predominantly quasi-

experimental studies (Andrews & Bonta, 2010; Dowden & Andrews, 2000; Hanson

et al., 2009). Overall, however, the e�ectiveness of most prison-based treatments on

recidivism remains unclear as the evidence is inconsistent and subject to a range of

limitations (Hopkin et al., 2018; Jolli�e & Farrington, 2007; Koehler et al., 2013;
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Långström et al., 2013; Lipsey & Cullen, 2007; Lipsey & Wilson, 1998; Papalia

et al., 2020, 2019; Perry et al., 2016; Schmucker & Lösel, 2015; Tripodi et al., 2011).

One recent meta-analytic review identi�ed 27 studies of psychological treatments

in diverse settings (i.e. prison-based and forensic mental health units) including

7,062 individuals with violent index o�ences (Papalia et al., 2019). Overall, the

results suggested a small, but positive treatment e�ect on recidivism, with reductions

of 11% and 10% for general and violent reo�ending, respectively. However, this

analysis was largely based on quasi-experimental studies, only half of which (56%)

were undertaken in prison environments.

Other previous reviews have often focused on speci�c groups such as women

(Dowden & Andrews, 1999; Tripodi et al., 2011), adolescents (Koehler et al., 2013;

Lipsey & Wilson, 1998), individuals who use drugs (Perry et al., 2016), persons

living with a mental health condition (Hopkin et al., 2018), and those with sexual

(Långström et al., 2013; Schmucker & Lösel, 2015), and violent index o�ences

(Jolli�e & Farrington, 2007). There are considerable methodological di�erences,

particularly in the quality of included primary studies (Koehler et al., 2013), and

sources of heterogeneity have rarely been examined (Hopkin et al., 2018). In

addition, the vast majority of existing reviews were published before 2008 (Dowden

& Andrews, 1999; Jolli�e & Farrington, 2007; Lipsey & Cullen, 2007; Lipsey &

Wilson, 1998), and are therefore now outdated. To address these limitations, I aimed

to synthesise reo�ending outcomes from all RCTs of psychological interventions

provided in prisons and jails.

5.2 Methods

5.2.1 Protocol and registration

This systematic review was conducted using PRISMA guidelines (Moher et al., 2009),

and the study protocol was preregistered online with PROSPERO (CRD42020167228).
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5.2.2 Search strategy

The search strategy was outlined with the assistance of an experienced research

librarian from the Bodleian Health Care Libraries (Ms Elinor Harris). I searched

the following electronic databases for all relevant surveys from inception until

17 February, 2021: Cochrane Central Register of Controlled Trials, EMBASE,

Global Health, MEDLINE, PsycINFO and Google Scholar. The search strategy

combined terms relating to randomised controlled trials (i.e., random*, trial*,

placebo*), psychological interventions (e.g., program*, intervention*, treatment*),

incarceration (e.g., prison*, incarcerat*, custod*) and recidivism (e.g., recommit*,

reo�end*, recidiv*) (see Appendix D.1 for a full list of search terms). I also hand-

searched reference lists of included studies, relevant articles and systematic reviews.

5.2.3 Study eligibility

I included RCTs of psychological interventions in jails and prisons which reported

on criminal recidivism as an outcome. RCTs are the gold standard for investigating

therapy e�cacy because their rigorous randomisation procedure e�ectively balances

all potential confounders, resulting in experimental and control groups with com-

parable baseline characteristic pro�les. Consequently, it is possible to conclude

that the intervention is responsible for any observed di�erences in clinical outcomes

across groups during the follow-up period (Gerstein et al., 2019). Such conclusion

cannot be drawn from other types of study designs such as quasi-experimental

studies, due to lack of randomisation (Harris et al., 2006).

Studies were eligible for inclusion if they met the following criteria: (1) ran-

domised controlled trials (including pilot studies and cluster-randomised trials); (2)

all participants were incarcerated at the time of randomisation (including adolescents,

persons on remand, and those living in detention) and remained incarcerated for the

duration of the treatment; (3) participants assigned to control groups were exposed

to the usual intervention, no intervention or an alternative one; (4) psychological

interventions (e.g. CBT or mindfulness-based therapy) or psychoeducational

interventions (vocational or educational training); (5) interventions (both individual
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and group format) were delivered in a jail/prison setting; and (6) outcome of

recidivism (e.g. reconviction, reincarceration, rearrest, parole violation or new

charges) reported separately for intervention and control groups. We included

studies in which post-prison services were o�ered to participants on a voluntary

basis, but were not directly part of the evaluated intervention (e.g. the Challenge

to Change (J. Y. Sacks et al., 2012), and the Amity therapeutic community [TC]

programmes) (Prendergast et al., 2004).

Studies were excluded on the basis of the following criteria: (1) non-randomised

trials (including case studies and pretest/post-test comparisons); (2) participants

were not in jail/prison at the time of the study (e.g. on parole, in secure forensic

hospitals, attending therapies outside of the prison setting or residing in community-

based special residential units (bootcamps); (3) control groups composed of refusals

or intervention dropouts; (4) interventions solely based on a pharmacological

approach; (5) those that compared jail/prison with a community sanction (i.e.

prison vs. boot camp); or (6) joint prison and community programmes, for which the

community component accounted for more than half of the duration of intervention

(e.g. the CREST programme) (Farrell, 2000; Nielsen et al., 1996). There was no

limit on the follow-up time period for reo�ending. Non-English language surveys

were translated and considered for inclusion.

5.2.4 Data extraction

I performed the searches and screened the titles and abstracts of the surveys

identi�ed through the aforementioned search strategy. I also screened the full text

of those matching the predetermined inclusion criteria. In cases of uncertainty, I

consulted with Dr Rongqin Yu and consensus was reached about study selection.

Professor Seena Fazel resolved any disagreements over inclusion and veri�ed the

eligibility of included studies.

Information on year of publication, geographical location, correctional setting,

sample size, gender, ethnicity (Asian, Black/African American, Caucasian, His-

panic/Latino, Indigenous and Other), average age, follow-up period for recidivism,
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intervention length, type and format, de�nition of recidivism and numbers of

individuals in the intervention and control groups by recidivism status (i.e. having

reo�ended vs. having not reo�ended) were extracted from eligible studies. In the

presence of multiple assessments of recidivism for a given study, I selected the most

conservative operationalisation for meta-analysis (e.g. reconviction was preferred

to rearrest). As for samples that featured simultaneously men and women and

for which the recidivism outcome was not reported separately for each gender,

those including > 90% men were recorded as men, whereas those featuring < 90%

men were recorded as `both.' When multiple articles were available for a given

study (e.g. Amity TC programme) (Wexler, De Leon, et al., 1999; Wexler, Melnick,

et al., 1999), we included the one with the longest follow-up period for recidivism

(Prendergast et al., 2004). Relevant study authors were contacted when additional

data or clari�cations were required.

5.2.5 Quality assessment

The quality of randomised studies was assessed using the Cochrane Collaboration's

risk-of-bias tool for randomised trials (RoB 2), which is the recommended tool to

assess the risk of bias in RCTs (Sterne et al., 2019). This second version supersedes

the previous one (RoB), which was initially published in 2008, and subsequently

revised in 2011 (Higgins et al., 2011). RoB 2 incorporates existing knowledge of

how bias in�uences study outcomes and how to measure this risk. Each trial was

given an overall estimation of risk of bias (i.e. �low risk of bias,� �some concerns,�

or �high risk of bias�) according to the following domains: risk of bias arising

from the randomisation process, due to deviations from intended interventions,

due to missing outcome data, in measurement of the outcome and in selection

of the reported result (Sterne et al., 2019). Trials with high risk of bias in any

domain(s) were rated as presenting high risk of bias.
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5.2.6 Statistical analysis

E�ect size calculations

The primary outcome was recidivism. This measure was assessed with the summary

odds ratio (OR) and corresponding 95% con�dence intervals (CI). In this review,

the OR was calculated by dividing the odds that an individual who reo�ended had

undergone psychological treatment (i.e. was exposed) by the odds that an individual

in the control group had reo�ended. Both continuous and dichotomous data on

recidivism were sought (Webb et al., 2017). To enable comparison across studies,

when the outcome was presented as continuous data, I �rst attempted to obtain

the equivalent dichotomous data from the authors of the primary studies. If such

information was not available, I converted the standardised mean di�erence to odds

ratios using the following formula according to best practice recommendations

(Higgins et al., 2011):

lnOR =
�

p
3

SMD1

One study was excluded due to lack of su�cient information (Kingston et al.,

2018). Moreover, for multi-arm trials (Guerra et al., 1990; Shivrattan, 1988), two

distinct approaches recommended by the Cochrane Handbook were employed to

avoid double-counting participants in the shared control group (Higgins et al.,

2011). For one study (Shivrattan, 1988), I merged both intervention arms into one

single comparison, as they both were psychoeducational interventions. For another

study (Guerra et al., 1990), I included each pairwise comparison separately, as the

intervention type di�ered between them (i.e. one psychoeducational and the other

CBT-based), by evenly dividing the shared control group among the comparisons.

Statistical model for meta-analysis

I conducted a random-e�ects meta-analysis to estimate the e�ect sizes as it gives

similar weights to studies with di�erent sample sizes and signi�cant heterogeneity

was expected between studies (e.g. type and length of intervention, follow-up period).

Pooled OR estimates were grouped into domains and summarised using forest plots.
1Standardised mean di�erence
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Between-study heterogeneity

Between-study heterogeneity was estimated using Cochran'sQ (reported with a

� 2-value andp value) and theI 2 statistic. Levels of heterogeneity were evaluated

according to previously mentioned thresholds: low (0 to 40%), moderate (30%

to 60%), substantial (50% to 90%) and considerable (75% to 100%) (Higgins

et al., 2011). These heterogeneity measures should be interpreted with caution

when the number of studies is small, particularly in subsequent subgroup analyses

(von Hippel, 2015).

Pooling e�ect sizes

All individual RCTs were pooled to calculate the summary e�ect size. I then

strati�ed studies according to sample size of psychological-intervention group;� 50

participants. This cut-o� was determined in accordance with previous research

on randomised experiments (e.g. psychotherapy for adult depression; Cuijpers

et al., 2010) to maximise the key bene�cial e�ect of randomisation (i.e. controlling

for unknown and unmeasurable variables; Farrington and Welsh, 2005; Welsh

et al., 2011), and rule out potential small-study e�ects (Cuijpers & Cristea, 2016).

Amongst these studies, I explored the e�ects of control group (i.e. usual care,

wait-list and other) and intervention type (i.e. CBT-based, psychoeducational,

therapeutic communities and other) with the removal of two studies (Annis, 1979;

Shapland et al., 2008). I excluded them from this secondary analysis on the basis of

considerable di�erences in treatment duration (e.g. one session only; Shapland et al.,

2008) and delivery mode (e.g. video feedback of previous sessions; Annis, 1979).

All interventions which were based on cognitive behavioural approaches were

considered to be CBT-based psychological interventions. Those that present a

core vocational or educational component, such as deterrence (Lewis, 1983), were

included in the psychoeducational category (Lattimore et al., 1990). Interventions

of therapeutic communities formed another category (Prendergast et al., 2004; J. Y.

Sacks et al., 2012). Both TC trials included voluntary post-prison services. Most
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participants from the Challenge to Change trial (83%) chose to access community-

based mental health or substance abuse services, although these were beyond the

scope of the study (J. Y. Sacks et al., 2012). The Amity TC o�ered residential

treatment to program graduates (experimental group only) at an Amity-operated

facility (i.e. Vista; Prendergast et al., 2004). The impact of Vista on recidivism was

not considered in this meta-analysis to avoid annulling the e�ects of randomisation.

However, I report percentages in the Discussion of this chapter. The other category

combined reality therapy (Dugan & Everett, 1998), social therapy (Ortmann, 2000),

interactive journaling (Proctor et al., 2012), and gender-responsive substance abuse

therapy (Messina et al., 2010).

Subgroup analyses and meta-regression

Pre-speci�ed subgroup and meta-regression analyses were conducted to examine

sources of heterogeneity. I implemented a mixed-e�ect model for the subgroup

analyses, which assumes a random-e�ects model within subgroups and a �xed-e�ect

model between subgroups. It should be noted that this method presupposes

homoscedasticity, which holds that residual heterogeneity is the same across

subgroups (Borenstein & Higgins, 2013; Harrer et al., 2021). The following study

characteristics were assessed: year of publication (< 1990 vs.� 1990; to account for

the formalisation of the RNR model in 1990; Andrews et al., 1990), study origin (US

vs. elsewhere), sample size (as a continuous variable), sex (sex-speci�c interventions

vs. those being delivered to both men and women simultaneously), mean age

(as a continuous variable), age group (adolescents vs. adults), intervention type

(CBT-based vs. all other types), comparator type (usual care vs. waitlist/other),

follow-up time period (as a continuous variable), intervention format (individual

vs. group/combination), intervention aimed at SUD (as a dichotomous variable)

and risk of bias (high vs. low/some concerns).
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In�uence analysis

I performed in�uence analysis on all studies to determine which of them in�uenced

disproportionately the summary e�ect of mymeta-analysis. I employed the Leave-

One-Out method and presented results using the Baujat plot. The latter is a

graphical method to identify studies that contribute to overall heterogeneity in a

signi�cant manner. Speci�cally, this diagnostic plot illustrates the heterogeneity

contribution of each RCT (on the horizontal axis) in relation to their individual

in�uence on the pooled e�ect size estimate (on the vertical axis) (Baujat et al., 2002).

I examined publication bias in all studies using the Egger's regression test (Egger

et al., 1997) and funnel plot analysis. If the Egger's test reported publication bias

and between-study heterogeneity was not substantial (Peters et al., 2007), I followed

the `trim-and-�ll' procedure (Duval & Tweedie, 2000). This funnel-plot derived

approach is intended to identify and correct publication bias-related funnel plot

asymmetry (Higgins et al., 2011; Mavridis & Salanti, 2014). To do so, studies that

contribute to the funnel plot's asymmetry are �rst trimmed, following which a new

overall e�ect estimate is calculated based on the remaining studies (i.e. those that

can be considered minimally impacted by publication bias). Finally, the `missing'

studies are imputed into a new symmetrical funnel plot using the bias-corrected

overall estimate (Schwarzer et al., 2017; Shi & Lin, 2019).

Sensitivity analysis

In the presence of small-study e�ects indicated by the results of the publication bias

analysis, I conducted sensitivity analyses. First, the �xed-e�ect and random-e�ects

estimates of the intervention e�ect were compared, as a more favourable estimate in

the random-e�ects model might indicate that interventions were more e�ective in

smaller studies. This can be explained by the fact that random-e�ects summaries are

more sensitive to publication bias than �xed-e�ect summaries (Poole & Greenland,

1999). I conducted an additional analysis by only including studies with an

intervention group of � 100 participants. This was done to mitigate small-study

e�ects, and evaluate the robustness of the �ndings, as small trials are vulnerable
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to selection bias and tend to have larger and more favourable treatment e�ects

than large trials (Schwarzer et al., 2017; Sterne & Egger, 2001). I also investigated

the impact of study quality on the pooled e�ect size by removing studies at high

risk of bias (based on the risk assessment conducted with ROB 2). All statistical

analyses were performed in R/R Studio (R Core Team, 2021; RStudio Team, 2021)

following guidance from Harrer et al. (2021)'sDoing Meta-Analysis with Rguide

(online version). P values less than .05 were considered statistically signi�cant.

5.3 Results

I identi�ed 6,345 articles through electronic searches and 29 eligible trials (k = 29;

see Figure 5.1 for selection process and Table 5.1 for study characteristics). Most

RCTs were two-arm trials (k = 27); two were three-arm trials (k = 2). These

trials described 31 psychological interventions which were combined into 30 pairwise

treatment comparisons (n = 30), and on which the statistical analyses were based.

In total, 9,443 individuals (1,104 women [11.7%], 8,111 men and 228 individuals

where sex was not reported) participated in the trials, and 6,528 (1,118 [17.1%]

adolescents and 5,410 adults) had recidivism outcome data. The mean age was 31.4

years (SD = 4.9; range 24.5�41.5) in adults and 17.5 (SD = 1.9; range 14.6�20.2)

in adolescents. Descriptive statistics on the age of participants were calculated

using the mean age from each study and the range of mean ages (where available).

Ethnicity data from each study is summarised in Appendix D (see Table D.2).

Amongst included trials, 19 were from the US (n = 3,578 [54.8%]); four were from

Canada (n = 2,351); two were from the United Kingdom (n = 203); and one each

were from Germany (n = 223), Sweden (n = 59), Japan (n = 50), and Norway

(n = 64). Treatment duration considerably varied between trials, ranging from one

session only to multiple interventions that lasted for one year. The most frequent

source of funding for trials was government-funded research councils. None of the

psychological interventions were described as being mandatory and recruitment

of participants was voluntary. However, it is possible that perceived coercion and

other incentives could have contributed to the decision to participate.
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Table 5.1: Characteristics of randomised controlled trials of psychological interventions

Study Country Setting

Number of
randomised

partici-
pants

Number of
partici-
pants

followed-up

Sex Mean age

Psychological
interven-

tion, type
and format

Comparator
type

Duration of
the inter-

vention and
num-

ber/frequency
of sessions

Detailed
de�nition of
recidivism
outcome

Follow-up
period of

recidivism

Persons, 1967 USA
Institution

for boys
82 82 Men 16.4

Psychotherapy;
other;

combination
No treatment

20 weeks
(80h and 60

sessions)
total; twice
weekly for
group psy-
chotherapy
(1.5h per

session) and
an average of
1h a week of

individual
psychother-

apy

Reinstitutiona-
lisation in
any penal
institution

M = 9.5
months

Annis, 1979 Canada
Minimum-

security
institution

150 128 Men
24.5 (range

18�64)

Awareness
group (with
and without

video
feedback);

psychoeduca-
tional; group

Routine
institutional

care

8 weeks total;
M = 224
program

hours

Incarcerated
at follow-up

1 year

Lewis, 1983 USA Four camps 108 108 Men
16.3 (range

14�18)

Squires
program;

psychoeduca-
tional; group

No treatment
3 consecutive
mornings; 3

hour sessions

Subsequent
arrests
and/or
charges

1 year

Linden and
Perry, 1984

Canada

Two peniten-
tiaries

(maximum-
and medium-

security)

66 55 Men Not reported

Prison
education
program;

psychoeduca-
tional;

combination

No treatment Not reported

Marginal
failure

(return to
prison for

minor crime
or technical
violation of

parole
regulations)

and clear
recidivist

(return to
prison for

major
o�ense)

77�82 months
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Table 5.1: Characteristics of randomised controlled trials of psychological interventions (continued)

Study Country Setting

Number of
randomised

partici-
pants

Number of
partici-
pants

followed-up

Sex Mean age

Psychological
interven-

tion, type
and format

Comparator
type

Duration of
the inter-

vention and
num-

ber/frequency
of sessions

Detailed
de�nition of
recidivism
outcome

Follow-up
period of

recidivism

Homant,
1986

USA Prison 92 86 Men Not reported
Group

therapy;
other; group

Standard
care (control
subjects were
free to seek
out therapy

[group or
individual]

through
normal

channels)

M number of
therapy
contacts

during the
�rst year of

institu-
tion = 18.6
(experimen-
tal group)

and 4.0
(control
group)

Reincarceration
on felony

(currently
under

supervision)
and currently

reincarcer-
ated for a
new felony

10 years

Shivrattan,
1988

Canada

Institution
for

incarcerated
delinquents

45 42 Men Range 15�17

Social
interaction

skills
program and

stress
management

training
program;

psychoeduca-
tional; group

No treatment 8 sessions

Further
criminal
activity
(being

charged and
sentenced to

an
institution)

12 to 15
months

Guerra et al.,
1990

USA
Juvenile

correctional
facility

165 83
Both (women

[50%] and
men [50%])

17.2 (range
15�18)

CMT and
AC;

CBT-based
and psychoe-
ducational;

group

No treatment
12 weeks
total; 12
sessions

Parole
violation

At least 1
year and up

to 2 years

Lattimore
et al., 1990

USA Prison 591 247 Men 20.0

Vocation
delivery
system;

psychoeduca-
tional; group

Routine care
(e.g.

assignment
to the �rst
available

vocational
training or to
a prison job)

Not reported Rearrest
M = 2 years
(range 411 to

1,530 days)

Leeman
et al., 1993

USA

Medium-
security

correctional
facility

57 57 Men 16.0
EQUIP;

CBT-based;
group

Simple or
motivational

1 to 1.5
hours, 5 days

per week

Parole
revocation

and/or
institutional

recommit-
ment

6 and 12
months

Robinson,
1995

Canada
Correctional

facility
4,072 2,125 Men 29.6

Cognitive
skills

training;
CBT-based;

group

Waitlist 36 sessions
Reconviction

for a new
o�ence

1 year
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Table 5.1: Characteristics of randomised controlled trials of psychological interventions (continued)

Study Country Setting

Number of
randomised

partici-
pants

Number of
partici-
pants

followed-up

Sex Mean age

Psychological
interven-

tion, type
and format

Comparator
type

Duration of
the inter-

vention and
num-

ber/frequency
of sessions

Detailed
de�nition of
recidivism
outcome

Follow-up
period of

recidivism

Lindforss and
Magnusson,

1997
Sweden Prison 60 59 Men Not reported

SFBT; other;
individual

No treatment Not reported

Further
o�ense which
has resulted
in a sentence
to probation
or imprison-

ment

12 and 16
months

Dugan and
Everett, 1998

USA Jail 145 117 Men
30.2

(SD = 9.0)

Reality
therapy;

other; group
No treatment

72 hours
total

Mean number
of o�ense
charges

2 years

Ortmann,
2000

Germany Prison 228 223 Not reported Not reported

Social
therapy;

other; not
reported

No treatment Not reported
All new

sentences
5 years

Armstrong,
2003

USA
YOU in a
detention

center
256 212 Men

20.2 (range
15�22;

SD = 1.0)

MRT;
CBT-based,

group
No treatment

1 to 1.5
hours, on
average 3

sessions per
week

Arrest
followed by a
conviction for
which jail or
prison time
was levied
and served

M = 563
days

(treatment
group) and

617 days
(control
group)

Prendergast
et al., 2004

USA
Medium-
security
prison

715 576 Men 30.9

Amity
therapeutic
community

program;
therapeutic

communities;
group

No treatment 1 year total Reincarceration 5 years

S. Sacks
et al., 2004

USA Prison 236 107 Men
34.3

(SD = 8.8)

Prison MTC
+ aftercare;
therapeutic

communities;
group

Mental
health

treatment
program

1 year total Reincarceration 1 year

Shapland
et al., 2008

UK Prison 94 94 Men

JRC
Restorative

justice
scheme;
other;

individual

No treatment
One

conferencing
session

Reconviction 2 years
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Table 5.1: Characteristics of randomised controlled trials of psychological interventions (continued)

Study Country Setting

Number of
randomised

partici-
pants

Number of
partici-
pants

followed-up

Sex Mean age

Psychological
interven-

tion, type
and format

Comparator
type

Duration of
the inter-

vention and
num-

ber/frequency
of sessions

Detailed
de�nition of
recidivism
outcome

Follow-up
period of

recidivism

Zlotnick
et al., 2009

USA

Residential
substance

abuse
treatment

program in a
minimum

security wing
of a women's

prison

49 44 Women
34.6

(SD = 7.4)

Seeking
Safety +

TAU;
CBT-based,
group TAU
(similar to
other state

prison
substance use

program)

6�8 weeks
total; 90 min,

typically 3
times per

week

Reincarceration 6 months

Messina
et al., 2010

USA
Prison for

women
115 115 Women

35.9
(SD = 9.6)

GRT using
manualized

curricula
(Helping
Women

Recover and
Beyond

Trauma);
other; group

Standard
prison

therapeutic
community

program

Helping
Women

Recover (17
sessions) and

Beyond
Trauma (11

sessions)

Reincarceration 1 year

Proctor
et al., 2012

USA Jail 185 183 Men
36.6

(SD = 11.1)

Interactive
journaling;

other;
individual

Placebo
(government
booklet on
substance

abuse
disorders and

criminal
behavior)

Not reported
Being booked
in the county

jail
1 year

J. Y. Sacks
et al., 2012

USA
Women's

correctional
facility

468 370 Women
35.1

(SD = 7.9)

Challenge to
change

therapeutic
community;
therapeutic

communities;
group

Cognitive
behavioral
substance

abuse
intervention

Planned
6-month
tenure;

program
activities

were
provided 4h
per day, 5
days per

week

Reincarceration 1 year

Bowes et al.,
2014

UK
Two medium-

security
prisons

115 109 Men
24.5

(SD = 5.7)

COVAID +
TAU;

CBT-based;
group

TAU

4 weeks total;
10 sessions;
approx. 20h

of group
treatment

and at least
4h of

individual
support

Reconviction
M = 518

days
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Table 5.1: Characteristics of randomised controlled trials of psychological interventions (continued)

Study Country Setting

Number of
randomised

partici-
pants

Number of
partici-
pants

followed-up

Sex Mean age

Psychological
interven-

tion, type
and format

Comparator
type

Duration of
the inter-

vention and
num-

ber/frequency
of sessions

Detailed
de�nition of
recidivism
outcome

Follow-up
period of

recidivism

Yokotani and
Tamura, 2015

Japan Prison 50 50 Men
41.5

(SD = 10.5)
PFI; other;
individual

No treatment

Letters were
sent over the

course of 3
months; 6

personalised
feedback
letters; 2
times per

month

Reentering
prison

M = 3.6
(range,
0.1�5.8
years)

Chaple et al.,
2016

USA Ten prisons 494 482
Both (women
[31.4%] and

men [69.6%])

36.6
(SD = 9.6)

E-TES;
CBT-based;
individual

Standard
care

12 weeks
total; 48

interactive,
multimedia

modules;
once a week

for 2h or
twice weekly

for 1h
(depending

on lab
availability)

Reincarceration 1 year

Kubiak et al.,
2016

USA
Prison for

women
42 35 Women

33.7
(SD = 8.9)

Beyond
violence;

other; group
TAU

20 sessions;
40 hours

total
Reincarceration 1 year

Burraston
and Eddy,

2017
USA

Four state
correctional

facilities
(releasing

institutions)

359 359
Both (women

[55%] and
men [45%])

31.4 PMT;
CBT-based;

group

Services as
usual

12 weeks
total; 2.5h
sessions, 3
times per

week

Mean (count)
of postrelease

arrests
1 year

Malouf et al.,
2017

USA Jail 49 31 Men
37.2 (range,

18�81)

REVAMP +
TAU; other;

group
TAU

4 weeks total;
90-minute

sessions
delivered
twice per

week

Rearrest 3 years

Hein et al.,
2020

USA
Juvenile
justice
setting

289 289 Men
14.9

(SD = 1.0)

SPST;
CBT-based;

group
TAU

10 one-hour
sessions

At least one
o�ense
during

follow-up
period

2 years

Gold et al.,
2021

Norway Prison 66 64 Men
26 (range,

18�53)

Music
therapy;

other; usually
group, but in

some cases
individual

Standard
care

Mean = 4.4
(0�12);

Typically 2�3
/week)

Serious
events,

excluding
writs

5 years
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Note. AC = attention control; CBT = cognitive behavioural therapy; CMT = cognition mediation training; COVAID = control of violence for angry, impulsive drinkers; EQUIP = equipping
youth to help one another; E-TES = experimental condition, therapeutic education system; GRT = gender responsive therapy; JRC = justice research consortium; MRT = moral reconation therapy;
MTC = modi�ed therapeutic community; PFI = personalised feedback intervention; PMT = parent management training; REVAMP = re-entry values and mindfulness program; SFBT = solution
focused brief therapy; SPST = social problem solving training; TAU = treatment as usual; YOU = young o�enders unit.
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5.3.1 Risk of bias of the included studies

Most trials were rated as presenting with concerns of bias (60%) or being at high risk

of bias (33%). Only two (Burraston & Eddy, 2017; Messina et al., 2010) were rated

as low risk of bias (Appendix D Table D.2). There was a low risk of bias in outcome

measurement for all as recidivism was ascertained from o�cial criminal records.

5.3.2 Meta-analysis

Overall, psychological interventions were associated with reduced reo�ending, with

a pooled OR of 0.72 (95% CI 0.56�0.92) and moderate levels of heterogeneity

(I 2 = 49%; Q = 57.3; p < .01, Figure 5.2). To prevent against overestimation

caused by small-study e�ects suggested by the literature and con�rmed by the

in�uence analysis, I pooled results excluding studies with less than 50 participants

in the experimental arm. The reduction in recidivism was attenuated in trials

with an intervention group of � 50 participants (OR = 0.87, 95% CI 0.68�1.11;

I 2 = 54%; Figure 5.3).

Subgroup analyses are presented in Figures 5.4 (by comparator type) and 5.5

(by intervention type). RCTs with control group of usual care were associated

with recidivism but not signi�cantly (OR = 0.97, 95% CI 0.70�1.34; I 2 = 59%).

When using waiting list (OR = 0.74, 95% CI 0.56�0.99; I 2 = 17%) or other

interventions (OR = 0.64, 95% CI 0.40�1.01;I 2 = 0%), the reduction in recidivism

was stronger although CIs were overlapping. By treatment modality, CBT-based

interventions were not associated with recidivism (OR = 1.00, 95% CI 0.69�1.44;

I 2 = 60%) neither were psychoeducational interventions (OR = 1.11, 95% CI

0.38�3.20; I 2 = 79%). Other types of interventions were associated with non-

signi�cant reductions in recidivism (OR = 0.74, 95% CI 0.47�1.18;I 2 = 44%).

However, there were reductions in reo�ending risk for TC programmes (OR = 0.64,

95% CI 0.46�0.91; I 2 = 0%).
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Figure 5.2: Forest plot of all studies (random-e�ects model). Numbers of participants
in the intervention and control groups are not available for Dugan and Everett (1998)

and Burraston and Eddy (2017), as the outcome was presented as continuous data rather
than dichotomous data in both of these studies.

5.3.3 Heterogeneity analysis

On univariate analyses, there was a statistically signi�cant di�erence between the

pooled e�ects of trials which included gender-speci�c samples when compared to

those which did not (Q = 4.30, p = 0.04). Gender-speci�c RCTs had associations

with reduced recidivism (OR = 0.67; 95% CI 0.50�0.90), whilst those including

both men and women did not (OR = 1.09; 95% CI 0.77�1.55). No other signi�cant

associations were found between e�ect sizes and pre-speci�ed study characteristics

in subgroup or meta-regression analyses (Table 5.2).
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Figure 5.3: E�ectiveness of psychological interventions in prison in reducing recidivism.
Data are reported on studies with an intervention group of � 50 participants, excluding
two outliers (Annis, 1979; Shapland et al., 2008). Error bars represent odds ratios 95%

con�dence intervals (CI).

Figure 5.4: E�ectiveness of psychological interventions in prison in reducing recidivism
by comparator type. Data are reported on studies with an intervention group of � 50
participants, excluding two outliers (Annis, 1979; Shapland et al., 2008). Error bars

represent odds ratios 95% con�dence intervals (CI).
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Figure 5.5: E�ectiveness of psychological interventions in prison in reducing recidivism
by intervention type. Data are reported on studies with an intervention group of � 50
participants, excluding two outliers (Annis, 1979; Shapland et al., 2008). Error bars
represent odds ratios 95% con�dence intervals (CI). CBT = cognitive behavioural

therapy.

5.3.4 In�uence analysis

Two studies (Hein et al., 2020; S. Sacks et al., 2004) that contributed dispropor-

tionately to the pooled e�ect were identi�ed using in�uence analyses in all RCTs.

Removal of these outliers reduced the degree of heterogeneity between studies from

moderate (I 2 = 49%) to low (38%), but did not materially alter the pooled e�ect

size (OR 0.73; 95% CI 0.58�0.91; Appendix D Figures D.2�D.4).

I found evidence of publication bias using Egger's test (t = -2.12, p = 0.04)

suggesting small-study e�ects. This �nding was supported by visual inspection of
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Table 5.2: Meta-regression analyses assessing the link between study characteristics and
risk of recidivism

Variable � SE p

Year of publication: � 1990 vs. <1990 -.195 .335 .560

Study origin: USA vs. elsewhere .097 .274 .722

Sample size (continuous) .000 .000 .671

Sex: sex-speci�c interventions vs. both -.404 .371 .276

Mean age (continuous) -.016 .018 .372

Age group: adolescents vs. adults -.161 .284 .570

Intervention type: CBT-based vs all other types -.217 .270 .422

Comparator type: usual care vs. waitlist/other .396 .301 .189

Follow-up time period (continuous) .074 .063 .239

Intervention format: individual vs. group/combination -.055 .348 .875

Intervention aimed at PIP with a SUD (dichotomous) -.283 .256 .269

Risk of bias: high vs. low/unclear -.146 .266 .583

Note. CBT = cognitive behavioural therapy; PIP = people in prison; SUD = substance
use disorder.

the related funnel plot, which showed asymmetry (Appendix D Figures D.5 and

D.6). Seven smaller studies were identi�ed and trimmed using the trim-and-�ll

method (Kubiak et al., 2016; Leeman et al., 1993; Lindforss & Magnusson, 1997;

Persons, 1967; S. Sacks et al., 2004; Shivrattan, 1988; Zlotnick et al., 2009), and

the OR adjusting for publication bias was 0.86 (95% CI 0.65�1.15).

5.3.5 Sensitivity analysis

The �xed-e�ect estimate (OR = 0.81; 95% CI 0.72�0.91;I 2 = 49%; Appendix D

Figure D.7) did not materially di�er from the random-e�ects model. Repeating

the meta-analysis by only including larger studies (i.e. � 100 participants in

the psychological-intervention group) resulted in a decrease of the strength of

the association to an OR of 0.90 (95% CI 0.71�1.14; Appendix D Figure D.7;

Cuijpers et al., 2010).
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5.4 Discussion

This chapter provides new evidence on the e�ectiveness of psychological therapy for

reducing recidivism, by being the �rst meta-analysis of RCTs, to my knowledge, to

study these treatments in jails and prisons. The e�ects are considerably smaller

than expert opinion has previously maintained based on 29 jail/prison�based RCTs

of 9,443 individuals from 7 countries. I conducted rigorous sensitivity, heterogeneity

and in�uence analyses to evaluate the robustness of e�ect estimates. Thus, studies

with less than 50 people in experimental arms were excluded to account for small-

study e�ects, resulting in 14 trials with 6,446 followed-up participants. I observed

an overall pooled OR of 0.87 (95% CI 0.68�1.11), indicating at most modest e�ects.

5.4.1 Main �ndings

This investigation highlights two other main �ndings. First, I found no strong

evidence of reduced reo�ending following participation in CBT-based prison-based

programmes (OR = 1.00, 95% CI 0.69�1.44;I 2 = 60%). This is in contrast with a

2007 systematic review combining both prison and community based interventions

that reported reduced risks of 20-30% (Lipsey & Cullen, 2007). One potential

explanation for the lack of clear e�ectiveness of such CBT interventions is that

they are not linked with psychosocial support upon release. It may also be that

these psychological therapies, which were developed for mental health problems,

do not address accommodation, employment, and �nancial di�culties after release

that contribute to recidivism risk (Hirschtritt & Binder, 2017).

A second �nding from the chapter is that participation in a therapeutic com-

munity was associated with reduced reo�ending risk. However, this �nding was

limited to only two studies (Prendergast et al., 2004; J. Y. Sacks et al., 2012), both

of which linked released prisoners to voluntary post-prison services. In support,

in one of these trials, links to community services were associated with a lower

return to custody rate than those who did not have these links (42% return rate

vs. 86%; Prendergast et al., 2004). Findings from a recent systematic review of

psychoeducational programmes for reducing prison violence are consistent with the
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potential role of TCs, as those tailored to speci�c needs (e.g. substance use disorder)

were associated with reduced institutional violence (Auty et al., 2017). Similar

results were reported in a Cochrane review of any persons who o�ended and had co-

occurring drug and mental health problems (Perry et al., 2019a), as three (J. Y. Sacks

et al., 2012; S. Sacks et al., 2004; Wexler, De Leon, et al., 1999) of the four included

studies (J. Y. Sacks et al., 2012; S. Sacks et al., 2004; Shapland et al., 2008; Wexler,

De Leon, et al., 1999) found TCs were associated with reductions in recidivism.

5.4.2 Implications

There are several implications of this chapter for treatments o�ered in prison.

First, in-prison interventions may not be e�ective if they are not linked with

interventions that target psychosocial needs of released individuals. As such,

two TC trials highlighted the potential importance of community aftercare to

maintain the therapeutic gains delivered in prison (Prendergast et al., 2004; J. Y.

Sacks et al., 2012). Hence, psychological interventions which combine prison and

community-based services should be prioritised for future research. As part of

this, it should be noted that recent e�orts to implement `through the gate' care

in the UK have been widely criticised due to lack of communication between

prisons and community services, and poor screening of people in prison early in

their sentences for resettlement needs (HM Inspectorate of Probation and HM

Inspectorate of Prisons, 2016). There are also systemic barriers to widespread

uptake in the US, where individuals with a previous conviction have limited access

to public housing assistance, health and social services, and few employment

opportunities (Raphael, 2011).

Second, most of the tested interventions were developed in the community or

clinical populations for other outcomes, and hence they may not address risk factors

speci�c for reo�ending. Any such risk factors may need to be identi�ed by high

quality assessment, which can then be linked to interventions for reducing recidivism.

As such, risk assessments should be informed by scalable and transparent clinical

prediction tools, such as OxRec which includes assessment of modi�able risk factors
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for recidivism (e.g. substance misuse and mental health status; Fazel, Chang, et al.,

2016), supplemented by more detailed assessments that consider additional dynamic

factors. Considering that resources allocated for interventions in prison populations

are limited (National Research Council, 2008), strati�cation of risk is necessary to

guide risk management and treatment of people on release from prison.

A third implication is regarding CBT. The modest e�ects that we reported are

di�erent to evidence from some reviews, including one published by the Campbell

Collaboration (Lipsey et al., 2007), which have suggested that CBT is one of the most

e�ective form of treatment for people in prison (Henwood et al., 2015; Landenberger

& Lipsey, 2005; Lösel & Schmucker, 2005; Pearson et al., 2002; Usher & Stewart,

2014; D. B. Wilson et al., 2005). However, these previous reviews combined RCTs

with less rigorous study designs including matched-subjects design. In addition, the

�ndings question the widespread roll-out of these treatment approaches in prisons.

In fact, only one (Bowes et al., 2014) of the six CBT studies (Armstrong, 2003;

Bowes et al., 2014; Burraston & Eddy, 2017; Chaple et al., 2016; Hein et al., 2020;

Robinson, 1995) in the current review reported signi�cant reductions in reo�ending.

Other research in more selected populations of all people who have o�ended and use

drugs has also found little support for CBT (Perry et al., 2019a; Perry et al., 2019b).

Another implication of the current chapter is that the e�ects of in-prison

psychological interventions on recidivism appear to be smaller than those reported

in previous meta-analyses, which have been estimated as around 0.65 (95% CI

0.57�0.75; Papalia et al., 2019). This is likely due to previous reviews including

poorer research designs, such as quasi-experimental studies (Weisburd et al., 2001).

This has also been found for psychotherapy e�ectiveness in depression, where

overall e�ectiveness was overestimated in earlier meta-analyses due to inclusion

of non-experimental designs (Cuijpers et al., 2010).

5.4.3 Research gaps

My analyses also highlight several evidence gaps. More research is required to

determine whether generic psychological interventions are e�ective in speci�c groups
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of incarcerated populations, such as those living with mental disorders other than

substance misuse. Research to date suggests that tailored individualised interven-

tions are associated with better treatment outcomes (Fontanarosa et al., 2013).

Moreover, to improve transition to the community, future research should develop

and evaluate the impact of follow-up community treatments in the community after

release. Greater consideration should be given to understanding the in�uence of

environmental factors within prisons on treatment e�ects. Potential e�ects could be

limited due to prisons not being primarily therapeutic environments, and prioritising

security over health and rehabilitation needs (Yoon et al., 2017). To understand

this, research comparing the e�ectiveness of the same treatment modality in prison

with community settings can provide information on how the prison environment

a�ects sustained behavioural change and what adaptations could improve their

e�ectiveness in prisons. Technology-based psychological interventions could also

potentially be leveraged to mitigate limited resources in custodial settings and

in turn improve reo�ending outcomes for people who experience incarceration,

although these were beyond the scope of this chapter. Some research has shown

promising e�ects (e.g. Grove et al., 2021), but RCTs of virtual therapy within

prisons are still few and far between.

5.4.4 Limitations

To the best of my knowledge, this chapter describes the �rst meta-analysis of

high-quality RCTs of the e�ectiveness of psychological interventions; however, there

are several limitations. The study selection process leading up to the full-text

screening stage was conducted by a single reviewer. The included trials were

delivered in HICs. The reason for this could be two-fold: either very few to no

psychological interventions are implemented in justice settings in LMICs, or some do

exist, but they are not researched in current practice (particularly when it comes to

experimental study designs). Another review expanded the search to include quasi-

experimental designs, yet still no studies from LMICs were found (Papalia et al.,

2019). In addition, the number of included studies was not large (k = 29), which
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underlines the legal, practical and ethical challenges of conducting high-quality

research in prisons (Farrington & Welsh, 2005; Quina et al., 2007; Yoon et al., 2017).

One speci�c problem encountered when conducting clinical research in these settings

is high dropout rates, which often result in small and selected samples. Prisons and

especially jails have high turnover rates and, participants are likely to be released or

transferred unexpectedly (Lobmaier et al., 2010). There were not su�cient studies

to produce meta-analysis results for violent reo�ending�notwithstanding it being

the main focus of this thesis�and thereby �ndings from general recidivism need

to be extrapolated until further research is carried out.

Furthermore, despite limiting inclusion to the most robust study design of RCTs,

only 7% of the included studies had low risk of bias. The most a�ected domains

were randomisation and deviations from the intended interventions. The di�culty

associated with blinding sta� and participants to the assigned intervention is likely

to have contributed to increased risk of bias in these two domains. There was also

evidence of selective publication of smaller studies based on their e�ect size (i.e.

some of those with small e�ect sizes were missing), which indicated that myinitial

pooled estimate of all studies (OR = 0.73) was overestimated due to publication

bias (Borenstein & Higgins, 2013). Sex-speci�c analyses comparing estimates

in women and men could not be performed due to the insu�cient numbers of

women-only samples.

5.5 Conclusion

5.5.1 What this chapter adds

This chapter provides a synthesis of current research on the e�ectiveness of psycho-

logical interventions delivered in prisons aimed at reducing post-release recidivism.

The �ndings di�er from those of previous meta-analyses, and the e�ectiveness

of psychological interventions delivered in prison is therefore less than previously

assumed, with at best modest e�ects. Most intervention e�ects, particularly for

CBT, are small and statistically insigni�cant, but some merit additional study

and replication. Consequently, trials of TC interventions and related approaches
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that facilitate the continuity of treatment after prison release should be prioritised.

Considering high rates of recidivism (Petersilia, 2011; Yukhnenko et al., 2019), and

its consequences for public health and safety (Newton et al., 2019; Steinfeld et al.,

2018), simple large RCTs on the e�ectiveness of psychological interventions in

prison are necessary.

Contribution statement

This chapter is based on the published work:Beaudry, G., Yu, R., Perry, A.

E., & Fazel, S. (2021). E�ectiveness of psychological interventions in prison to

reduce recidivism: a systematic review and meta-analysis of randomised controlled

trials. Lancet Psychiatry, 8(9), 759�773. I designed the study, conducted the

data search, extraction, analyses, and prepared the tables and �gures under the

supervision of Prof Seena Fazel and Dr Rongqin Yu. I also wrote the �rst draft of

the manuscript and implemented the contribution of the co-authors and external

reviewers up to �nal publication.

5.5.2 Next chapter

Together, the �ndings of the present chapter indicate that there is only minimal

evidence to support the e�ectiveness of widely implemented psychological interven-

tions for people in prison to reduce reo�ending; thus, answering the third thesis

research question (see Chapter 1). The next chapter (Chapter 6) will provide a

general discussion of the thesis �ndings, and their implications for clinical practice,

research and policy. I will also discuss potential new avenues of research that could

build on my doctoral work, and more broadly on recent research in risk prediction

and prison public health. I will then present overarching strengths and limitations,

and �nally provide concluding remarks for this programme of research.
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6.1 Summary of the thesis

This thesis aimed to provide a comprehensive body of research relating to violent

reo�ending amongst people released from prison, with a particular focus on vio-

lence risk assessment, modi�able risk factors and psychological interventions. I
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employed an evidence synthesis approach (systematic review and meta-analysis)

to answer research questions (R1 & R3) by identifying and summarising all the

relevant individual prevalence and interventions studies, as relevant. Advanced

statistical methods were also used to evaluate the predictive validity of an existing

violence risk prediction model (OxRec) in new samples of individuals who have

experienced incarceration (R2). In this �nal chapter, I will speci�cally address the

research questions previously detailed in Chapter 1 by summarising these analytical

procedures and the principal �ndings from the aforementioned empirical studies.

Further, I will discuss the originality of my doctoral research programme, as well as

its general strengths and limitations. Implications for research, policy and practice

will be detailed. I will also explore remaining knowledge gaps and potential future

directions as informed by the current scienti�c literature.

6.2 Overview of �ndings

6.2.1 What is the prevalence of mental disorders amongst
adolescents in juvenile detention and correctional
facilities?

Chapter 2 synthesised the global prevalence of treatable mental disorders amongst

adolescents in juvenile detention and correctional facilities. Building on a previous

meta-analysis of 25 surveys of psychiatric morbidity (Fazel, Doll, et al., 2008), I

broadened the scope of search by including an additional disorder (PTSD) and

extending the time period of included studies by more than ten years. This

updated search strategy identi�ed 22 new prevalence studies, bringing the total to

47 studies from 19 di�erent countries, none of which were LMICs. Major depression

(about 1 in 10) and ADHD (about 1 in 5) were the two most prevalent mental

disorders in male adolescents. One in four female adolescents were also diagnosed

with major depression, and one in �ve had current PTSD. I found that major

depression and PTSD were more prevalent amongst female adolescents compared

with male adolescents, and the rate di�erence was similar to that observed in the

general population. Most prevalence estimates remained stable over time, with
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the exception of ADHD and conduct disorder, of which the prevalence increased

in the past decade. Results also highlighted the di�erential distribution of disease

prevalence by age group (adolescents vs. adults) amongst people who experience

incarceration. This �nding is important because it suggests that a universal approach

to resource planning and allocation might be inadequate for prison mental health

care. Widening access to treatment services and improving the general quality of

care for detained adolescents is crucial to prevent further criminality in adulthood,

especially when considering that psychiatric disorders are modi�able risk factors

for violent reo�ending.

6.2.2 What is the predictive validity of a violence risk
prediction tool (OxRec) across di�erent geographical
settings (Tajikistan and England)?

A prediction model for violent reo�ending amongst people released from prison

(OxRec) was validated in Tajikistan (Chapter 3) and England (Chapter 4). This

particular model has the advantage of being transparent; both in the reporting of

study methods and performance measures at the development and validation stages,

and in terms of its published regression formula. It is also scalable, and thereby

addresses many limitations of commonly used tools for violence risk. Following

an incremental validation strategy�which took the form of a simple recalibration

in England, and was supplemented by the selective re-estimation of coe�cients

for a single predictor (i.e. length of incarceration) in Tajikistan�both of these

external validation cohort studies suggested that OxRec had good discrimination

and calibration in predicting violent reo�ending after release from prison. OxRec

demonstrated robust predictive performance in these new geographical settings,

despite considerable di�erences in social, cultural and economic contexts compared

to the original development setting (Sweden). This is particularly noteworthy in

Tajikistan given that no other validation study has been conducted in an LMIC

to date, and that LMICs have been neglected in prison health research more

broadly. The results suggest that OxRec, and other high-quality risk assessment

tools developed in HICs, could be generalisable to other LMICs pending some
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operationalisation modi�cations (mostly to predictor de�nitions) to ensure that

they are well adapted to the local context. Prior to the widespread adoption of

OxRec in Tajikistan, England and other countries, feasibility and clinical impact

studies should be undertaken to anticipate potential operational di�culties arising

from its implementation. Such approach has been used for other risk assessment

tools from the OxRisk initiative, spearheaded by the Forensic Psychiatry and

Psychology group at the University of Oxford (Beaudry et al., 2022; Cornish et al.,

2019; Forsman et al., 2022; Senior et al., 2020; Zhong, Yu, et al., 2021). Taken

together, the �ndings of this research support the idea that OxRec has the potential

to improve violence risk strati�cation in individuals who experience incarceration,

and thereby optimise the allocation of e�ective interventions for violent reo�ending.

6.2.3 What is the e�ectiveness of psychological interven-
tions on recidivism after release from incarceration?

Chapter 5 evaluated the e�ectiveness of psychological interventions delivered in

prisons and jails on recidivism following release. The generalisability of most

published meta-analytic research on this topic is problematic due to the inclusion

of studies of varying methodological quality and sample size. Previous reviews

have also focused on speci�c types of interventions (e.g. CBT) or groups (e.g.

individuals who use drugs). The purpose of this chapter was to provide robust and

comprehensive e�ectiveness estimates. In order to do so, inclusion was limited to

RCTs only. Overall, I found that the bene�cial e�ects of psychological interventions

in prison for recidivism had been previously overestimated, and that these were

at best modest (OR = 0.72, 95% CI 0.56�0.92) based on the 29 eligible RCTs. I

further tested the robustness of therapeutic e�ects by removing smaller trials

(with less than 50 individuals in the intervention group), and these were no

longer associated with decreased odds of reo�ending (OR 0.87, 95% CI 0.68�1.11).

Contrary to previous meta-analyses, CBT-based interventions were not e�ective in

reducing recidivism (OR = 1.00, 95% 0.69�1.44). Rather, therapeutic communities

had the strongest e�ects, although this was only based on evidence from two
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large included trials (OR = 0.64, 95% CI 0.46�0.91). Nevertheless, this result

warrants further investigation to evaluate cost-e�ective interventions that extend

continuity of care to community settings. These �ndings suggest that in general,

widely implemented psychological interventions in prison require improvement

in order to e�ectively reduce recidivism. This has important implications for

future violence risk assessment strategies, as even the best prediction models will

have very limited bene�ts if individuals identi�ed as high risk are exposed to

relatively ine�ective therapies.

6.3 General strengths and limitations

The studies described in this thesis have various strengths and limitations, most

of which have already been discussed comprehensively in the previous empirical

chapters (Chapters 2�5). Thus, in the section that follows, I will focus on the

overarching strengths and limitations with the aim to provide an unbiased and

in-depth overview of the research that constitutes this thesis.

The methods employed have many strengths. I applied rigorous statistical

methods�meta-analysis (meta-regression where possible) and validation approaches

for predictive modelling�to address key evidence gaps in the �elds of prison public

health and violence risk prediction. The underlying methodology was developed

according to best practice in systematic reviews (Higgins & Green, 2019) and

clinical prediction modelling research (McLernon et al., 2022; Royston & Altman,

2013; Steyerberg, 2009; Steyerberg & Vergouwe, 2014; Van Calster et al., 2019).

It has been described in detail throughout the various chapters to ensure the

reliability and transparency of the research (Bell, 2017). I preregistered the search

protocol for the systematic reviews (Pieper & Rombey, 2022), and developed

extensive analysis plans for both validation studies. These were also validated by

an independent ethical approval process, when appropriate. Preregistration ensures

that the performed analyses are con�rmatory (rather than exploratory) and outcome-

independent (rather than outcome-dependent), which in turn reduces the risk of

bias (e.g. selective reporting) (Hardwicke & Wagenmakers, 2022; Nosek et al., 2018).
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A further advantage of preregistration is that it allows other researchers to evaluate

the risk of bias independently, and adopt a critical perspective when evaluating the

data and the resulting conclusions (Hardwicke & Wagenmakers, 2022).

Nevertheless, there are inherent limitations to this thesis, one of which being

that I did not employ machine learning methods. The number of machine learning

prediction model studies is increasing rapidly (Collins & Moons, 2019); yet, these

are few and far between in prison public health and forensic psychiatry. As such,

a systematic comparison of the predictive accuracy of regression-based prediction

models and those based on machine learning is lacking in these �elds of clinical

medicine. At the start of my DPhil in October 2018 (Michaelmas 2018), I had aimed

to compare and contrast, with a given data set, the ability of a Cox proportional-

hazards model and a machine learning technique to predict violent reo�ending

amongst adolescents exposed to the criminal justice system. My original research

plan also proposed to expand and enrich the discussion surrounding the use of

machine learning to predict recidivism, taking into consideration of the risk factors

that would have been identi�ed in the prognostic model. The �ndings were expected

to help identify young people at high risk of violent reo�ending, and hence o�er

them better tailored interventions, and improve public health programmes to

reduce youth crime.

These analyses were to be conducted in a large provincial data set of people with

convictions in British Columbia (BC; Canada). The British Columbia Inter-Ministry

Research Initiative (IMRI) combines records from publicly funded programmes

of three independent provincial government entities: justice, health and social

development (Rezanso� et al., 2013). Information sharing agreements between

the BC ministries and Simon Fraser University (SFU) oversee the IMRI (Somers

et al., 2016). Given that access to the database requires security clearance and is

limited to on-site authorised users, it was estimated that this would require me to

spend approximately one month performing data analyses under the supervision of

Professor Julian M. Sommers at SFU. In January 2020, I visited our collaborators at

SFU to conduct preliminary analyses and discuss my upcoming research �eldwork,
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which was originally planned for March 2020. However, my �eldwork was �rst

postponed, and eventually cancelled due to the ongoing pandemic.

By then, I had already completed the reviews (Chapter 2 & 5), which did

not necessitate ethical approval nor external data sources. Whilst developing

alternative DPhil research projects with my supervisors and securing access to new

data sources, I led on another review that aimed to synthesise the evidence on

outbreaks of highly contagious diseases in prison to inform public health responses

to COVID-19 (Beaudry et al., 2020). I was fortunate to gain access to two additional

data sets from Tajikistan and England during the second wave of the pandemic,

although these were comprised of adult subjects rather than adolescents. This

meant that I had to broaden the scope of my DPhil, by focusing on adults who had

experienced incarceration, rather than solely adolescents. Despite being unable to

complete my initial research plans, and incorporate machine learning prediction

algorithms in this body of work, it is anticipated that the present research will make

signi�cant contributions to enhancing the assessment and treatment of violence

risk in prison populations across the globe.

Some principles of open science in mental health research were not followed

in this thesis (Bell, 2017). I did not publish my statistical analysis code on a

repository (e.g. GitHub) and some data (relating to validation samples from

Tajikistan and England) could not be made publicly available for con�dentiality

reasons. This is to be expected when conducting research with criminal o�ence data,

as the personal information of people with convictions is treated with the highest

standards of con�dentiality in most jurisdictions. Most empirical chapters have now

been published in scienti�c journals; however, I did not consider publishing earlier

versions of the articles as preprints (Bell, 2017), which could have accelerated the

dissemination of my academic work, generated additional feedback and facilitated

collaborations, especially in the context of the pandemic (Sarabipour et al., 2019).

Another consideration is that, although best practice was followed for the

validation studies of OxRec, one of the tool developers (Prof Seena Fazel) was

involved in the study design and the interpretation of results. This is noteworthy
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especially because there is evidence of authorship bias in existing validation studies

of violence risk assessment tools (Singh et al., 2013). Authorship bias occurs

when researchers who initially developed the model also validate it (rather than

independent investigators) and it can result in performance overestimation (Boutron

et al., 2010; Ochodo et al., 2013). For instance, a recent meta-analysis analysed

separately independent validation studies and those in which tool developers were

co-authors, with �ndings suggesting an overestimation of predictive performance

in the latter (Fazel, Burghart, et al., 2022). This potential authorship e�ect was

mitigated in that I conducted the analyses and �rst interpreted the results under

the direct supervision of my other supervisor (Dr Rongqin Yu).

6.4 Implications for research, remaining evidence
gaps and future directions

6.4.1 Psychiatric epidemiology

The literature on the prevalence of psychiatric disorders in adult prison populations

has been extensively characterised (see for instance, Baranyi et al., 2019; Fazel,

Hayes, et al., 2016; Fazel and Seewald, 2012; Fazel, Yoon, et al., 2017). Similar

synthesis e�orts were previously undertaken for adolescent criminal justice popula-

tions (Fazel, Doll, et al., 2008), but these prevalence estimates are now outdated

due to a large amount of research being published in the last decade. Chapter

2 updates the evidence base on the prevalence of common and treatable mental

disorders amongst adolescents in juvenile detention and correctional facilities. The

results con�rm the high burden of mental illness in adolescents who experience

detention compared with their general population counterparts. Prevalence trends

have direct implications for future mental health care provision, and most of these

have remained stable over time. It can therefore be assumed that there is no

pressing need for undertaking further prevalence studies (at least in HICs), but

rather that future research e�orts should be directed at developing evidence-based

interventions to improve mental health outcomes.
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However, additional prevalence research is needed in LMICs, as no primary

studies from these countries were identi�ed in the context of this thesis (Chapter

2). Various strategies could be employed in an attempt to obtain comprehensive

prevalence estimates from LMICs. For instance, focus groups and interviews could

be conducted with clinicians and justice professionals based in LMICs to adapt the

current search strategy to better re�ect the local terminology (e.g. borstal) (Atilola,

2021). This could potentially yield relevant new studies or those otherwise missed.

Whilst global estimates are needed to reliably examine trends and anticipate future

burden on health services (Frank et al., 2019), regional estimates are the most

helpful for public health policymakers to establish mental health priorities (Neufeld,

2022; Signorini et al., 2017). Thus, future meta-analyses would also bene�t from

aggregating prevalence data by region or continent, as these �ndings should better

re�ect regional level needs, and in turn improve public policymaking based on local

applicability to reduce mental health-related inequalities between countries (Lavis

et al., 2004). This was not possible in the current review, given that there were

not enough studies to aggregate them to the region/continent level.

The current prevalence of some psychiatric disorders (i.e. ADHD and conduct

disorder) in the adolescent criminal justice population has increased over recent

decades. Potential reasons for this have been discussed in Chapter 2, but these

remain largely unclear and will require further study. Importantly, changes to ADHD

prevalence estimates over time have not been mirrored in the general adolescent

population (Thomas et al., 2015). Hence, it could be conceivably hypothesised

that factors which have been known to increase the risk of involvement in the

criminal justice system, such as di�culties in childhood/adolescent health and

development, and others related to experiencing incarceration, may provide insight

into this group-speci�c increase (Hughes et al., 2020). Increased awareness and

screening of ADHD in correctional facilities could also have played a role. As for

conduct disorder, the extent to which the prevalence has changed over time in the

general adolescent population is still a matter of debate (Collishaw et al., 2004;

Erskine et al., 2013; Fombonne, 1998), and this makes comparison to the trends
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observed in the adolescent criminal justice population more di�cult (Fairchild

et al., 2019). This might be further complicated by the fact that the prevalence

could be overestimated in incarcerated young people owing to overdiagnosis of

conduct disorder. Overdiagnosis due to overlapping symptoms (and behaviours)

is a possibility, considering the signi�cant comorbidity between conduct disorder

and criminality (Copeland et al., 2007; Merten et al., 2017).

It is still not known if imprisonment throughout adolescence might aggravate

preexisting mental health conditions or possibly cause new ones. There is some

qualitative evidence for this in adult women (Harner & Riley, 2013), although

�ndings from this thematic analysis should be interpreted with caution given

that responses varied considerably between individuals. The association between

incarceration and mood disorders, such as major depressive disorder and bipolar

disorder, has previously been established in adult individuals using US data (i.e.

the National Comorbidity Survey Replication) (Schnittker et al., 2012). Yet, these

�ndings are yet to be replicated in other jurisdictions, despite this investigation being

published nearly a decade ago. Further cohort studies using a within-individual

design will need to be undertaken to investigate the potential association between

incarceration and mental health outcomes amongst adolescents, and the possible

underlying mechanisms.

6.4.2 Psychological interventions

Numerous large-scale systematic reviews have suggested that psychological inter-

ventions commonly delivered to people in prison, most notably CBT, are e�ective

for reducing recidivism (see for instance Papalia et al., 2019). Chapter 5 contradicts

partially the previous evidence, as it �nds that the e�ects of treatments o�ered

in prison for repeat o�ending have been overestimated in earlier meta-analytical

studies. This represents a major implication for prison health research, similar

to that observed in the literature on the e�cacy of psychological interventions

for adult depression (Cuijpers et al., 2010). Together, these results point towards

a clear need for more e�ective interventions to reduce violent reo�ending, which
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also requires considerable improvement to the general quality of e�cacy trials

in prisons and other closed settings.

Therapeutic communities and interventions that ensure continuity of care in

community settings were identi�ed as the most promising intervention types, albeit

this �nding being based on a very small number of trials. These interventions have

two clear advantages over other types of treatment; they tend to be devised for

delivery in custody settings and to target speci�c psychosocial needs for released

individuals, such as substance misuse. Failure to meet basic needs on release

including adequate medical treatment (both relating to physical and mental health),

safe housing and employment opportunities contributes to repeat o�ending, with

individuals eventually returning to their initial criminal behaviour as a way of

supporting themselves and their families. This also increases the risk of all-cause

morbidity and mortality for formerly imprisoned persons, notably with regards

to drug overdose (Binswanger et al., 2013). Thus, transitional care interventions

that directly address those needs, which have shown promising results in several

vulnerable populations (for instance amongst formerly incarcerated adults with

substance use disorders (Burns et al., 2022), and people with severe mental illness

and a history of homelessness (Aubry et al., 2015)) should be prioritised for further

investigation. Better integration of prison health care with wider public health

structuring, and improved linkage of electronic health care records between prisons

and community services is likely to facilitate such liaison e�orts (Bellass et al., 2021).

The dearth of methodologically robust RCTs evaluating psychological therapies

in custodial settings may be attributable to methodological obstacles (Quina et al.,

2007). This is also likely linked to longstanding insu�cient government investment

in prison health care, particularly in LMICs, which might translate into di�culties

to conducting clinical trials that adhere to the highest research standards and

best practice ethical guidelines. Carrying out research in prisons and other closed

settings may be further complicated by the fact that these are not inherently

therapeutic environments, with various ethical, structural and security concerns

at stake. Nevertheless, these potential challenges should not undermine research
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e�orts, and thus there is an urgent need for additional work to improve existing

procedural guidance on the ethical conduct of prison health research (Ako et al.,

2020). Although some progress has been made in recent decades to close the

ethical treatment gap (Byrne, 2005; Fox et al., 2011; Innes & Everett, 2008;

Quina et al., 2007; Wakai et al., 2009), it has mostly been restricted to HICs,

thereby further contributing to disparities in health research outputs between these

countries and LMICs (Ako et al., 2020).

6.4.3 Risk assessment

Risk assessment tools are frequently employed in the criminal justice system. Such

tools are intended to assist criminal justice professionals in making decisions at

several points in the legal pathway about sentencing, supervision and treatment.

When developed, validated and implemented according to best practice, prediction

models should improve decision-making and subsequent criminal outcomes (Fazel,

Sariaslan, et al., 2022). Yet in practice, many of these tools have important

practical and methodological limitations (see Chapters 1 & 3�4, or alternatively

Fazel, Burghart, et al., 2022 & Fazel, Sariaslan, et al., 2022 for more detail), and a

small minority have been validated in settings that di�er from the one in which they

were initially derived. This is especially the case for LMICs, where to my knowledge,

no risk prediction models for recidivism have been derived nor validated. Chapters 3

and 4 extend the current evidence by establishing the predictive accuracy of OxRec in

two additional countries (Tajikistan and England), and their �ndings expand upon a

previously reported external validation study in the Netherlands (Fazel et al., 2019).

Overall, the reported accuracy, discrimination and calibration in these external

samples provide strong evidence for the transportability of the model to samples

other than the Swedish cohort used for the development of OxRec. Importantly, no

systematic overestimation of risk was observed in any of these validations�a concern

which would have important legal rami�cations (Fazel, Sariaslan, et al., 2022).
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Very few prediction models have been validated more than once in a population-

based setting (Fazel, Burghart, et al., 2022), despite cardiovascular research indicat-

ing that single validations provide limited information on predictive performance

(Wessler et al., 2021). To date, OxRec has been externally validated three times,

and subsequent validations are underway in Finland, Norway and Estonia. Future

research should strive to align with recent calls for more rigorous stewardship

surrounding the construction and the validation of predictive algorithms (Adibi

et al., 2020; Eane� et al., 2020; Wessler et al., 2021). As previously suggested by

Eane� et al. (2020), this could take the form of an online repository for prediction

models currently in use, whereby results, predictive measures and the �nal models

would be reported in a transparent manner. Such resource would require regular

maintenance, recalibration and updating (Wessler et al., 2021), but it is expected that

the potential bene�ts would be worth the ensuing economic costs, time investment

and resource implications (Guinney et al., 2017).

In a broader data sharing perspective, development and validation databases

could also be openly shared in a secure and responsible manner to widen access

to clinical data on people experiencing incarceration (Adibi et al., 2020). This

would likely improve scienti�c rigour in the �eld by increasing accountability

between researchers, and also enable them to gain a more detailed understanding of

health and justice data through multidisciplinary and international partnerships

(Guinney et al., 2017). Clinicians and policymakers would also bene�t from more

transparent approaches to prediction modelling, as these would facilitate more

informed decision-making regarding the use of risk assessment tools, particularly

with respect to evidence-based treatment allocation (Fazel, Sariaslan, et al., 2022).

Whether OxRec could enhance current risk assessment and management prac-

tices, and thereby contribute to reducing violent reo�ending is an empirical question

that remains to be addressed. Parallel to ongoing validation e�orts, implementation

studies will be needed to determine the feasibility, impact and utility of this tool

in various criminal justice settings. Ethical (e.g. potential harms), economic (e.g.

direct and indirect costs) and practical considerations (e.g. linkage to available
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treatment and interventions after being labelled as `high risk' by the tool) are central

to the utility testing and successful implementation of such models (Fazel, Sariaslan,

et al., 2022). Those would be best assessed in RCTs, although such research designs

are rare with regards to clinical prediction models. Cloud infrastructures could be a

cost-e�ective alternative to standard randomisation procedures (Adibi et al., 2020),

particularly in low-income settings where investment in prison health research is

often suboptimal (Ako et al., 2020). For instance, eligible individuals who experience

incarceration, justice professionals or clinicians, and custodial settings could be

identi�ed via the aforementioned sharing strategies and subsequently randomised

to two or several approaches for them to be readily evaluated. This would allow for

all processes and outcomes to be compared in real time, and thus facilitate rapid

clinical translation if and when results are conclusive (Adibi et al., 2020).

The extent to which more complex methods for developing prediction models

in criminal justice, such as machine learning, will improve their prognostic value

is also an area for future research. In fact, it has been suggested that machine

learning techniques (e.g. neural networks) could have an advantage over traditional

statistical models when analysing very large datasets. As such, these methods could

have the potential to uncover associations between predictor variables and a given

outcome, which remain unaccounted for in traditional linear models, particularly

where the number of predictors and their interactions are very large (Jordan &

Mitchell, 2015; LeCun et al., 2015). Few investigations have undertaken such

approach in criminal justice research (see for instance, Takahashi and Evans, 2018),

and the conclusions arising from their analyses are highly limited by small sample

sizes, which undermine the generasibility of their results (Banerjee et al., 2021;

Navarro et al., 2021). Moreover, evidence from other branches of science, such as

oncology (Dhiman et al., 2022), has not been conclusive, with no improved bene�ts

of machine learning over traditional statistical models (in terms of performance)

(Chen & Asch, 2017; Christodoulou et al., 2019; Shillan et al., 2019; Shung et

al., 2019; Song et al., 2021; W. Wang et al., 2020). Nevertheless, additional

research on machine learning methods in criminal risk prediction is warranted,
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as improvements to performance could result in added bene�ts for individuals

who are involved in the justice system. These potential bene�ts would need

to be weighed against the additional statistical complexity introduced by these

novel approaches, which may result in longer administration times and further

complicate risk communication. Over�tting, which occurs when too many predictors

or features are added relative to the sample size, and general lack of transparency

in arti�cial intelligence prediction models would also require consideration. These

methodological concerns impede on the interpretability of identi�ed associations

between the outcome and predictors, and this could ultimately prevent against

successful translation into clinical practice (Collins & Moons, 2019).

An alternative approach that has been pursued in cardiovascular prediction

research to improve predictive performance is to derive sex- and age-speci�c models,

which are then calibrated to speci�c risk regions. Such approach (SCORE2; SCORE2

working group and ESC Cardiovascular risk collaboration, 2021) has been found

to improve risk discrimination compared to a previous, simpler model (SCORE;

Conroy et al., 2003) with an increased ability to identify individuals at higher risk

of developing cardiovascular diseases (CVD), particularly amongst the younger

population. The rationale for this model revision was that its �rst iteration lead to

risk misestimation in certain circumstances due to varying CVD risk levels between

subgroups and regions (SCORE2 working group and ESC Cardiovascular risk

collaboration, 2021). Considering that previous research clearly suggests that there

are age-, sex- and region-based di�erences in the incidence of violent reo�ending

and related risk factor distributions (similar to that observed with CVD) (Chang

et al., 2015; Fazel, Chang, et al., 2016; Sariaslan et al., 2020), future work should be

undertaken to investigate whether a similar methodology could be used to improve

and re�ne OxRec. Further, including age-speci�c interactions for some predictor

variables of which the association with violent reo�ending varies with age (e.g.

psychiatric disorders) should also be considered (Chang et al., 2015). This also

relates to Chapter 2 which further demonstrated that the prevalence of speci�c

mental disorders di�ers between age groups (adolescents vs. adults). If OxRec was
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re�ned using registry data based on this procedure for derivation and that new

epidemiological data with age- and sex-speci�c information were made available, the

model could be easily updated at a country-level (both in HICs and LMICs based

on Chapters 3 & 4) to re�ect future violent reo�ending incidence and risk factor

pro�les (SCORE2 working group and ESC Cardiovascular risk collaboration, 2021).

As for treatment allocation strategies that are informed by prediction models,

further empirical work is required to determine to what degree people released from

prison actually bene�t from these individualised treatment decisions. Prediction

research related to COVID-19 has suggested that individuals who are most likely

to bene�t from e�ective interventions should be prioritised for treatment, rather

than those who are simply at higher risk of the outcome (violent reo�ending,

in this case) (de Jong et al., 2022). To reliably identify people who stand to

bene�t the most from these treatments, however, sophisticated models that forecast

(counterfactual) individual outcomes for all available interventions options and their

potential consequences are required (Hoogland et al., 2021; Nguyen et al., 2020).

This would also involve estimating di�erential treatment e�ects for every given

individual (with vs. without treatment) (Hoogland et al., 2021), and therefore

whether this is feasible in prisons and jails is unclear at present.

6.5 Implications for policy and practice

Violent reo�ending is a pressing public health issue that not only impacts in-

dividuals�whether they be victims or perpetrators�but also communities and

society. This thesis raises a number of policy and practice implications for better

addressing violent reo�ending amongst people released from prison in a public

health perspective. Thus, the following section details key considerations that stem

from the �ndings of each empirical chapter.

Chapter 2 demonstrates that the adolescent criminal justice population is

characterised by elevated psychiatric morbidity, as indicated by higher prevalence

rates for multiple mental disorders compared with those observed in the general

adolescent population. A wealth of research suggests that poor mental health and
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exposure to the juvenile justice system increase the likelihood of future o�ending,

yet access to adequate mental health care in correctional facilities is rare in LMICs

and highly variable between HICs (see for instance Hughes et al., 2020). This

should be noted by policymakers in order to rethink legal pathways for children

and adolescents who commit crimes, particularly those who have mental health

conditions and those who fall under the age of criminal responsibility. Future

policies should prioritise alternatives to prosecution in the criminal justice system,

such as diversion programmes and restorative actions, and prioritise immediate

linkage to high-quality community psychiatric care or inpatient services, when

needed (Lucas & Staines, 2022).

Chapter 5 �nds that widely implemented psychological interventions in prison

have little to no bene�cial e�ects in reducing recidivism. Notably, few robust trials

were identi�ed in this systematic review, and none were from LMICs. Therefore,

there is a clear need for investment in research to develop new e�ective interventions

and to improve existing ones that have shown promising preliminary results,

particularly therapeutic communities. Sex-speci�c interventions should also be

further evaluated, as these were found to be e�ective in subgroup analyses. Such

research is especially needed in LMICs, but this will also require considerable

advocacy work to mitigate societal stigma surrounding prison populations in those

settings, as this has historically translated into a general reluctance from governments

to invest in prison health research (Ako et al., 2020). This area of research could

inform much-needed policy and practice changes in the provision of psychological

treatment within prisons, and improve transition and community-based programmes

for those leaving prison (Scheyett, 2022).

Chapters 3 and 4 tested the external validity of OxRec and found good predictive

performance in Tajikistan and England. This underlines the possibility of integrating

high-quality risk assessment tools in current clinical decision-making practices to

guide the allocation of limited resources within prisons, such as e�ective psychological

interventions, and reduce costs. Prediction models could also be used to inform

decarceration e�orts and redirect individuals at lower risk of violent reo�ending
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to community-based sentencing programmes (Fazel, Sariaslan, et al., 2022). In

recent years, strategies that reduce incarceration of people who inject drugs and

cost-e�ective interventions to diagnose, treat and prevent blood-borne viruses have

yielded some bene�ts in several LMICs from Eastern Europe and Central Asia,

particularly in Azerbaijan (Altice et al., 2016; WHO, 2019). Similar approaches

to other serious and often co-occurring health problems that disproportionately

a�ect individuals interfacing with the criminal justice system should be considered

(Fazel, Bromberg, et al., 2022), as the provision of health care is the most e�ective

method for reducing recidivism and enhancing prison public health, especially when

embedded within a harm reduction perspective (Altice et al., 2016). Potential savings

from e�ective decarceration strategies could then be reinvested by governments into

prison health research funding and towards the costs of employing additional health

professionals in correctional facilities to improve service provision for mental health.

To facilitate these reforms, a task force of clinicians, researchers, ethicists, legal

experts, individuals with lived experience of incarceration and other stakeholders

could be convened to advise on new developments in risk prediction. How best to

translate clinical evidence into integrated policy and system approaches to violence

prevention, identi�cation and rehabilitation also need to be carefully considered

(Sanci, 2019; Wathen & MacMillan, 2018).

6.6 Conclusions

Despite being largely predictable and preventable, violent reo�ending amongst

people released from prison remains a major public health issue worldwide. Novel

approaches to violence risk assessment have been developed and trialed in this key

population over the past decades. Yet, the �eld of prediction modelling and its

applications in prison health research are marked by important methodological

limitations, and LMICs have historically been overlooked. Moreover, the bene�cial

consequences of being classi�ed as high risk for violent reo�ending are few and

far between, with meta-analytical research suggesting that widely implemented

psychological interventions in prison have at best modest e�ects on recidivism. This
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translates into a reluctance to implement these tools in criminal justice settings, a

concern with which other prediction models in cardiovascular and cancer domains

are not necessarily met. Further, access to mental health care in prisons remains

scarce, notwithstanding high prevalence of mental illnesses and substance use

disorders in adolescent and adult prison populations, and their importance as

modi�able risk factors for violent reo�ending. Adequately developed and validated,

high-quality violence prediction models (such as OxRec) have the potential to

enhance risk strati�cation, and in turn inform decarceration e�orts and linkage to

e�ective treatment. However, large clinical trials in prisons are needed to improve

existing psychological interventions and develop new ones. Such approach is likely

to generate considerable savings that could be reinvested within the criminal justice

system to improve the general quality of psychiatric care in correctional facilities.
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A.1 Quality assessment

(1) Representativeness of the sample

1 point: Strati�ed random, random, population or systematic sampling.

0 point: Convenience sampling.

(2) Sample size:

1 point: Sample size equal to or greater than 100 participants.

0 point: Sample size less than 100 participants.

(3) Participation:

a. Reporting of participation rate or non-response analysis

1 point: Yes.

0 point: No.

b. Satisfactory rate of participation (if refusal rate not reported, non-response rate

used)

1 point: Participation rate was equal or higher than 80%.

0 point: Participation rate was lower than 80%, or not reported.

(4) Validity of mental disorder diagnosis:

1 point: Psychiatrist(s)/psychologist(s) made the mental disorder diagnoses.

0 point: Trained interviewer(s) made the mental disorder diagnoses.

(5) Quality of descriptive statistics:

1 point: Reporting of the descriptive statistics to describe the sample included age

AND at least one other socio-demographic or criminal characteristic.

0 point: Descriptive statistics were not reported or were incomplete.

Scoring:

1�2 Low

3�4 Medium

5�6 High
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Note. This scale is based on a modi�ed version of the Newcastle-Ottawa Scale

found in Baranyi et al., 2018.
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Table A.1: Quality scoring of included samples, 1966�2019

Study Representativeness Sample size
Reporting of
participation

rate

Satisfactory rate
of participation

Validity of
diagnosis

Quality of
statistics

Total score Quality score

Abram et al., 2004
(M)

1 1 1 1 0 1 5 High

Abram et al., 2004
(F)

1 1 1 1 0 1 5 High

Abrantes et al.,
2005 (M)

1 1 0 0 0 1 3 Medium

Abrantes et al.,
2005 (F)

1 0 0 0 0 1 2 Low

Aebi et al., 2015 1 1 1 1 1 1 6 High

Aebi et al., 2016 1 1 1 1 1 1 6 High

Aida et al., 2014 0 1 1 1 1 1 5 High

Atkins et al., 1999
(M)

1 0 1 1 0 1 4 Medium

Atkins et al., 1999
(F)

1 0 1 1 0 1 4 Medium

Bolton, 1976 (M) 1 1 0 0 0 1 3 Medium

Bolton, 1976 (F) 1 1 0 0 0 1 3 Medium

Chiles et al., 1980
(M)

1 0 1 0 0 0 2 Low

Chiles et al., 1980
(F)

1 0 1 0 0 0 1 Low

Chitsabesan et al.,
2006 (M)

1 1 1 1 1 1 6 High

Chitsabesan et al.,
2006 (F)

1 0 1 1 1 1 5 High

Colins et al., 2009 1 1 1 1 0 1 5 High

Dimond and Misch,
2002

1 0 1 1 1 0 4 Medium

Dixon et al., 2004 1 1 1 1 1 1 6 High

Dória et al., 2015 1 0 0 0 0 1 2 Low

Duclos et al., 1998
(M)

1 0 1 0 0 1 3 Medium

Duclos et al., 1998
(F)

1 0 1 0 0 1 3 Medium

Ghanizadeh et al.,
2012

0 1 1 1 0 1 4 Medium

Gonzalvo, 2002 1 0 1 1 1 1 5 High

Gosden et al., 2003 1 1 1 0 1 1 5 High

Gretton and Clift,
2011 (M)

1 1 1 1 0 1 5 High

Gretton and Clift,
2011 (F)

1 0 1 1 0 1 4 Medium
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Table A.1: Quality scoring of included samples, 1966�2019 (continued)

Study Representativeness Sample size
Reporting of
participation

rate

Satisfactory rate
of participation

Validity of
diagnosis

Quality of
statistics

Total score Quality score

Guebert and Olver,
2014 (M)

0 1 0 0 1 1 3 Medium

Guebert and Olver,
2014 (F)

0 0 0 0 1 1 2 Low

Hamerlynck et al.,
2007

1 1 1 1 0 1 5 High

Harzke et al., 2012
(M)

1 1 1 1 0 0 4 Medium

Harzke et al., 2012
(F)

1 1 1 1 0 0 4 Medium

Hollander and
Turner, 1985

1 1 1 1 1 1 6 High

Indig et al., 2009
(M)

1 1 1 1 1 1 6 High

Indig et al., 2009
(F)

1 1 0 1 1 1 5 High

Karnik et al., 2010
(M)

1 1 1 1 0 1 5 High

Karnik et al., 2010
(F)

1 1 1 1 0 1 5 High

Kashani et al.,
1980 (M)

1 0 0 0 1 1 3 Medium

Kashani et al.,
1980 (F)

1 0 0 0 1 1 3 Medium

Kim et al., 2017 1 1 1 1 1 1 6 High

Köhler et al., 2009 1 0 1 1 1 0 4 Medium

Kuo et al., 2005
(M)

1 0 1 0 0 0 2 Low

Kuo et al., 2005
(F)

1 0 1 0 0 0 2 Low

Lader et al., 2000
(M)

1 1 1 1 1 0 5 High

Lader et al., 2000
(F)

1 1 1 1 1 0 5 High

Lederman et al.,
2004

1 1 1 0 0 1 4 Medium

Lennox et al., 2013 1 1 1 1 0 1 5 High

Lindblad et al.,
2015

0 1 1 1 1 1 5 High

Mitchell and Shaw,
2011

1 1 1 1 0 1 5 High

Nicol et al., 2000 1 0 1 0 0 0 2 Low

Pliszka et al., 2000
(M)

1 0 1 1 0 1 4 Medium
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Table A.1: Quality scoring of included samples, 1966�2019 (continued)

Study Representativeness Sample size
Reporting of
participation

rate

Satisfactory rate
of participation

Validity of
diagnosis

Quality of
statistics

Total score Quality score

Pliszka et al., 2000
(F)

1 0 1 1 0 1 4 Medium

Robertson and
Husain, 2001 (M)

1 1 0 0 0 1 3 Medium

Robertson and
Husain, 2001 (F)

1 0 0 0 0 1 2 Low

Ruchkin et al.,
2002

1 1 1 1 1 1 6 High

Schorr et al., 2019 1 0 1 1 1 1 5 High

Shelton, 1998 (M) 1 1 1 1 0 1 5 High

Shelton, 1998 (F) 1 0 1 1 0 1 4 Medium

Sørland and
Kjelsberg, 2009

1 0 1 1 0 1 4 Medium

Teplin et al., 2002
(M)

1 1 1 1 0 1 5 High

Teplin et al., 2002
(F)

1 1 1 1 0 1 5 High

Ulzen et al., 1998
(M)

0 0 1 1 0 1 3 Medium

Ulzen et al., 1998
(F)

0 0 1 1 0 1 3 Medium

Vreugdenhil et al.,
2004

1 1 1 0 1 1 5 High

Waite D., 2002 (M) 1 1 1 1 0 1 5 High

Waite D., 2002 (F) 1 1 1 1 0 1 5 High

Wasserman et al.,
2002

1 1 1 1 0 1 5 High

Yoshinaga et al.,
2004 (M)

1 0 1 1 1 1 5 High

Yoshinaga et al.,
2004 (F)

1 0 1 1 1 1 5 High

Zhou et al., 2012 1 1 1 1 1 1 6 High

Note. F = Females; M = Males.



A. Appendix A: Prevalence of mental disorders in detained adolescents 156

Figure A.1: Funnel plot of current psychotic illnesses prevalence estimates against
standard errors (for male samples), 1966�2019. Egger's test suggested no signi�cant bias
in the male samples reporting prevalence of psychotic illnesses (Coef. = 0.322, SE = 0.662;
t = .49, p= .63).

Figure A.2: Funnel plot of current psychotic illnesses prevalence estimates against
standard errors (for female samples), 1966�2019. Egger's test suggested no signi�cant
bias in the female samples reporting prevalence of psychotic illnesses (Coef. = 0.605,
SE = 0.289; t = 2.09 p = .07).
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