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ABSTRACT 

The current dissertation used meta-analytic techniques to summarize the predictive 

validities for general recidivism using risk assessment studies generated between 2000 

and 2017. In total, 263 studies contributed 746 effect sizes involving over one million 

justice-involved individuals. Given this scale, the results provide comprehensive and 

relevant information related for the choice and implementation of risk assessment 

tools/practices to appraise general recidivism across criminal justice contexts. Findings 

supported the use of theoretically-based, second, third, and fourth generation risk tools as 

these had predictive validity for appraisal of general recidivism. Tools that were entirely 

static or that combined static with dynamic factors had larger predictive validities than 

those containing only dynamic items. For assessment administration method, appraisals 

conducted using structured professional judgment processes provided comparable 

predictive validity to actuarial tools. Results also provided continued support for multi-

sourced methods of gathering appraisal information, though these predictive validities 

were at par with single-sourced methods (i.e., file review and client self-report 

questionnaires). For sample diversity, predictive validities were comparable for mixed 

ethnicity, Indigenous and Caucasian samples, whereas validities were not as accurate for 

Black and Hispanic samples. There were no differences in predictive validity categories 

for client age, type of correctional client (general, forensic-psychiatric, sexual, and 

violent), or for male and female samples. For outcomes, there was no difference in 

predictive validity by type of officially-recorded general recidivism and very minimal 

support for self-reported general recidivism. Stronger predictive validities resulted from 

follow-up periods exceeding two years duration. The results contained herein will 
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provide policy decision makers and assessors with information to guide choices related to 

risk assessment tools relevant to their individual target populations and contexts.  
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1.0 INTRODUCTION 

 Recent decades have evidenced marked growth in prison population counts 

world-wide. For example, in North America, the United States’ incarcerated populations 

increased by 283% between 1983 and 2014 whereas growth in Canada has been only 

about 6% since 2000 (Blumstein, 2011; Carson, 2015; Hill & Harrison, 2000; Walmsley, 

2016). As of October 2015, the world’s penal institutions held over 10.3 million 

individuals, an almost 20% increase since 2000 (Walmsley, 2016). As a result, the 

management of incarcerated persons, an already challenging process, has become even 

more cumbersome for corrections administrators tasked with the supervision and 

rehabilitation of offenders. In recent years, a number of government agencies have been 

reviewing current incarceration practices and developing strategies aimed at reducing 

prison populations, especially in the United States (e.g., Gupta et al., 2011; Levin & 

Reddy, 2013; National Criminal Justice Act of 2016, Prime Minister’s Office, 2016; 

2015; Serin, Gobeil, et al., 2016; Taxman, 2017). A number of strategies, including 

rehabilitation, emergency release, and the incentivizing/strengthening of evidence-based 

probation services have shown varying degrees of success for reducing prison numbers 

(Clear & Schrantz, 2011). In order to proceed with an eye for public safety, rehabilitative 

and early release strategies like these must be based upon informed decisions about each 

individual corrections client, and be related to their sentencing, institutional placement, 

prison release, suitability for community sentences, and level of needed community 

supervision. An important part of this decisional balance, at each step of the offender 

management process, is the use of an evidence-based assessment of the individual’s risk 

to reoffend (Clear & Schrantz, 2011; Cullen et al., 2011).  
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Risk assessments facilitate various types of decisions in criminal justice settings 

(Bonta & Andrews, 2017; Farrington & Tarling, 1985; Olver & Wong, 2019; Singh et al., 

2018; Taxman, 2017). At the front end of an person’s involvement in the justice system, 

risk assessment provides valuable information for judicial decisions for diversion into 

alternative programs, as well as bail, sentencing, and level of supervision (Bonta, 2007; 

Cole & Angus, 2003; Kleiman et al., 2007; International Centre for Criminal Law 

Reform and Criminal Justice Policy, 2009; Monahan & Skeem, 2016; National 

Association of Pretrial Services Agencies, 2009; Ostram et al., 2002). In this regard, most 

experts agree that managing justice-involved people in a cost-effective and humane way 

means that incarceration, and the most intensive community supervision, should be 

reserved for the highest risk individuals (i.e., those who pose the greatest risk to public 

safety; Bonta & Andrews, 2017; Byrne ey al., 2009). Risk assessment also informs 

decisions made subsequent to sentencing by correctional administrators who rely on them 

to guide security classifications, institutional placements, and conditional release 

decisions (e.g., temporary absence or work release; Zinger, 2004). Parole boards also 

incorporate risk assessment into their decision-making process regarding release 

suitability and case management once released (Bonta, 2002; Farrington & Tarling, 1985; 

Serin, Gobeil, et al., 2016; Zinger, 2004). Given these varying decision-making points, 

the ability to identify, in a reliable and accurate way, which individuals pose the greatest 

risk is critical to reduce errors in risk assessment and to guide rehabilitation efforts in a 

meaningful and systematic way.  

Notwithstanding the importance for reliability and accuracy, it is necessary to 

note that risk appraisal becomes more difficult when base rates for offending are 
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extremely high or low (i.e., they depart from .50 or 50% in either direction). This 

challenge results from the fact that the more frequent or rare an event, the more difficult 

it is to predict without error. Errors in risk appraisal judgments can be costly on two 

fronts. First, false positive errors (i.e., designating someone as dangerous or high risk 

when he/she is not) are both financially and ethically problematic because they result in 

overclassification of persons into custody settings or high supervision community 

settings that exceed their security and rehabilitations needs (Bonta & Motiuk, 1987; 

1990; Serin, Gobeil, et al., 2016). Secondly, false negative errors or underclassification 

(i.e., designating someone as less dangerous or low risk when he/she is high risk and 

dangerous) can be dangerous for public safety, especially in cases related to violent and 

sex-related crimes (Moore, 1996).   

 In Canada, a court case, Ewert v. Canada (2015), sparked debate amongst 

corrections researchers and practitioners related to the practice of risk assessment with 

Indigenous persons (see Hart, 2016). Briefly, the plaintiff, Jeffrey G. Ewert, filed a legal 

grievance in British Columbia stating that the tools used by Correctional Services of 

Canada (CSC) to assess him during his correctional supervision, were culturally 

inappropriate for him as a person identifying as Métis. The tools named in court were 

actuarial risk assessment tools related specifically to sexual and general violence risk 

appraisal. The Court initially agreed with Mr. Ewert and ordered that the use of these 

tools for him and other Indigenous persons should cease until CSC had conducted 

research to confirm the valid use of the tools with that population. This decision was 

overturned by the Federal Court of Appeals in Canada v. Ewert (2016). Then, in a final 

decision, the Supreme Court of Canada found that although the CSC violated their 
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legislative obligation to take reasonable steps to ensure up to date and accurate 

information was used to conduct appraisals (especially for Indigenous persons), no 

evidence of bias was presented from the standpoint of Mr. Ewert’s legal defense (Ewert 

V. Canada, 2018). In light of this case, the issue raised regarding how risk assessment 

tools might contain cultural bias is an important one for continued exploration, especially 

in consideration for errors in risk appraisal and the decisions made based upon them. 

Previous research has demonstrated that commonly used risk assessment tools do predict 

recidivism with Indigenous persons; however, predictive validity has often been shown to 

be weaker when compared to non-Indigenous samples (Gutierrez et al., 2016). Olver 

(2016) cautioned that, going forward, the use of actuarial tools should be sensitive to 

cultural diversity and applied in a culturally responsible manner by practitioners and 

other stakeholders. He and other authors have noted (see Hart, 2016; Kroner, 2016) that 

additional research is warranted to determine why weaker predictability exists for 

Indigenous offenders. This research, of course, will take time, with some estimated at 3 

or more years to conduct (Kroner, 2016). In the interim and for the purposes of the 

current dissertation, correctional agencies could benefit from a comprehensive update of 

the state of the literature on the predictive validity of risk assessment tools within diverse 

populations. This is especially important for appraisal studies within Indigenous (as 

compared to non-Indigenous) populations given the over-representation of Indigenous 

persons in correctional settings in Canada (Public Safety Canada, 2019). This also has 

importance given recent concerns raised in the U.S. related to claims of potential 

systemic biases in justice policies and practices (Taxman, 2018).  
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 Another important reason for developing valid standardized risk assessment 

protocols is to guide the content of risk reduction practices and rehabilitation programs 

and to evaluate the effectiveness of such interventions by monitoring changes in 

recidivism risk over time (Bonta & Andrews, 2017; Farrington & Tarling, 1985; Jones, 

1996; Olver et al., 2015; Serin, Chadwick, et al., 2016; Vose, 2016; Vose et al., 2013). 

Research has shown that failed treatment programs are most often those that target 

primarily low risk offenders and/or treat non-criminogenic needs (i.e., needs that are not 

related to an individual’s offending pattern, such as low self-esteem, see Gendreau, 1996; 

Lowenkamp et al., 2006). Appropriate risk assessment can maximize identification of 

better intervention targets and facilitate the appropriate selection of client services 

according to recidivism risk level. 

 In summary, risk assessment provides valuable information for various decision-

making stages of a person’s involvement with the criminal justice system. The use of risk 

assessment tools/practices that are standardized and validated can reduce errors in 

judgment and help guide and monitor the effectiveness of rehabilitation efforts. As such, 

it is important that criminal justice agencies are able to access the most current standards 

for risk appraisal in order to make informed choices about assessment tools to suit their 

needs. The goal of the current dissertation was to conduct a meta-analytic investigation 

that organizes the contemporary risk assessment research with respect to predictive 

validities for general recidivism, which for the purposes of this meta-analysis was 

operationally defined in two slightly different ways: 1) recidivism outcomes identified in 

primary studies which specifically excluded offences of a sexual or violent nature and 

reported only outcomes related to other types of offences (e.g., drug, fraud, theft, etc.). 
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This type of recidivism outcome was identified herein as non-violent general recidivism, 

and 2) recidivism outcomes identified in primary studies that combined all types of 

offences within the outcome measure. These outcomes combined all offences of a sexual 

and violent nature with those of a more general nature (e.g., drug, fraud, theft, etc.). This 

second type of recidivism was identified herein as general recidivism including violence. 

Important moderators of predictive validity also were explored, which included 

comparisons within the following categories: a) risk assessment tools; b) the four 

generations of risk assessment methods; c) tools that are relevant/non-relevant to criminal 

theory; d) tool administration method; e) dynamic versus static factors as predictors; f) 

the type of general recidivism measured; g) length of follow-up period; h) self-reported 

versus officially-reported recidivism; i) the diversity of the sample (i.e., forensic versus 

correctional samples, male versus female samples, non-indigenous versus indigenous 

samples); and j) comparisons, where available, related to actuarial instruments versus 

formal structured professional judgment processes. Data stemming from this analysis is 

intended to provide stakeholders with a comprehensive understanding regarding which 

tools/practices are of most relevance to their professional context for risk appraisal of 

general recidivism.  

2.0 LITERATURE REVIEW  

2.1 Background 

As background to the present dissertation, it is important to undertake an 

historical examination of how risk assessments have been conducted in the past and how 

they have evolved to the present day. First will be a review of four generations of risk 

assessment methods and then an introduction of three foundational principles shown to be 
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effective for correctional interventions aimed at reductions in recidivism. This 

background will be followed by an outline of additional considerations associated with 

offender risk assessment (e.g., structured professional judgment, predictive validity, 

relevance to criminal theory, administration method, etc.), and finally a presentation of 

the research methodology used to identify the nature of and the predictive validity of risk 

appraisal tools and the moderating variables influencing the accuracy of risk appraisal 

judgments.   

2.2 Evolution of Offender Risk Assessment 

Many early theorists and criminologists recognized the importance of predicting 

risk among justice-involved persons (Burgess, 1928; Hart, 1923; Toch, 1969). Some of 

the most commonly cited early examples of risk appraisal and efforts to predict the 

potential for criminality are described below. 

According to Freudian psychoanalytic theory, individuals with a weak superego 

are governed by immediate gratification instead of internal representations of behaviours 

as being appropriate in conventional society (Mannheim, 1965). As such, these 

individuals are, theoretically, more prone to criminal behaviour as they fail to consider 

the consequences of their actions for society.  Mannheim (1965) also outlined another 

path to criminality stemming from Freud’s views of the influence of a weak ego. It is that 

such individuals are also prone to immaturity and lack adequate social skills. Therefore, 

these persons would be gullible and may stumble into (or be led into) criminal situations. 

Cesar Lombroso (1835-1909) also offered a method of predicting criminal 

predispositions by means of a person’s physiological and physical attributes (Gould, 

1981). Like Freud, Lombroso argued that there were multiple paths that might lead to a 
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criminal lifestyle (Lombroso, 1887; as cited in Gould, 1981). One of the most cited from 

his work was the atavistic criminal who, Lombroso estimated, made up approximately 

40% of criminals (Lombroso, 1887; as cited in Gould, 1981). The atavistic individual, 

born with a primitive innate tendency toward criminality, could be distinguished from 

other criminals (i.e., normal men who committed crimes because of circumstance) and 

non-criminals by means of their physical features (e.g., long arms, receding forehead, and 

bushy eyebrows; Lombroso, 1887; as cited in Gould, 1981).   

Additional examples of early risk classification included the works of Borden 

(1928) and Toch (1969). Borden (1928) attempted to gather information about factors 

predictive of recidivism by examining parolees from a reformatory for young men. Some 

factors that he assessed included intelligence, criminal history, and a psychologist’s 

prognosis of the individual’s success. Similarly, Toch (1969) developed 10 categories of 

offenders most likely to engage in prison violence, such as the “Self Image Promoters” 

who became violent in order to establish a reputation and the “Bullies” who were cold-

hearted, merciless inmates.  

Despite attempts by these early theorists, risk assessment practices in the early to 

mid-20th century were not well-grounded theoretically or empirically. Risk estimations 

were predominantly conducted using unstructured and non-standardized methods until 

more evidence-based methods were established in the 1980s and 1990s (Bonta & 

Andrews, 2017; Bonta, 1996; 1997). Throughout the 20th century and to present day, 

there have been four key evolutionary developments in the history of risk assessment. 

These have been described in terms of generations (Andrews et al., 2006; Taxman, 2017) 

and are described in the following sections. 
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2.2.1 First generation of risk assessment  

The first generation of risk assessment reflected sole reliance on unstructured 

clinical judgment of risk factors each clinician/professional uniquely viewed as relevant 

based upon from his or her experience (Andrews et al., 2006; Harris & Rice, 2015). 

These risk judgments were grounded in a process in which an individual assessor’s 

knowledge of the offender in question (characteristics, traits, personality, history, etc.) 

and other case details were aggregated in an idiosyncratic manner in order to arrive at a 

statement of probability for future offending or stated simply as to whether or not the 

person was “dangerous” or “not dangerous” (Blackburn, 1993; Carroll, 1977; Marra, et 

al., 1987; Serin & Brown, 1998; Westen & Weinberger, 2004). Unfortunately, the 

information gathered and reviewed to make these judgments often was not empirically 

related to recidivism outcomes. Furthermore, the lack of a systematic process created 

inconsistency in assessments across similar offenders and this inconsistency contributed 

to over- and under-classification of offender risk levels, as well as misidentification of 

treatment needs to reduce risk (Andrews et al., 2006; Bonta & Andrews, 2017; Bonta, 

1996).  

Given the use of information unrelated to recidivism and the lack of a consistent 

process, it is no wonder that a major limitation of first generation risk assessment 

methods is a sacrifice in predictive accuracy. The weight of published evidence is not 

supportive of any predictive advantages for unstructured professional judgment as 

compared to actuarial and structured professional judgment methods (Ægisdóttir et al., 

2006; Andrews et al., 2006; Bonta & Andrews, 2017; Grove & Meehl, 1996; Grove et al., 

2000; Hanson & Morton-Bourgon, 2009; Monahan, 1981; Mossman, 1994; Quinsey & 
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Maguire, 1986; Serin & Brown, 1998). In addition, there is little support for the 

predictive ability of methods of unstructured clinical judgment within specific 

populations of offenders. For example, with respect to mentally-disordered offenders, 

Bonta et al. (1998) reported that unstructured professional judgment methods generated 

an effect size of r = .09 with respect to recidivism whereas the predictive accuracy of 

structured actuarial (i.e., statistically-based) methods was much higher (r = .30).  This 

pattern was also found within sex offender samples. Hanson and Bussière (1998) reported 

that prediction based on unstructured clinical assessments (r = .10) were not nearly as 

accurate as those based on actuarial assessment (r = .46).  

Given the weak level of predictive accuracy and inconsistency resulting from 

unstructured clinical judgment, it could be said that its use is not acceptable in legal, 

ethical, or practical terms (Bonta, 1996). Some experts have gone so far as to suggest that 

to forego actuarial assessment (structured, empirically-derived assessment methods) and 

use unstructured risk judgments in their place would be unethical and unprofessional 

given the research evidence (Bonta & Andrews, 2017; Grove & Meehl, 1996; Quinsey, 

Harris et al., 1998). It is in the second generation of risk instruments that the actuarial 

method begins to evidence wide use within the risk assessment field. 

2.2.2 Second generation assessment 

Second generation assessment, also referred to as the actuarial or statistical approach, 

is much more objective than methods of unstructured clinical judgment, given its use of 

quantitative risk instruments using empirically-established risk factors (Bonta, 1996; 

Grove & Meehl, 1996; Grove et al., 2000). This approach typically includes the use of 

factors that were selected because they maximally account for variability in risk 
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outcomes using statistical procedures, such as multiple regression (Bonta & Andrews, 

2017; Bonta, 1996; Grove & Meehl, 1996; Grove et al., 2000; Serin & Brown, 1998). 

Second generation instruments are predominantly structured using static risk factors that 

cannot be changed, and most often represent aspects of an offender’s past (e.g., age at 

first arrest, previous number of convictions).  

The first documented example of a second generation assessment was Burgess’ 

(1928) approach with 3000 parolees, from whom 21 factors were identified as 

contributing to the differentiation of successful from unsuccessful parolees. These 21 

factors were then summed to create a total score based on their presence (1) or absence 

(0). The higher the overall total score, the more likely an individual was to succeed on 

parole. Parolees who scored in the highest category (i.e., had favourable ratings on 16-21 

items) had a 98.5% success rate after a 2.5 to 5 year follow-up period whereas those in 

the lowest category (i.e., had favourable ratings on only 2-4 items) were successful on 

their parole only 1.5% of the time.  

The next major advancement in actuarial prediction instruments was the use of 

prediction tables by Glueck and Glueck (1950), who used item weighting to give greater 

emphasis to those risk factors more closely related to recidivism, rather than the equal 

weighting per item as used by Burgess (1928). Subsequent developments for actuarial 

assessments included Glaser and Hangren’s (1958) assessment tool developed for a 

probationer sample, known as the Statistical Information on Recidivism scale which is 

used in Canada (Nuffield, 1982) and the Salient Factor Score used by the United States 

Federal Bureau of Prisons (Hoffman, 1983).  



PREDICTING GENERAL RECIDIVISM       
 

12 

Actuarial risk assessment methods offer a number of strengths for stakeholders 

engaged in risk appraisal, the first of which is that the risk factors upon which scoring is 

based are empirically derived (Bonta, 1996). As such, predictive error is minimized 

compared to first generation methods because empirically-derived factor items are 

objective in operationalization and can be standardized across assessors. In this way, 

actuarially based assessments provide a valid and reliable means by which to appraise 

offender risk (Andrews et al., 2006; Hart, 1998; Serin & Brown, 1998).  

The second major strength of actuarial methods is that the majority of available 

evidence (including primary studies, narrative reviews of the literature, and meta-analytic 

results) has demonstrated strong predictive validity for actuarial risk assessment and its 

improved accuracy over unstructured clinical judgment (Ægisdóttir et al., 2006; Andrews 

et al., 2006; Bonta & Andrews, 2017; Bonta, et al., 1998; Glaser, 1955; 1964; Grove & 

Meehl, 1996; Grove, et al., 2000; Hanson & Morton-Bourgon, 2009; Meehl, 1957; 

Monahan, 1981; Mossman, 1994; Quinsey & Maguire, 1986; Serin & Brown, 1998). 

Validation studies show a range of correlations for actuarial instruments, with the 

majority of effect sizes (r) falling within the range of .29 to .66 (Bonta et al., 1996; Grove 

et al., 2000; Hoffman, 1983, 1994). Meta-analytic studies have provided confirmation 

that this pattern of results is also consistent across different offender populations, such as 

mentally disordered offenders (Bonta et al., 2013), violent offenders (Campbell et al., 

2009), and sex offenders (Hanson & Bussière, 1998). 

Despite their improvement over unstructured clinical judgment, actuarial measures 

also present some practical weakness. First, due to the tendency to include items that are 

primarily historical in nature, the derived risk scores are not sensitive to changes over 
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time and do not focus on changeable risk factors. This means that they offer little utility 

for situations in which the goal of an assessment is to guide plans for rehabilitation, risk 

reduction, and to monitor changes in risk over time (Bonta, 1996; Gendreau et al., 1996; 

Serin & Brown, 1998). In addition, second generation risk tools are often atheoretical in 

that risk factors are chosen for their statistical predictive power rather than because of any 

theoretical relevance to criminal behaviour (Andrews et al., 2006). As such, they offer no 

avenue for the development and testing of theories of criminal behaviour. Finally, second 

generation tools only provide estimates for risk at the group level rather than individual 

level. According to Serin and Brown (1998), the lack of attention to the individual 

impeded the adoption of second generational tools by clinicians. 

2.2.3 Third generation assessment  

The introduction of third generation tools represented an advancement in risk 

conceptualization as researchers began to develop risk instruments that were theory-

driven in design (versus purely actuarially-driven) and were created with risk reduction as 

an additional goal of their use rather than just risk classification (Andrews, et al., 2006; 

Farrington & Tarling, 1985). Three central concepts that have been incorporated into the 

use of many third generation risk instruments are the risk, need, and responsivity (RNR) 

principles (Bonta & Andrews, 2017). These RNR principles form the basis of a model of 

risk assessment and case management initially described by Andrews et al. (1990). The 

model is an empirically-based approach, which utilizes the three principles to enhance the 

effectiveness of case management with offenders to enhance recidivism and rehabilitation 

outcomes. The risk principle holds that future criminal behaviour can be reliably 

estimated using a valid risk assessment method or tool and that the intensity of 
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supervision/intervention should correspond to an individual’s identified reoffending risk 

level (i.e., higher risk offenders more closely supervised and higher intensity of 

treatment, see Andrews et al., 1990; Bonta & Andrews, 2017; Gendreau, 1996; McGuire 

& Priestley, 1995).  Thus, the low, moderate, and high “dosage” of supervision and 

intervention should match the low, moderate, or high risk level of the offender.  

The need principle refers to the practice of providing interventions that focus 

specifically on criminogenic needs (i.e., dynamic, changeable risk factors related to an 

individual’s criminal offending; Andrews et al, 1990; Bonta & Andrews, 2017; Clements, 

1996; McGuire & Priestley, 1995). Risk/need factors most statistically linked to 

recidivism have been called the Central Eight risk factors (Bonta and Andrews, 2017). 

They are: criminal history; antisocial (procriminal) attitudes; antisocial (procriminal) peer 

relationships and/or the absence of prosocial peers; antisocial behaviour patterns; 

problematic circumstances in the areas of family and/or marital relationships; lack of 

interest/inadequate performance in the areas of education/employment; low levels of 

involvement/interest in prosocial leisure/recreation; and substance use/abuse. Factors 

with a weak or non-existent relationship with criminal offending are those related to 

social class, intellectual functioning, personal distress (e.g., anxiety, self-esteem) and are 

referred to as non-criminogenic needs (Bonta & Andrews, 2017).  

An additional distinction to be made about the need principle is between the 

predictive validity of criminogenic risk factors and their use as dynamic risk factors. The 

Central Eight risk factors noted above have empirically demonstrated predictive validity 

(Bonta & Andrews, 2017). That is, they are correlated with future criminal behaviour 

(e.g., recidivism), with a number of meta-analyses reporting small to moderate mean 
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effect sizes between each of these predictors and recidivism (see Bonta & Andrews, 2017 

for a review of meta-analyses in this regard). Criminogenic factors (or needs) have been 

conceptualized as dynamic risk factors if the assessed change in these factors is 

associated with parallel changes in criminal behaviour (Bonta, 2002; Serin, Chadwick et 

al., 2016; Vose, 2016). Consider the risk factor of antisocial attitudes as an example. If 

this risk factor has dynamic predictive validity, then a reduction in antisocial attitude 

should correspond with a reduction in recidivism risk. Conversely, if there is an increase 

in antisocial thinking, then this change should correspond with an increase in recidivism 

risk. Prior to continuing, it is important to emphasize that there is still work to be done 

related to empirical validation for dynamic risk. Some researchers suggest that to 

recommend the use of these dynamic risk factors as foundation for an established 

principle is premature (Cording et al., 2016; Douglas & Skeem, 2005; Harris & Rice, 

2015). Others suggest that dynamic risk is not what should be the focus of case planning, 

but instead the focus should be on the correctional client’s conceptualization of their own 

primary goals and needs and then, dynamic risk factors are addressed during attainment 

of these goals/needs (for example see Good Lives Model; Ward et al., 2012). In addition, 

there has been evidence using item response theory that calls into question the predictive 

validity of dynamic factors (using the LS/CMI; Giguére & Lussier, 2016) and evidence 

that change in dynamic risk was not related to self-reported recidivism in a youth sample 

(comparing changes in risk to an individual’s average risk score over time; Viljoen et al., 

2017).  

Notwithstanding these considerations related to the use of dynamic factors, there 

is some agreement that these factors are supported theoretically and in practice, as well as 
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there is documented empirical evidence that changes in dynamic risk correspond with 

changes in recidivism (e.g., Labrecque et al., 2014; Olver, Nicholaichuk et al., 2014; 

Raynor, 2007). In practice, risk assessment tools that possess dynamic predictive validity 

are useful for monitoring recidivism risk over time and for adjusting treatment plans as 

needs improve or escalate in severity (Bonta, 2002; Serin, Chadwick, et al., 2016). Such 

tools are also useful for risk management decisions, such as changes in the frequency of 

reporting to probation/parole or the nature of restrictive conditions (e.g., curfews). Many 

tools have demonstrated adequate predictive validity, but, until recently, research studies 

on dynamic predictive validity for risk assessment tools were scarce (Vose, 2016; Serin, 

Chadwick, et al., 2016). The Level of Service Inventory (and Level of Service Inventory-

Revised) has amassed a small library of dynamic validity studies. These results have 

demonstrated that change in Level of Service Inventory risk scores reflect changes in the 

likelihood of recidivism. That is, increased or decreased risk scores between assessments 

correspond to an increased or decreased likelihood of recidivism, respectively (Bonta & 

Andrews, 2017; Labrecque et al., 2014; Miles & Raynor, 2004; Miles et al., 2009; 

Raynor, 2007; Raynor et al., 2000; Vose et al., 2009; Vose et al., 2013). This pattern of 

results also has been supported in research using other instruments such as the Dynamic 

Risk for Offender Re-entry (Hanby, 2013; Serin, Gobeil, et al., 2016), the Post 

Conviction Risk Assessment (Cohen et al., 2016; Johnson et al., 2011), and both the 

Violence Risk Scale (Lewis et al., 2012) and Violence Risk Scale: Sex Offender Version 

(Olver et al., 2015; Olver & Wong, 2009). Thus, there are risk tools available that appear 

to be capable of assessing changes in risk over time. 
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The final principle of the RNR model advocates attention to intervention 

responsivity, a concept often categorized as specific or general (Bonta & Andrews, 

2017). The concept of specific responsivity reflects the fact that people can be 

distinguished by individual characteristics that might either facilitate or interfere with 

their ability to respond to, access, and participate in intervention (Bonta, 1995; Bourgon 

& Bonta, 2014; Kennedy, 2001). Specific responsivity can include internal responsivity 

factors (e.g., gender, ethnicity, self-esteem, intellectual functioning, learning 

styles/disabilities, motivation, or mental illness) and external responsivity factors related 

to the program context (e.g., characteristics of the correctional worker, modes of program 

delivery, or community versus institutional programming). For rehabilitative programs, 

there is a need to be aware of these specific responsivity characteristics and make 

necessary accommodations for them in order to maximize intervention engagement and 

response, such as by assigning correctional clients to programs that match their individual 

learning strengths/preferences and intellectual abilities (Bonta & Andrews, 2017; Bonta, 

1995; Bourgon & Bonta, 2014; Kennedy, 2001).  

In terms of general responsivity, the RNR model advocates that the type of 

treatment intended to reduce recidivism must be empirically-supported and based on 

sound theoretical knowledge of criminal behaviour (Bonta & Andrews, 2017). Meta-

analytic research indicates that interventions that best reduce recidivism are structured, 

cognitive-behaviourally-based programs that give offenders direction by teaching specific 

skills and are grounded in social learning models that utilize the principles of 

reinforcement and consequences for behaviour (e.g., Andrews, et al., 1990; French & 
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Gendreau, 2006; Landenberger & Lipsey, 2005; Lipsey et al., 2001; Lipsey et al., 2007; 

Lipsey & Wilson, 1998; Pearson et al., 2002; Wilson, et al., 2005). 

With the RNR model as a foundation, a strength of third generation risk 

assessment is that it is multifaceted. In other words, risk prediction is only one aspect of 

the assessment process along with assessment of information about criminogenic needs 

and responsivity issues (i.e., risk appraisal). This process is practically useful to support 

risk reduction in case management planning, and to monitor changes in risk, so that 

suitable adjustments can be made in supervision and/or case plans.  

One of the earliest and widely used third generation risk assessment tool is the 

Wisconsin Risk and Needs Assessment (Baird et al., 1979). It contains three components: 

a risk scale, a needs scale, and a client management classification. The latter 

classification is meant to match a certain treatment intervention for different types of 

offenders. There is some supportive evidence for the scale’s predictive validity (Baird 

1981, 1991; Baird et al., 1979; Bonta et al., 1994); however, recent commentary on this 

tool has suggested that the evidence is weak, at best, and has called for its replacement 

with more valid measures (Henderson & Miller, 2011). 

The Level of Service Inventory-Revised (LSI-R; Andrews & Bonta, 1995) is another 

example of a third generation risk assessment measure grounded in the RNR model. The 

LSI-R is a theoretically based risk/needs instrument containing 54 items scored in a 0 

(absent) or 1 (present) format summed across ten subcomponents (Criminal History, 

Education/Employment, Financial, Family/Marital, Living Arrangements, 

Leisure/Recreation, Companions, Alcohol/Drug Problems, Emotional/Personal, 

Attitudes/Orientation). Higher scores are indicative of higher likelihood of risk and 
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greater number of criminogenic needs. Total scores are grouped into five levels of 

risk/need ranging from very low to very high (Bonta & Andrews, 2017). The majority of 

items are dynamic in nature; although, static items are represented. 

 There is extensive research supporting the predictive validity for the LSI-R for 

recidivism with various offender populations in different settings. An average effect of r 

= .36 was reported for general recidivism from studies summarized by Bonta and 

Andrews (2017). This finding is relatively consistent with results calculated in meta-

analyses by Gendreau et al. (1996; mean r = .35) and Gendreau et al. (2002; mean r = 

.38). For violent recidivism, Bonta and Andrews (2017) reported an average correlation 

of .25 across summarized studies. This average effect size is congruent with results of 

meta-analyses conducted by Gendreau et al. (2002; mean r = .29) and Campbell et al. 

(2009; mean r = .25). In summary, increasing scores on the LSI-R have been shown to be 

positively correlated with recidivism, and the LSI-R has evidenced the ability to 

discriminate recidivists from non-recidivists at a moderate level according to the 

categories suggested by Cohen (1988), where moderate correlational effect sizes were in 

the range of .30 to .50). 

2.2.4 Fourth generation assessment 

Fourth generation risk assessment methods are the latest adaptation in the evolution 

of risk assessment practices. These instruments are more strongly intended to guide 

service delivery than their predecessors (i.e., intervention and supervision, see Andrews, 

et al., 2006; Olver & Wong, 2019). As such, they are normally administered periodically 

throughout an offender’s involvement in the criminal justice system rather than just at the 

start or end of a period of supervision/incarceration. This periodic administration offers 
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an opportunity to measure changes in recidivism risk in relation to initial assessment, 

with interim assessments tracking offender progress and informing changes in case plans 

and intervention targets (Andrews et al., 2006). These tools are often designed to 

encourage adherence to all three of the RNR principles, but place relatively more weight 

on the responsivity principle than did third generation methods (Bonta, 1996). Given that 

responsivity factors can be catalysts to treatment, fourth generation instruments identify 

strengths, as well as responsivity needs, that can be used to tailor interventions to the 

individual (Bonta, 1996; Bonta & Andrews, 2017). Criminal justice agencies and 

clinicians have a number of fourth generation risk assessment tools from which to 

choose.  

One example of a fourth-generation tool is the Correctional Assessment and 

Intervention System (Ore & Baird, 2014), which is a risk and criminogenic needs 

assessment tool that ties assessment to supervision and risk reduction strategies. It 

evolved from the Wisconsin Classification System and is a combination of the 

empirically validated Wisconsin Risk/Needs Scale (Baird et al., 1979) and the Client 

Management Classification tool for assessing responsivity for individualized case 

planning (Ore & Baird, 2014). Ore and Baird (2014) reported supportive outcomes for 

parole revocation and other measures of offender success; however, support for the tool’s 

effects for recidivism outcomes, like rule violations and re-arrest, has been called into 

question (Harris et al., 2004).  

As another example of fourth generation assessment, the Service Planning Instrument 

(SPIn) developed by Orbis Partners Inc. (2011) assesses risk, criminogenic needs, and 

protective factors. The assessment can be incorporated into a computer-generated case 
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management plan to aid workers in the development of risk reduction strategies. Orbis 

Partners (2011) report that the instrument has been validated in a number of criminal 

justice settings. A recent validation study reported that the SPIn was effective at 

discriminating recidivists from non-recidivists with areas under the curve (AUCs) = .75-

.77, and the results held true across genders and Canadian Indigenous and non-

Indigenous samples (Jones et al., 2015). 

Similarly, the Violence Risk Scale (Wong & Gordon, 2001) is a fourth generation 

risk assessment tool designed specifically for assessment of the potential for future 

violent behaviour. The scale also has validation research that provides endorsement for 

its use in this context (Wong & Gordon, 2001; 2006). 

Perhaps one of the most used fourth generation risk tools is the Level of Service/Case 

Management Inventory, designed by Andrews et al. (2004). This measure is an evolution 

of the Level of Service Inventory-Revised (Andrews & Bonta, 1995) and is used in many 

provincial correctional settings in Canada. It is used to guide supervision and case 

management, with documented predictive validities that provide the basis for this use. 

For general recidivism, Andrews et al. (2012) reported a mean r across five studies (four 

Canadian and one non-Canadian) of .39 for males and .53 for females. Wormith et al. 

(2015) reported r = .38 and r = .43, for Indigenous and non-Indigenous clients, 

respectively. In an Australian sample, the predictive validity for adult males was r = .23 

but was only r = .10 for females (Gordon et al., 2015). Gordon et al. (2015) suggest that 

the use of an Indigenous Tasmanian sample might account for the lower effect sizes 

within that study for males and that females within that population might have different 

criminogenic needs compared to males. For violent recidivism: Campbell et al. (2009) 
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reported a mean overall, sample-weighted r (Z+) of .47. Similarly, Wormith et al. (2015) 

reported r = .30 for non-Indigenous clients, but a smaller effect size, r = .17 for 

Indigenous clients. In summary, the Level of Service/Case Management Inventory has at 

least moderate predictive ability for general and violent recidivism with different types of 

offender samples. 

With the advent of fourth generation tools, probation officers and other correctional 

case workers have the ability to link risk/need assessment to both risk reduction (i.e., 

types of programs) and risk management (e.g., conditions, restrictions) plans. The risk 

and need principles, part of the Risk-Need-Responsivity model (RNR), are important 

foundations for recidivism reduction tasks (Bonta & Andrews, 2017). Empirical support 

for the risk and need principles has been established in the literature, an example of 

which is provided by a review of 66 community-based supervision programs where 

adherence to the risk and need principals resulted in a 15% decrease in recidivism 

(Lowenkamp. Pealer, & Smith, 2006). In addition to informing risk and identification of 

criminogenic needs, fourth generation tools allow easier adherence to the final principle 

in the RNR model, the responsivity principle. Case managers are able to assess and 

consider responsivity issues related to each individual offender (i.e., strengths that will 

facilitate effective risk management/risk reduction or issues which might interfere with 

these goals). In practice, fourth generation tools are designed to encourage users to 

adhere to each of the RNR principles. In fact, past research has found a cumulative effect 

of RNR adherence when zero (2% increase in recidivism), one (2% decrease in 

recidivism), two (18% decrease in recidivism), and all three principles (26% decrease in 

recidivism; Andrews & Dowden, 2007) are followed with adult and youth clients in 



PREDICTING GENERAL RECIDIVISM       
 

23 

various criminal justice contexts. The effects for incorporating all three principles were 

reported to be especially important for community corrections (35% decrease in 

recidivism) in Andrews and Dowden’s (2007) meta-analysis.  

Risk assessment tools/practices have evolved to be practically valuable tools for case 

management guidance in correctional settings. In Canada, most provinces and territories 

now employ fourth generation risk assessment practices (Department of Justice Canada, 

2013; Jones et al., 2015; Department of Justice Nova Scotia, 2009; Ministry of Public 

Safety and Solicitor General British Columbia, 2010), with the exception of two which 

still use third generation tools (Ontario and Saskatchewan; Hogg, 2011; Patrick et al., 

2013). In the US, Desmarais and Singh identified a total of 19 risk assessment tools for 

general recidivism in use by probation and corrections in the year 2013. Of these, twelve 

were fourth generation, four were third generation, and three were second generation.  

Although it is clear that there has been a practical uptake in North America of fourth 

generation risk assessments for use in corrections for case management purposes, and 

while these tools have been reported to outperform the other generations for predicting 

violent recidivism1, the available evidence base offers little guidance with respect to their 

value in terms of predictive ability for general recidivism. Considering the breadth of use 

of fourth generation tools in Canada, one goal of the current meta-analysis to fill this gap 

by organizing and summarizing the available contemporary literature related to the four 

generations of risk assessment, especially with respect to the fourth generation 

 
1 Campbell et al., (2009) reported the following sample-weighted mean correlation coefficients (Z+) and 
associated confidence intervals (CI) for violent recidivism: First Generation (Z+ = .18, CI = .13 to .23, k = 
7, N = 1461); Second Generation (Z+ = .18, CI = .17 to .19, k = 92, N = 19,874); Third Generation (Z+ = 
.23, CI = .21 to .25, k = 81, N = 15,233); Fourth Generation (Z+ = .52, CI = .49 to .55, k = 5, N = 3759). 
Please note that there were relatively few studies reporting effect sizes for violence outcomes for first and 
fourth generation instruments in this meta-analysis. Given the uptick in the use of fourth generation 
instruments in recent years, the mean effect size will likely be different for these types of tools today. 
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considering the breadth of use in Canada. In addition, there remain other important 

knowledge gaps relevant to the current research and practical use of risk tools/procedures 

for assessment of general recidivism. The following portion of the current review will 

address a number of these considerations. 

2.3 Important Considerations for Offender Risk Assessment 

 It is important that individuals performing risk assessments in the field are aware 

of the current issues for offender risk appraisal because they influence the level of 

accuracy that assessors can achieve. The first consideration in this section introduces the 

importance of theory as a means to inform construction of risk assessment tools and risk 

assessment practices/procedures in the field. Assessments based on theoretically relevant 

predictors outperform non-theoretical risk assessment tools/practices in terms of accuracy 

when it comes to violent recidivism risk appraisal (Campbell et al., 2009), but it is not 

clear whether this is the case with general recidivism. The importance of relevant theory 

is again emphasized in the presentation of the second important consideration to be 

discussed pertaining to a relatively new development in risk assessment processes, known 

as the use of structured professional judgment (SPJ). This process is similar to the first 

generation methods described earlier; however, it is vastly improved in accuracy given 

that the assessment is structured around theoretically and empirically validated risk 

factors. The final important considerations to be discussed outline practical choices that 

can influence the predictive validity of any risk assessment tool/method. These are 

choices related to assessment tool administration methods, dynamic and static risk 

factors, and the choice of outcome criterion.  
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2.3.1 Theoretical Relevance and Use in the Field of Risk-Relevant Risk 

Assessment Instruments  

Logically, prediction of criminal behaviour should be grounded in a theory of 

criminal behaviour (Bonta, 2002; Farrington & Tarling, 1985; Walters, 2006; Walters, 

2017). That is, theory should inform the factors to be assessed (i.e., those factors most 

consistently related to criminal behaviour) and identify which factors should be targeted 

to guide intervention to achieve reductions in criminal behaviour (Bonta & Andrews, 

2017). The practical importance of the theoretical relevance of risk prediction tools has 

been empirically documented. Both Campbell et al. (2009) and Walters (2006) found that 

theoretically-relevant risk prediction instruments/practices outperformed less relevant 

tools for the prediction of violence and/or general recidivism and institutional 

infractions/adjustment. Thus, consideration of key criminal theories and their potential to 

inform risk assessment practices is reviewed next. 

Bonta (2002; see also Bonta & Andrews, 2017) described three broad theoretical 

perspectives of criminal behaviour. They are: a) sociological-criminological explanations 

of crime; b) psychopathological models, and c) social learning perspectives. Sociological-

criminological theories situate the root causes of crime in broad institutions (e.g., social, 

political, and economic structures of society). From this perspective, it is theorized that 

people commit crimes because of stress due to poverty, race or class conflict, and the 

resulting power imbalance. Although theorists in these areas provide no advice regarding 

risk assessment, one would imagine that factors, such as income level and race/ethnicity, 

would be included. In fact, these factors were among the early risk factors, but have little 

value for the construction of intervention plans for an individual. Any interventions 
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informed by this perspective would have to address these larger social issues (see Bonta 

& Andrews, 2017 for a review). 

Psychopathological perspectives attribute criminal behaviour to biological, 

emotional, cognitive, and/or psychological dysfunction (Bonta, 2002; Bonta & Andrews, 

2017). Factors related to crime, according to these perspectives, include such elements as 

hormonal imbalances (e.g., excess testosterone), anxiety disorders, impulsiveness, self-

esteem, or intellectual deficiencies that are argued to influence a person’s behaviour and 

leave them more vulnerable to criminal risk factors. There are a number of assessment 

measures generated from these theoretical viewpoints that have been used to inform 

judgments and decisions related to criminal risk. For example, there are medical tests for 

hormone and chromosomal abnormalities, as well as psychometric testing for 

intelligence. Most of these tests are empirically-validated to assess the constructs they 

were intended to measure specifically, but few are directly relevant to criminal behaviour. 

Meta-analyses have repeatedly indicated that most internalizing psychopathological 

variables (anxiety, depression, general distress), with some exceptions, are weak 

predictors of criminal recidivism, especially in the context of the central eight risk-need 

factors. Examples of the predictive validity associations with recidivism among clinical 

and biological variables are as follows: heredity (r = .06; Walters, 1992); intelligence (r = 

.10; Cullen et al., 1992); and general personal distress factors (r = .05; Gendreau et al., 

1996). These results are stable across more specific populations, such as sex offenders 

(Hanson & Bussière, 1998) and mentally-disordered offenders (Bonta et al., 1998; Bonta 

et al., 2013). Serious mental disorders, like schizophrenia or bipolar disorder, have shown 

practically no association with general recidivism, according to meta-analyses (Bonta et 
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al., 1998; Bonta et al., 2013). It should be noted that these meta-analyses indexed broad 

categories of mental health or personal distress. Some research suggests that specific 

symptoms might be related to criminal risk that are more strongly tied to impulsivity or 

violence, such as positive symptoms of psychosis (e.g., threat-control override delusions, 

violent command hallucinations combined with violent ideations, impulse control 

disorders; Bjørkly, 2002; Douglas et al., 2009; Steadman et al., 1998). Overall, however, 

despite little support for their use, broad psychological disturbance factors are still 

included in risk assessments, even though they often afford little advantage in risk 

prediction over historical predictors (for example the Historical-Clinical-Risk Scale, see 

Douglas et al., 1999). 

Social learning theories, such as the general personality and social psychological 

theory of criminal behaviour described by Bonta and Andrews (2017), represent the third 

theoretical perspective commonly associated with criminal behaviour. Bonta and 

Andrews’ model has practical implications for the treatment of offenders and risk 

prediction. According to this model, criminal behaviour is learned through interactions 

between an individual’s thoughts, emotions, personality, biological factors, and reward-

cost contingencies supplied by the environment. Thus, they draw from research to argue 

that a number of factors are empirically associated with criminal conduct, (criminal 

history, family relationships, the presence of procriminal attitudes, the presence of 

procriminal peer relationships or absence of prosocial peer relationships, substance abuse, 

and the presence of antisocial behaviour patterns) can interact with indicators of prosocial 

convention to serve as facilitators and inhibitors of antisocial and conventional behaviour. 

Evidence for these factors has been consistently reported in both general offender 
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populations (Gendreau et al., 1996) and within specific offender subgroups such as 

mentally-disordered justice-involved persons (Bonta et al., 1998) and those with prior 

sexual offences (Hanson & Bussière, 1998). There are assessment instruments available 

with ties to social learning theories of crime and delinquency. One example is the Level 

of Service Inventory (Andrews & Bonta, 1995) which contains ten subcomponents to 

assess the factors outlined in the Bonta and Andrews (2017) general personality and 

social psychological model.  Two more recent evolutions of the Level of Service 

Inventory-Revised are the Level of Service/Case Management Inventory (Andrews et al., 

2004) and the Level of Service/Risk, Need, Responsivity (Andrews et al., 2009), which 

continue to align with this model in key respects.  

In light of the importance of grounding risk assessment in a relevant theory of 

criminal behaviour, and in order for it to be a useful instrument for risk appraisal and 

correctional treatment planning, it is essential that an instrument be validated for its 

ability to estimate the likelihood of criminal behaviour in the intended population of use. 

Attention to psychometrics is a central consideration for psychologists when assessing 

constructs of interest (Bonta, 2002; DeVellis, 2003). Face validity, internal and inter-rater 

reliability, factor structure, and convergent and divergent validity are all important 

components for evaluation of psychological tests to help determine their practical value. 

Arguably, in correctional circles, one of the most important but often overlooked 

psychometric properties is an instrument’s predictive validity with respect to recidivism 

and the identification of criminogenic needs (Bonta, 2002). However, as the following 

summary will reveal, there are few studies available that enumerate the type of 
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instruments and/or factors used for assessing risk of recidivism by psyhcologists and 

other clinicians.  

In his review, Bonta (2002) cited two studies that enumerated the type of 

assessments used by clinicians/psychologists (Boothby & Clements, 2000; Gallagher et 

al., 1999) in forensic/criminal justice contexts. A third survey has been since published 

(Archer et al., 2006). In each of these studies, the majority of assessments were 

conducted for reasons other than criminal risk assessment; for example, competency to 

stand trial. However, when criminal risk was the focus of assessment it was clear that 

professionals were not always informed or aware about the validity of the assessment 

instruments they used for that purpose. For example, Gallagher et al. (1999) polled 

mental health service directors in 25 state correctional systems in the United States about 

tests used in pre-parole evaluations, where risk to reoffend should be an important, 

arguably the most important, consideration. Findings revealed that the Minnesota 

Multiphasic Personality Inventory (Hathaway & McKinley, 1967) and the Minnesota 

Multiphasic Personality Inventory-2 (Butcher et al., 1989) were used in nearly all states 

(96%), 36% percent of states used Rorschach and Bender-Gestalt tests, 28% used House-

Tree-Person, and 20% used Human Figure Drawing. With the exception of the Minnesota 

Multiphasic Personality Inventory and MMPI-Restructured Form (RF) version (e.g., 

Mack, 1969; Motiuk, 1991), most of the utilized instruments in the Gallagher et al. 

(1999) study have not been explored empirically for their predictive validity of 

recidivism risk, nor, with the exception of the Personality Assessment Inventory (Reidy 

et al., 2016), do they contain items of theoretical and/or practical relevance to the 
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assessment of recidivism risk or criminogenic needs (Bonta, 2002; Campbell et al., 2009; 

Walters, 2006).  

In a similar study, Boothby and Clements (2000) polled 830 U.S. state and federal 

correctional psychologists to determine which tests they used in their work with 

offenders. The majority noted that their primary assessments were for competency issues 

(i.e., competency to stand trial or not criminally responsible assessments). Only 13% of 

psychologists surveyed reported actually doing risk evaluations as part of their work, and 

of these, established risk relevant instruments were infrequently used. The Psychopathy 

Checklist-Revised (Hare, 2003), capturing risk-relevant personality information, was 

used by only 11% and the Level of Service Inventory-Revised was used by fewer than 

1%.  

In a 2006 survey of instrument use in forensic contexts, Archer et al. collected 

information from 142 doctoral-level psychologists (nationality not reported) who were 

members of the American Psychological Association Division 41 (American Psychology-

Law Association) or the American Academy of Forensic Psychologists. Ninety-seven of 

these respondents specifically reported tests that they used to formulate violence risk 

and/or psychopathy assessment. Of these 97 respondents, only 13 reported that they 

always used a validated risk assessment tool (nine reported always using the Psychopathy 

Checklist-Revised and four reported always using the Historical-Clinical-Risk Scale-20; 

Webster et al., 1997). The majority of respondents noted that they occasionally, 

infrequently, or never used any of the validated risk assessments noted in the survey [i.e., 

Level of Service Inventory-Revised, Historical-Clinical-Risk-20 Scale, Psychopathy 

Checklist, or the Violence Risk Appraisal Guide (Harris et al., 1993)].  
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In addition to these three early pieces of survey research, a relatively more recent 

study by Coté et al. (2012) reported little, if any, integration of research-informed 

assessment criteria in 96 recidivism risk appraisals conducted by clinicians for 

presentation at annual review board hearings of males who had been deemed to be not 

criminally responsible due to mental disorder. Coté et al. (2012) reported that when the 

actual factors used by clinicians to make assessments were compared with empirically-

validated Historical-Clinical-Risk-20 Scale risk factors, few of the risk factors contained 

within the scale were even mentioned in the assessments. In other words, clinicians were 

clearly not relying on these empirically validated factors to make their judgments about 

risk for these clients. The authors concluded that the lack of use of empirically 

documented risk factors meant that clinicians in their study likely did not find these 

factors to be relevant enough to include them in their assessment process (Coté et al., 

2012).  

Review of the risk assessment practices studies in the literature demonstrates that 

it is clear that few clinicians use tools with documented predictive validity when 

engaging in the practice of criminal risk assessment and prediction. This oversight is of 

grave concern given the consequences. That is, failing to properly evaluate and estimate 

offender risk can lead to over/under classification of risk for the offenders, which can 

lead to unnecessary confinement/restriction or inappropriate supervision intensity. These 

practices increase risks to public safety and security. However, there is cause for 

optimism in this regard. In her PhD dissertation research published in 2010, Baumgart 

gathered self-reported violence risk assessment practices from a sample of practicing 

psychologists (n = 140) in the United States. Three groups of psychologists were 
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represented. These were licensed only psychologists, board certified clinical 

psychologists, and board certified forensic psychologists. In terms of the use of actuarial 

risk assessment tools, the majority of the sample reported that they considered them to be 

more important for risk appraisal than other types of assessments (e.g., objective or 

projected personality), that they were recommended or essential to use, and that they used 

them frequently or most of the time. With respect to projective personality measures, 

most respondents indicated that they rarely or never considered using them. Thus, there 

are promising changes in practices that are aligning with advancing knowledge on valid 

risk appraisal processes, though more work is needed with translating research into 

practice (e.g., Coté et al., 2012) for clinicians less used to engaging in forensic risk 

assessment.  

A final factor to consider when trying to understand the predictive validity of risk 

assessment practices and the use of risk tools in the field is the competency of the user of 

the tool. Even when validated risk tools or factors are used in the field, assessors may not 

have sufficient training to conduct them properly or, if they have had training, might not 

adhere closely to scoring rules and guidelines as laid out in training and manuals (Persson 

& Svensson, 2012). This failure in competency could, in part, explain poor inter-rater 

agreement and weaker predictive validities reported in studies for assessments performed 

in the field versus those performed by researchers (e.g., Murrie et al., 2009). If inadequate 

training or inattention to scoring procedures is at play in findings such as these, then it is 

essential for professional practice agencies to consider competency standards that address 

these gaps in competency among their staff within the field. 

  



PREDICTING GENERAL RECIDIVISM       
 

33 

2.3.2 Structured Professional Judgment 

Another means to introduce theory into forensic risk appraisal practice is through 

the use of structured professional judgment, which is also referred to as structured clinical 

judgment. Structured professional judgment is similar to unstructured clinical judgment 

in that the assessor gathers information and, based upon that information, draws a 

conclusion with respect to the risk of a particular individual for the interested outcomes 

(i.e., violence, dangerousness, sexual offending, etc.). The primary difference between 

structured and unstructured judgement is that the risk factors used by clinicians engaging 

in structured professional judgment are not idiosyncratic, but chosen because they are 

based in research and/or empirically-informed theory (i.e., factors are conceptually 

relevant and have a demonstrable link to the criterion or outcome). The use of structured 

professional judgement tools require that clinicians consider factors identified in research 

as associated with criminal behaviour, thus ensuring they are using factors known to have 

predictive validity and will also use the guidelines outlined in a structured professional 

judgment risk tool’s manual to ensure that they are proceeding with assessment for each 

item in a reliable way (Hanson & Morton-Bourgon, 2009; Melton et al., 2007). Unlike 

actuarial tools, there is no total score that is used to classify information into low, 

moderate, or high risk categories or provide a probabilistic statement of risk (Douglas et 

al., 2003; Melton et al., 2007). Instead, the clinician will use individualized weighting of 

factors to inform their own professional judgment of an offender’s likelihood of risk, 

often stated as low, moderate, or high risk based on the unique combination of the 

identified risk factors for a given case. In this way, a case with only 1-2 serious risk 
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factors could still be classified as high risk (versus low risk as designated by the tool), if 

so deemed by the clinician given the serious influence of those few risk factors. 

Given that structured professional judgment is a relatively new process of risk 

assessment (it began to appear in the 1990s according to Heilbrun et al., 2010), evidence 

is only now emerging with regard to its predictive accuracy. Heilbrun et al. (2010) 

reported that 11 out of 13 studies (all conducted since 2000) were supportive of the 

predictive utility of structured professional judgment for violence outcomes, and that of 

the four studies that compared actuarial assessment to SPJ, the results were comparable 

between the two methods. In their 2009 meta-analysis, Hanson and Morton-Bourgon 

reported that structured professional judgment for sexual offender risk appraisal was 

more accurate than unstructured professional judgment, but did not perform as well as 

second generation actuarial instruments. Hanson and Morton-Bourgon noted that, in five 

of these studies, the predictive accuracy for the structured professional judgment process 

was relatively equal to that of the summed total scores (as calculated by the researchers). 

Similarly, in their 2007 meta-analysis, Hanson, Helmus et al. provided support for the 

predictive accuracy of SPJ, but overall the mean effect for actuarial assessment was 

larger.  

2.3.3 Influence of Measure Administration Method 

 Even when a well-designed, theoretically relevant risk assessment tool is chosen 

by an assessor, used in a structured assessment process, and used with attention to the 

integrity of scoring rules and guidelines, there will still be a level of error  (i.e., predictive 

inaccuracy) associated with it;  no single tool predicts risk and future actions perfectly 

(Bonta, 2002). Sources of error vary considerably (Kline, 1986; 2000). For example, 



PREDICTING GENERAL RECIDIVISM       
 

35 

predictive error may come from poor test construction or attention to theoretical 

constructs that are neither well defined nor linked to criminal behaviour. It may also 

result from a lack of adherence to assessment tool guidelines and trained practices on the 

part of the professional administering and scoring the instrument.  The following section 

introduces an important source of error in risk appraisal, the format of administration of 

risk tools; that is, the process by which an assessor gathers information with which to 

inform scoring of items on a given risk assessment tool (Bonta, 2002). When more than 

one format for gathering information is used, predictive validity increases because the 

weaknesses of one method can be compensated for by the strengths of another (e.g., 

offender self-report, file review, and interviews with collateral informants). Bonta (2002) 

listed the following four common methods used for offender assessment and the potential 

sources of error associated with each as a function of its administration method: a) client 

completed paper and pencil/self-report measures (error results if the client does not 

understand the questions, is dishonest in reporting of information, or is simply 

unmotivated to respond); b) interview-based (potential for error due to personal bias by 

the examiner and/or inaccurate/deceptive reporting by the interviewee); c) behavioural 

observations (definitions of target behaviours may be overly specific or under-defined, 

observation periods may be too short, observation methods may be inadequate, or 

behaviours may simply be missed by the recorder); and d) file review (error may result 

from limited or poor quality of information on file). Given these challenges, experts 

advocate for the use of multiple methods of gathering information for assessment (Bonta, 

2002; Campbell et al., 2009; Farrington & Tarling, 1985). Moreover, the assessment 

guidelines for most third and fourth generation risk tools call for multi-method 



PREDICTING GENERAL RECIDIVISM       
 

36 

approaches to gathering information. As third and fourth generation tools are the most 

often used tools in North America, this multi-method information gathering approach has 

become the standard of practice as a result. 

2.3.4 Dynamic and Static Factors as Risk Predictors 

In addition to the method of administration, the comparative value of static and 

dynamic risk factors has been heavily debated in relation to predictive accuracy. 

However, research has shown that there is little difference in the predictive validity of 

these two classes of variables (Bonta, 1996; Campbell et al., 2009; Gendreau et al. 1996). 

When differences are noted, it may be a function of the correctional environment for 

which the outcome is being appraised. For example, Campbell et al. (2009) found that 

static factors were stronger predictors of institutional violence whereas dynamic factors 

had a slight advantage in predicting violent recidivism in the community. The relevance 

of the distinction between static and dynamic risk tools is more of an applied issue. If an 

assessor wants to identify targets for intervention to address factors associated with an 

individual’s criminal risk, then dynamic (criminogenic needs) should be assessed. If 

simple prediction of risk is all that is required, without case plan intervention goals or 

concern for sensitivity in risk changes over time, then static factors may be sufficient for 

that purpose (Campbell et al., 2009). Thus, it is not surprising that a number of risk 

instruments incorporate both dynamic and static factors (e.g., Level of Service Inventory) 

to serve these dual purposes. Some instruments balance the numbers of static and 

dynamic risk variables whereas others are predominantly static or dynamic instruments 

(Campbell et al., 2009; Gendreau et al., 1996). 
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2.3.5 Choice of Outcome Criterion  

Recidivism as an outcome measure is meant to capture an individual’s re-

occurrence of criminal acts after a specific time-point (e.g., after release from prison). 

Given that this outcome criterion has been defined in many ways, it has created 

challenges with aggregating information about recidivism outcomes. This next section 

will outline some of the choices faced by researchers, government statisticians, and any 

other individual who has a need to define recidivism for measurement purposes. Choices 

in this regard fall into three categories: 1) the type of recidivism to be measured, for 

example arrests versus conviction; 2) the source of recidivism information to be recorded 

(self-report versus official crime reports); and 3) time to reoffence. Each of these 

decisions has implications for measuring the accuracy of risk assessment tools. 

Often the first choice in providing an operational definition of recidivism, whether 

for prediction purposes or for gathering data related to recidivism rates, is to determine 

the type of recidivism of interest. In the end, each type of recidivism presents 

measurement difficulties and there is no clear and precise measure available that ideally 

and maximally captures recidivism. Nouwens et al. (1993) summarized a number of 

possible definitions of recidivism. They noted that recidivism can be defined as a return 

to custody after approved release. If so, then care should be taken to ensure that offenders 

who return to custody after work release or successful temporary absences are not 

counted. Perhaps then, Nouwens et al. (1993) noted, defining recidivism as a technical 

violation or breach of conditions would be a less confounding option. However, this 

definition also presents difficulty. Consider an adult male convicted for sexual offending 

who is returned to custody for violating his condition to abstain from alcohol. Has he 
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recidivated if he has not committed another sexual offence? Technically, he has 

recidivated, but practically should this behaviour be counted in circumstances meant to 

measure the effects of a sex offending treatment program? The answer is likely no.   

Some studies have also defined recidivism as a new offence committed by an 

offender after a specified time (e.g., release from prison); however, new offences also 

must be operationalized carefully (Farrington & Tarling, 1985). One could use new 

arrests as an index, but a person may not have actually committed an offence for which 

he or she was arrested (i.e., he or she might be falsely arrested; Maltz, 2001). 

Alternatively, a new offence might be defined as a conviction for a new crime, which at 

least provides more likelihood that criminal behaviour was actually present. However, 

this too can be problematic because conviction information is obtained from official 

records of offending (e.g., re-arrest, reconviction, or parole revocation; Farrington & 

Tarling, 1985; Maltz, 2001). Such records are not dependent solely upon offender 

behaviour (which is what is desired for measurement), but also on various decisions made 

within the criminal justice system (e.g., whether or not the behaviour is detected by 

police, whether or not police choose to arrest, whether or not the crown or state 

prosecutes, whether or not a plea bargain is negotiated; Jones, 1996). As a result of these 

various decision points, the use of convictions as a recidivism measure can lead to under-

reports of actual recidivism rates (Farrington & Tarling, 1985; Farrington et al., 2006). In 

summary, each operational definition for recidivism noted above has implications for 

validity. Validity issues also plague the second category of choice for defining 

recidivism, which is the consideration of the source of recidivism measures.  
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Turning to the source of recidivism data, the choice is between measurements 

taken from official records of criminal behaviour versus those taken from client self-

reported offending or collateral sources (e.g., parent or spouse). Self-report methods of 

offending behaviour have been shown to have acceptable levels of reliability (test-retest 

correlations above .80) and validity (i.e., construct, content, and criterion) as other 

measures of recidivism (Thornberry & Krohn, 2000). They might also allow for 

measurement of criminal behaviour not captured by official records. For example, 

Farrington et al. (2006) compared offenders’ self-reported offences with officially 

recorded convictions in their longitudinal sample of UK offenders, interviewed at ages 

14, 18, 32, and 48 years. They found that the ratio of self-reported to officially recorded 

offences was 22 to 1. Thus, official records likely represent a gross underestimation of all 

actual offences committed by offenders (Farrington et al., 2006). In spite of this potential 

value for self-report as a means to measure unrecorded recidivism, there is still a 

substantial concern regarding offender inability or unwillingness to disclose information 

to officials in real life versus in studies where there are no consequences to the disclosure 

of undetected criminal activity. As such, with respect to gathering information about 

recidivism, there is no perfect measure. Correctional agencies will benefit from 

contemporary research knowledge comparing predictive validities for recidivism rates 

captured from official records to those gauged via self-report. 

Notwithstanding issues related to defining recidivism and the choice between self-

report and official records as the source of recidivism data, another issue of concern to 

researchers and practitioners is how long it may take an person to re-offend after a 

specific point in time, for example upon release from jail or on bail. This issue is referred 
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to as the ‘time to reoffence’. There is research that supports the position that recidivism 

potential varies given different time periods after release (Bonta & Andrews, 2017; 

Farrington & Tarling, 1985). For example, approximately one quarter to one third of 

offenders recidivate within the first year of their release versus approximately 50% by the 

fifth year of their release period (Cloyes et al., 2010; Johnson, 2005; McLean & Butler, 

2008; Monnery, 2013; Nadesu, 2009; O’Byrne, 2002; Yung et al., 2010). One 

explanation for this escalating recidivism as a function of follow-up time is systemic to 

the criminal justice system. In most contexts, there are often delays between the 

commission of an offence and the application of an official charge. Potentially, there are 

even more delays before a court appearance and a conviction. Consider the example of a 

person who has committed a crime immediately upon release from prison, but who is not 

arrested and charged for it until 6 months later and then not convicted of it until 12 

months later. In this example, if a follow-up period of less than 6 months was used, then 

this would not be counted as recidivism, unless self-reported recidivism was the 

measurement index. 

In summary, measurement accuracy of any criminal risk assessment tool is 

dependent upon the setting to which the risk appraisal is being applied, a clear definition 

of the type of recidivism to be measured (e.g., return to custody, violation or breach, new 

charge or conviction), whether recidivism data will be collected using self-report or 

official records, and specification of the length of the period chosen for follow-up 

(Farrington & Tarling, 1989).  

In light of the considerations raised throughout the introductory section, 

contemporary meta-analytic research is required to update current standards of practice 
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for risk assessment among adults. The current dissertation is designed with this purpose 

in mind.  

2.4 Current Dissertation 

The primary goal of the current dissertation was to evaluate available risk tools, 

psychological instruments, and risk assessment practices to determine which tools and 

methods afford the best advantage in terms of predictive validities for the appraisal of an 

individual’s risk for general community recidivism, which was defined in two ways: 1) 

reported recidivism where authors specified that outcomes contained no sexual or violent 

offending (non-violent general recidivism); and 2) reported recidivism where authors 

noted that outcomes could include sexual and/or violent offences (general recidivism 

including violence). Note that purely violent and/or sexual recidivism outcomes were not 

included in this meta-analysis. Previously published meta-analyses have provided 

information related to predictive validities for assessment tools for specific types of 

offender recidivism, for example sexual offending recidivism (e.g., Hanson & Morton-

Bourgon, 2009; Tully et al., 2013) and violent recidivism (e.g., Campbell et al., 2009; 

Fazel et al., 2012;  Yang et al., 2010). This focused research has produced practically 

useful information for correctional agencies; however, appraisal of general recidivism 

risk differs in a number of ways from that for specific types of offenders and recidivism 

outcomes. First, these specific types of recidivism are relatively rarer than crimes of a 

more general nature (e.g., offenders engaging in more common types of crimes like theft, 

break and enter, minor assaults, fraud, etc.). Base rates for violent recidivism, across 

categories of rearrest, reconviction, and reincarceration, have been reported to be in the 

vicinity of about 22% (Campbell et al., 2009) and for sexual recidivism the reconviction 
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base rate has been reported to be in the proximity of 10-20% (Hanson & Morton-

Bourgon, 2009; Hanson & Bussière, 1998)2. For more general offences, the recidivism 

rates for rearrest were reported to be closer to 75% across 30 US states between 2005 and 

2010 (Durose et al., 2014). General non-violent recidivism (i.e., recidivism excluding 

violent and/or sexual offences) is not a category reported on in recent years by 

Correctional Service of Canada,3 but two-year reconviction rates for offenders released in 

2011/12 for any offending was 23.4% versus 12% for specifically violent offences 

(Stewart et al., 2019).  Second, given the disparity in recidivism rates, it follows that the 

vast majority of risk assessments that are conducted are done to guide the day-to-day 

practice of front-line correctional workers, like probation officers, who are working with 

typical correctional clients. Thus, the tools they use should speak to risk appraisal of 

these typical correctional clients, not just less common recidivism types, to inform case 

management practices. Third, the empirically-documented risk factors for specialized 

recidivism (i.e., sexual or violent) also require consideration of unique factors than are 

needed for appraising general reoffending, although there are some similarities. For 

example, many of the Central Eight Risk factors (e.g., criminal history, antisocial 

attitudes, antisocial associates, antisocial personality pattern, substance abuse) have 

predictive validity for sexual, violent, and general offending (Hanson, 2009). However, 

risk assessment tools for sexual reoffending include factors specific to that type of 

offending behaviour (e.g., sexually deviant thinking and interests; Hanson, 2009; Hanson 

 
2 Please note that the studies included in both the Campbell et al. (2009) and Hanson & Morton-Bourgon 
(2009) studies were primarily North American. 
3 The most recent official Canadian data related to general recidivism was from offenders released in 
1994/95. The reconviction rate for general offending (excluding violent and/or sexual offences) at that time 
was 30% (Bonta et al., 2003). 
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& Harris, 2000). Specific risk factors are also included for assessment of violent 

recidivism (e.g. psychosis, access to weapons, or jealousy in the case of domestic 

violence risk concerns; Capaldi et al., 2012; Douglas & Skeem, 2005).   

Previous meta-analytic studies for general recidivism outcomes have generated 

useful information for specific types of offenders, for example, female (e.g., Smith et al., 

2009) and Indigenous offenders (Gutierrez et al., 2013). Previous studies have also 

subjected individual risk tools [e.g., the Level of Service Inventory (LSI); Olver, 

Stockdale et al., 2014 or Psychopathy Checklist-Revised (PCL-R) and LSI-R; Gendreau 

et al., 2002) and the central eight risk factors to meta-analysis for risk prediction purposes 

(e.g., Gutierrez, et al., 2013). A recent meta-analysis generated predictive validities for 

various risk assessment tools used within American corrections samples (Desmarais et 

al., 2016). To date, there is no meta-analysis that comprehensively evaluates as many as 

possible of the available predictive validities for risk assessment tools/practices for the 

appraisal of general recidivism. This lack of comprehensiveness is an important gap to 

fill considering that appraising general recidivism is the most typical purpose for 

assessment today in correctional agencies, such as for decisions regarding probation 

clients. Thus, the current dissertation contributes to the risk assessment literature for 

general recidivism in a more comprehensive way than previous meta-analyses. This 

comprehensiveness was accomplished via an extensive literature review and inclusion of 

prospectively measured recidivism outcomes related to more diverse samples and more 

varied types of risk assessment instruments/processes contained in English language 

empirical primary studies between years 2000 - 2017, regardless of geographic location. 
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An additional goal of the current dissertation was to clarify important practical 

risk appraisal issues by organizing the existing risk assessment literature for general 

recidivism across various moderators of predictive validity. Moderating variables are 

defined as factors that differ between studies as a result of methodology, sample 

characteristics, and characteristics of the variable of interest, in this case, risk assessment 

tools (Lipsey, 2003). The current dissertation’s research adapted and partially replicated 

the methods, coding items, and coding guide used by the Campbell et al. (2009) meta-

analysis to examine risk assessment tools and practices for general recidivism outcomes 

instead of violence outcomes as used in that analysis. As such, the following hypotheses 

and expected outcomes are primarily based upon that study’s moderator choices but were 

also formulated considering the relevant literature reviewed pertaining to general 

recidivism risk assessment. First, it is expected that there will be sufficient heterogeneity 

of the effect sizes generated from collected studies to proceed with moderator analyses. 

Second, based upon Campbell et al. (2009) and previous research (Bonta & Andrews, 

2017; Andrews et al., 2006; Bonta, 2002; Farrington et al., 2006; Gendreau et al., 2002; 

Gutierrez et al., 2016; Hanson & Morton-Bourgon, 2009; Johnson, 2005; Smith et al., 

2009; Walters, 2006), it is expected that the following moderator categories will affect 

generated predictive validities. The moderator categories, and hypothesized influences, 

are:  

A. Risk Assessment Tool: it is hypothesized that the tools with the strongest 

mean effect size for general recidivism with adult offenders will be the 
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Level of Service class of tools4 (i.e., Level of Service Inventory, Level of 

Service Inventory-Revised, and Level of Service: Case Management 

Inventory). 

B. Generation of risk assessment method: it is hypothesized that tools 

classified within the first generation5 (unstructured clinical or professional 

judgment) will have a weaker mean effect size relative to the second, 

third, and fourth generations of assessment as has been reported in other 

meta-analyses.  

C. Theoretical relevance: it is hypothesized that tools informed by a relevant 

theory of criminal behaviour will result in a stronger mean effect size than 

those not grounded in theory. 

D. Administration method: it is hypothesized that assessment procedures 

which incorporate more than one format for gathering information to 

inform risk assessment will result in a stronger mean effect size than those 

that rely on one method only. 

E. Dynamic versus static factors as predictors: it is hypothesized that 

dynamic risk factors will outperform static risk factors in terms of mean 

effect size. This hypothesis is based upon results for violence risk 

assessment instruments, where tools using predominantly dynamic factors 

 
4 The rationale for this hypothesis and the performance of the LSI class of tools stems from LSI results 
from the following meta-analytic studies: for assessment of general recidivism (Gendreau et al.,1996); for 
violence outcomes (Campbell et al., 2009; Gendreau et al., 2002) 
5 Given the evolution of risk assessment practices, and the changes that have ensued, it is not expected that 
first generation risk assessment methods will be represented in more recent literature. However, based on 
the fact that Campbell et al. (2009) did find studies containing seven effect sizes for first generation 
instruments in their meta-analysis of violence outcomes, it was decided to keep this category intact for the 
current study. 
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resulted in slightly higher predictive validities than those comprised of 

static factors (Z+ = .25 and .22, respectively; Campbell et al., 2009).  

F.  Type of recidivism measured: it is hypothesized that new convictions will 

evidence a stronger mean effect size versus other types of recidivism6. 

G. Length of follow-up period: it is hypothesized that longer follow-up 

periods (> 2 years) will result in a stronger mean effect size than shorter 

periods given that recidivism rates increase with longer follow-up periods.  

H. Self-reported versus officially-recorded recidivism: it is hypothesized that 

self-reported recidivism will produce a stronger mean effect size than 

officially reported recidivism given its higher accuracy for capturing target 

behaviours. 

I. The diversity of the sample7: it is hypothesized that a weaker mean effect 

size will result from Indigenous samples versus non-Indigenous samples, 

from older samples versus younger samples, and from forensic versus 

non-forensic samples whereas predictive validities for male and female 

samples will be at par. 

J.  Actuarial assessment versus formal structured professional judgment 

processes: it is hypothesized that actuarial assessment instruments will 

 
6 The rationale for choosing new convictions over other types of outcome measures lies in the measurement 
of ‘behaviours.’ If recidivism is meant to capture an individual’s reoccurring criminal act, then convictions 
would provide the best chance to do so in this regard. Of the other choices (as noted by Nouwens et al., 
1993), arrests can be false (or charges dropped due to insufficient evidence or plea deals) and return to 
custody or technical violations (i.e., breaches of probation or parole) do not necessarily reflect a return to 
criminal behaviour (for example they could have breached a condition).  
7 The diversity moderator hypotheses related to Indigenous versus non-Indigenous samples is derived from 
relevant literature (See Gutierrez et al., 2016). The remaining moderator categories are taken from findings 
of the Campbell et al. (2009) meta-analysis of predictive validities for violent recidivism. 
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result in stronger predictive validities than processes involving formal 

structured professional judgment8. 

3.0 METHODS  

3.1 Sample of Studies 

One important challenge in meta-analysis is that of publication bias, also referred 

to as the “file drawer problem” (Borenstein et al., 2009; Hunt, 1997; Lipsey & Wilson, 

2001; Singh & Fazal, 2010). This problem is the tendency for studies to be submitted for 

publication or accepted for publication only if the results contribute to knowledge in a 

positive way (i.e., by achieving statistical significance). This trend creates a published 

literature on any subject that is biased toward larger effect sizes and an 

underrepresentation of null findings, which then leads to skewed conclusions from a 

meta-analytic review (Borenstein et al., 2009; Hunt, 1997; Lipsey & Wilson, 2001). 

Singh and Fazel (2010) noted the importance of creating a systematic method for 

searching for literature when conducting meta-analyses, as well as the importance of 

documenting this method so that it is replicable. As part of this process, most researchers 

mitigate publication bias by adding processes to their study search that involve contacting 

as many sources as possible to solicit unpublished studies (e.g., research centres, 

government agencies, universities, researchers in the field).  Any collected unpublished 

research is then included in the meta-analysis and analyzed alongside published studies.  

 
8 The rationale for this hypothesis stems from past meta-analytic results as of 2017. It is true that some past 
primary studies have shown SPJ to have comparable predictive validities to actuarial assessment (see 
Heilbrun et al., 2010 for violence outcomes), but two prior meta-analyses by Hanson & Morton-Bourgon 
(2009) with sexual offence recidivism, and Hanson et al. (2007) for domestic violence assessment, 
produced larger mean effects for actuarial versus SPJ. As such, the hypothesis was derived based on these 
meta-analytic results. 
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For the current meta-analysis, studies were gathered via three primary methods. 

First, an electronic literature search was conducted using University of New Brunswick 

e-Resources, which included the following relevant databases: Academic Search 

Complete, Criminal Justice Abstracts, JSTOR, MEDLINE, Proquest Digital 

Dissertations, PsycARTICLES, PsycINFO, PsycTESTS, SAGE Journals, SpringerLink, 

Wiley Online Library, and WorldCat.org. Search terms included: (a) terms related to 

criminal risk assessment (e.g., actuarial prediction, clinical prediction, structured 

professional judgement, Level of Service Inventory, Psychopathy Checklist, etc.); (b) 

terms regarding offender populations (e.g., adult offender, prisoner, parole, probation, 

general offender populations, forensic offender populations); and (c) outcome-related 

terms (e.g., recidivism, misconduct, reoffending, rearrest, revocation). Second, attempts 

to secure unpublished data were made using emailed requests to researchers, research 

centres, and government agencies known to conduct offender risk research and via a 

review of major criminal justice-focused conference presentation abstracts (e.g., 

American Psychological Association, American Psychology-Law Society, Canadian 

Criminal Justice Association, Canadian Psychological Association,) so that an email 

request for unpublished information could be sent to relevant authors. This process is an 

important search mechanism given the uptick of structured risk assessment practices by 

state/provincial and other government correctional agencies, who may not publish results 

for wider consumption (see Hunter & Schmidt, 2015 and their experience with 

government agencies and studies of employee training). In addition to emailed 

solicitation, a search using Google and Google Scholar was conducted to secure any non-

published technical reports not forthcoming at this point. Third, a search was conducted 
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using the ancestry method (i.e., a review of reference sections of all relevant retrieved 

articles).  

Another area where bias could present problems for meta-analysts is in the 

selection of studies for inclusion. To address this concern, researchers should exercise 

care to document inclusion/exclusion criteria and to keep records documenting each 

study’s status (Borenstein et al., 2009; Lipsey & Wilson, 2001). Inclusion criteria for the 

present meta-analysis required that primary studies: (a) were predictive in nature (i.e., 

assessment occurred before the measurement of outcome); (b) involved adults (i.e., the 

mean age of the sample must be 18+ years at time assessment was conducted); (c) used a 

sample originating from general criminal justice offender and/or forensic psychiatric 

patient populations; (d) reported data in such a way as to facilitate the calculation of an 

effect size (e.g., Pearson r, Phi coefficient Ф) between the assessment tool/method and 

misconduct and/or recidivism outcomes; and e) were conducted between 2000 to the end 

of 20179. Studies also required follow-up periods of at least 6 months to be included. For 

each retrieved data source, data was recorded from the largest sample, longest period of 

follow-up, and the most specific criterion (i.e., conviction vs. re-arrest) reported in a 

given study (or when multiple studies were using the same sample). For studies which 

involved multiple administrations of a risk assessment tool, the final administration was 

the only one utilized as it is the closest measurement in proximity to the recidivism 

 
9 The lower bound of the retrieval period (i.e., 2000) was chosen for the following reasons. First, given the 
number of risk assessment studies returned in an initial review of the literature, it became necessary to 
narrow the scope of the current project to make it manageable for a single meta-analyst. Second, the year 
2000 was chosen based upon the Risk Principle of RNR (i.e., use of a valid and reliable risk tool to predict 
recidivism; Andrews et al. 1990). It was rationalized that since the risk principle was first introduced in 
1990, the development and validation of a variety of risk assessment tools might have taken at least a 
decade, thus this was a logical choice of year to begin the review. Prior to 1990, much of the research 
related to the risk principle focused on individual risk predictors (e.g., Gendreau et al., 1996) and early 
iterations of tools already in existence (e.g., LSI; Bonta & Motiuk, 1990), which are not used today. 
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criterion. Only studies that reported outcomes of general recidivism (i.e., recidivistic 

outcomes that were purely non-violent in nature or not restricted to a specific type of 

offending, for example, violent or sexual offences) were considered for this meta-

analysis. Studies in which authors report that samples were predominantly comprised (> 

80%) of specialized offenders (i.e., samples of sexual offenders, violent offenders, 

domestic violence offenders) were included only if general recidivism was an outcome 

reported. 

3.2 Coding of Studies 

Another means by which bias could present problems for meta-analysts is the 

processes of defining and coding of variables. To mitigate bias, researchers should create 

a detailed coding manual that clearly defines variables to be coded, along with coding 

criteria for each variable (Lipsey & Wilson, 2001). For the current study, variables for 

coding are listed in the coding manual contained in Appendix A. Categories for coding 

included variables related to study, sample, risk assessment, and effect size descriptors. 

All studies were coded by the principal researcher. Intercoder reliability was established 

by randomly selecting 10% of studies to use as a sample that was blindly coded by a 

second trained coder. The Yeaton and Wortman (1993) formula:  ∑(agreements) / ∑ 

(agreements + disagreements), was used to calculate the index for agreement, as noted in 

Lipsey (2001) and used in prior published meta-analyses (e.g., Campbell et al., 2009; 

French & Gendreau, 2006; Gendreau et al., 2002). Initially, this formula resulted in an 

intercoder reliability index of 73%. However, the primary coder (current author) realized 

that the areas of disagreement were not related to inaccurate coding (i.e., coding errors) 

per se, but rather uncertainty related to the inexperience of the intercoder. As such, a 
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check of each of these areas of uncertainty allowed for a 92% resolution and a final 

reliability index of 98%.  

3.3 Materials 

 Data coding and analyses were intended to utilize purchased and licensed 

Comprehensive Meta-Analysis 3.0 software (CMA 3.0; Biostat, 2017). However, the 

principal researcher found this software to be of limited value for the preparation of 

results (e.g., descriptive statistics for coding items could not be calculated via its menu). 

As an alternate strategy, SPSS was used for entry of summary data collected from each 

study, as well as for the calculation of descriptive statistics. Given that there was non-

independence of effect sizes (i.e., many studies included in the meta-analysis used a 

number of risk tools to test predictive validity within one sample), a tri-level meta-

analysis (for overall effect) was performed using the metafor package in the R statistical 

software program (Viechtbauer, 2010).  

3.4 Data Analyses 

In many instances, within the literature reviewed for this current meta-analysis, a 

single sample was used to test the predictive validity for general recidivism of more than 

one risk tool. For example, Abbiati et al. (2017) used the same sample (n = 94) to test the 

predictive validity of seven different risk tools (see Appendix C). Inclusion of all of these 

effect sizes in instances such as this one contradicts the meta-analytic assumption that 

included effect sizes should be independent of each other (Borenstein et al., 2009). One 

strategy to deal with this type of non-independence of effect sizes is to choose only one 

effect size from each sample. This particular strategy was ruled out given the subjective 
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nature of such choices and the loss of significant amounts of data (six effect sizes would 

have been lost from the aforementioned study). Therefore, in order to preserve data, it 

was necessary to use an analytic strategy that would allow for the inclusion of effect sizes 

that are not independent of each other (Bateman & Jones, 2003). As such, analyses 

proceeded using a multilevel linear model (MLM), which allows for flexibility in the 

independence assumption and accommodates the hierarchical nature of meta-analytic 

moderator analysis (Raudenbush & Bryk, 2002). The reason this model is possible is 

because the standard error associated with each effect size in a meta-analysis is also an 

estimate of variance (see Borenstein et al., 2009); given this fact, the standard error also 

represents the known variance necessary for use within an hierarchical linear model 

(Raudenbush & Bryk, 2002).  

The first phase of analysis proceeded with an overall analysis and then a 

moderator analysis using the entire sample. This approach is modelled after the first step 

used by Voyer et al. (2017) and Nazareth et al. (2019). The overall multilevel analysis of 

effect sizes proceeded using two nested levels (i.e., effect sizes nested within study 

samples). This process resulted in 746 effect sizes (level one) nested within 367 separate 

samples (level two). In terms of power, the large number of level one and two items was 

maximal for the subsequent examination of moderators.  

In the second phase, the moderator analyses treated effect sizes as random effects 

and the moderator variables as fixed effects. Aside from the primary moderator (i.e., risk 

assessment tool), this meta-analysis also presented comparisons of: a) the four 

generations of risk assessment methods, b) tools that are relevant/non-relevant to criminal 

theory, c) administration method, d) dynamic versus static factors as predictors; e) type of 
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recidivism recorded; f) length of follow-up period; g) self versus official reports of 

recidivism; h) diversity of samples; and i) comparisons of actuarial risk assessment 

versus formal structured professional judgment processes. 

3.4.1 Effect size choice and calculation  

An important practical consideration for meta-analysts is the choice of metric to 

be used as an effect size (Gendreau & Smith, 2007). The effect size is used as a means to 

standardize results across studies so that they can be averaged and compared (Hunt, 1997; 

Lipsey & Wilson, 2001). There are a number of choices available to researchers, with the 

most common being those that provide information about the direction and magnitude of 

an effect (Hunt 1997; Lipsey & Wilson, 2001). The most commonly used metrics for 

prediction meta-analyses are: the receiver/relative operating characteristic’s (ROC) 

probability discrimination estimate known as the area under the curve (AUC), the odds 

ratio, Cohen’s d, and the correlation coefficient (Pearson’s r, Phi, Point-Biserial).  Details 

about each metric will be addressed in turn below, followed by the chosen metric for the 

current meta-analysis, including calculation details.  

The ROC curve was developed by engineers as a WWII tool for detecting enemy 

radar and was introduced to psychology for stimulus detection in perception studies in the 

1950s (Swets, 1986). Since that time, it has become useful in many areas that utilize 

prediction or diagnostic testing, such as in medical research (Swets et al., 2000).  In any 

prediction with two possible classifications (yes- it occurred or no- it did not occur), there 

are four possible outcomes (Swets et al., 2000). Two of these outcomes are that a 

prediction will be correct. These correct predictions can occur when an event is predicted 

to occur and it occurs (a true positive outcome) and when an event is predicted not to 
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occur and it does not (a true negative outcome). Two other possible outcomes are that the 

prediction will be incorrect. These errors occur when an event is predicted to occur and it 

does not (a false positive outcome) or when an event is predicted not to occur and it does 

(a false negative outcome). These four outcomes are often displayed in a 2 x 2 

contingency table with observed probabilities for their occurrence.  

In signal detection theory, the true positive rate is referred to as a hit rate and the 

false positive rate is referred to as the false alarm rate (Swets, 1986). An ROC is the 

plotting, based on observed frequencies, of the “hits” over the “false alarms”. The 

proportion of true positives are plotted on the y-axis and the proportion of false positives 

are plotted on the x-axis, while the criterion used to classify the event into one of these 

two conditions is varied (Swets, 1986; Swets et al., 2000). Thus, the ROC represents the 

ratio of hits over false alarms and displays this pattern visually in a graphical curve.  

In relation to assessing the predictive validity of a risk assessment instrument, the 

ROC equates to the proportion of times an offender is predicted to recidivate and he or 

she actually does (true positive rate) versus the proportion of times the instrument 

predicts that an offender will recidivate when he or she actually does not (false positive 

rate) across various cut off scores on the instrument (from stringent to lenient). Both true 

and false positive rates increase together as the criterion for classification into group A 

becomes more lenient (Swets, 1986; Swets et al., 2000). In other words, at the far lower 

left corner of the graph, both probabilities are near zero and are associated with a very 

strict decision cut off in which a positive event is rarely predicted. In the far upper right 

corner, both probabilities are near one, as they would be if the decision cut off was too 

lenient and every prediction made by an instrument was for the event to occur. For risk 
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prediction tools, this pattern means that the probability of both true and false positives 

will increase when the designated score (cut off) for classifying an individual into the 

recidivism versus no recidivism groups is lowered. In this way, the relative tradeoff 

between costs of false positives and benefits of true positives can be assessed for many 

cut off scores on the instrument used to make the prediction (Swets et al., 2000). 

Within ROC analyses, the AUC is a metric used to provide an index of the 

probability that a randomly selected case for whom the measured outcome has occurred 

(i.e., a recidivist) will rank/score higher on the prediction instrument than a randomly 

selected case for whom this outcome did not occur (i.e., non-recidivist; Rice & Harris, 

2005; Swets, 2000). AUC is interpreted in terms of percentages (Bonta & Andrews, 

2017). For example, an AUC of .52 would indicate that there is a 52% chance that a 

randomly selected recidivist would have a higher score on a given tool than a randomly 

selected non-recidivist.  The closer the AUC is to 1.0, the better the prediction whereas 

AUCs of .50 reflect chance prediction and AUCs closer to .00 reflect poor prediction. 

Prediction becomes more difficult when base rates depart considerably from .50 

(50%) in either direction. This difficulty arises because the more frequent or rare an event 

is, the more difficult it is to predict and the more potential there is for error (under or 

overestimation). The AUC is a choice of metric often used in correctional psychology 

when research involves crimes with low base rates (e.g., violent or sexual recidivism) 

because this metric is less susceptible to concerns over base rates (Rice & Harris, 2005; 

Serin & Brown, 1998; Swets, et al., 2000).  

In addition to ROC/AUC metrics, other researchers have used the odds ratio to 

reflect the strength of an association between a variable and an outcome, when the 
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outcome is dichotomous (Cooper, 2017; Wilson, 2001). The odds ratio is a description of 

the relationship between two odds (Fleiss & Berlin, 2009); that is, the odds of an outcome 

occurring in one condition divided by the odds of the same outcome occurring in another 

condition. For example, the odds of reoffending when scoring high on a risk assessment 

instrument divided by the odds of recidivating when not scoring high (recidivism rate 

with high score/recidivism rate with low or moderate scores). Given that the odds ratio 

compares groups in terms of the status of an event, it is well suited for criminal risk 

prediction because most assessment tools provide risk appraisals in terms of low, 

moderate, and high risk (Lipsey & Wilson, 2001).  

Given that an odds ratio is a ratio of two odds, resulting ratios between 0.0 and 

1.0 indicate lower odds of an event happening. In other words, the odds are greater for 

the denominator condition than the numerator condition or, in the recidivism example 

from above, the odds of recidivating when scoring high on a risk tool are lower than odds 

of recidivating when scoring low/moderate. An odds ratio of 1.0 is interpreted to mean 

that there is no relationship between these two variables (e.g., odds of recidivating when 

scoring high equal the odds when scoring low/moderate), and an odds ratio greater than 1 

indicates a positive relationship between these two variables, or for example, an odds 

ratio of two would mean that offenders scoring high on an assessment are twice as likely 

to recidivate as those scoring low-moderate (Fleiss & Berlin, 2009). By centering on zero 

as the value that separates positive and negative associations, odds ratios can undergo a 

natural log transformation (Lipsey & Wilson, 2001). Some experts have noted that while 

the meaning of an odds ratio is not intuitively clear (e.g., Fleiss & Berlin, 2009; Wilson, 

2001), especially for those who do not have statistical backgrounds, it is also true that 
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odds ratios can be transformed into more easily understandable metrics (e.g., 

percentages) to avoid the potential for misleading judgments of the magnitudes of 

relationships (see Fleiss & Berlin, 2009); Gendreau & Smith, 2007; Wilson, 2001). Like 

the ROC/AUC, base rates provide less of a problem for the odds ratio (Fleiss & Berlin, 

2009; Wilson, 2001). 

 Cohen’s d (the mean difference between two groups standardized by the pooled 

within subjects standard deviation; Cohen, 1988) is also used by researchers for 

prediction meta-analysis (e.g., Hanson & Morton-Bourgon, 2004). It is a useful statistic 

in this regard because, like the ROC/AUC and the odds ratio, it is less susceptible to base 

rate issues. The interpretation of d involves comparison of two groups relative to the 

increase or decrease of standard deviation units. For example, d = .33 for a treatment 

group would be interpreted to mean that the treatment resulted in a third of a standard 

deviation increase in the outcome when compared to the effect for a comparison control 

group (McCartney & Rosenthal, 2000).  However, some researchers suggest that this 

metric does not offer the ease of interpretation one might desire when disseminating 

results to audiences without statistical backgrounds, such as correctional policy makers 

and practitioners (Gendreau & Smith, 2007). Thus, many meta-analysts have relied on 

correlations as their choice for a common metric. 

Correlations are useful for meta-analysis because they provide an estimate of the 

association (i.e., magnitude and direction) between variables (McCartney & Rosenthal, 

2000). There is a family of correlation coefficients (McCartney & Rosenthal, 2000): the 

Pearson product moment correlation is suitable when both variables of interest are 

continuous; the phi coefficient suits situations where both variables are dichotomous; and 
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the point biserial coefficient is used when one variable is continuous and the other 

dichotomous. The correlation coefficient is ideal for communicating meta-analytic results 

to those without backgrounds in statistical analysis. As Gendreau and Smith (2007) have 

noted, a scale of 0 (no relationship) to 1 (perfect relationship) is intuitively obvious for 

interpretation, and perhaps more so than that provided by the other effect size metrics 

noted above.  

Another important advantage of correlations as effect size indices is the 

opportunity to use the binomial effect size display to further qualify the resulting 

correlation (BESD; Rosenthal, 1991; Rosenthal & Rubin, 1979). The BESD allows for 

interpretations of effect sizes in terms of percentages. Generally, the magnitude of a 

correlation reflects the simple difference in effect in terms of a percentage for one group 

relative to another. For treatment studies, this means that the r value can be taken at face 

value as the percent improvement of the treatment group over that of the control group. 

With respect to prediction studies, the r value represents the percentage improvement in 

predictive ability (Rosenthal, 1991). For example, an r = .40 would represent a 40% 

difference in recidivism rates between a group who scores high versus a group who 

scores low. Consider the following, if one were to assume a 50% recidivism base rate for 

a group of probation offenders, and a correlation of .40 between Instrument A and 

recidivism in that group. This would mean that the recidivism rate of offenders that score 

high would be 70% and those that score low would be 30% and yield a 40% difference in 

recidivism rates (i.e., base rate ± r/2 or in this case 50% base rate of recidivism ± .40/2 = 

70% versus 30%). It is the communicability of correlations, especially along with the 

BESD, that make correlations a popular choice for meta-analysis of correctional literature 
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(e.g., Campbell et al., 2009; French & Gendreau, 2006; Gendreau et al., 1996; Gendreau 

et al., 1997; Gendreau et al., 2002). As such, it is the effect size index chosen for the 

current meta-analysis. The calculation for this effect size is described below. 

For the current meta-analysis, phi coefficients (Φ) were calculated for each 

assessment tool/method’s predictive validity with recidivism. In studies where r was not 

reported (i.e., metrics used were, for example, F, t, χ2, p, or AUC), the appropriate 

conversion formula was employed for Φ calculation (Rice & Harris, 2005; Rosenthal, 

1991; Swets, 1986). In order to account for base rate fluctuations found across prediction 

studies for general recidivism, Φ values were initially going to be adjusted using Ley’s 

(1972) formula: r’ = [(rxy)(δx’/δx)] / [1-rxy² + (rxy²)( δx’²/ δx²)]½, where rxy was the 

observed correlation, δx was the observed standard deviation of the base rate, δx’ was the 

average standard deviation based on the average base rate for studies in the analysis, and 

rxy’ was the corrected correlation.  For use in this formula, the standard deviation of the 

base rate was calculated using: δ = [pq/(N)(N-1)]½, where p was the number of offenders 

who recidivated in the community, q was the number of offenders who did not, and N 

was the total size of the sample. However, with the use of R’s hierarchical method for the 

current meta-analysis, base rate was treated as a moderator instead of calculating the 

Ley’s (1972) statistic. This base rate moderator effect was assessed for its contribution to 

variability prior to further analyses. It was expected that base rate fluctuations would not 

be a significant predictor of variability in recidivism effect sizes given the common 

nature of general recidivism. 

To estimate and interpret the nature of the association between each assessment 

tool/method (e.g., Psychopathy Checklist) or other moderator categories (e.g., 3rd 
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generation risk measures) with recidivism, the effect size metrics used were the mean r  

(Mr) and associated 95% confidence interval (CIr). Interpretations of these relationships 

were based on the degree of overlap between CIs, as well as the width of the interval. In 

terms of the former, if there was no overlap between CIs for any two mean effect size 

values, then the respective mean effects were interpreted as parameters representative of 

distinct populations. This situation is equivalent to statistical significance (p < .05), as 

long as the number of effect sizes is greater than 10 and the CI width does not vary by 

more than a factor of two (Cumming & Finch, 2005). When CIs in any two comparisons 

overlapped by less than one quarter of the average length of the two intervals, the data 

was interpreted as reflecting mean effects representative of two different population 

parameters and would be statistically different at approximately p ≤ .05 (see Cumming & 

Finch, 2005). Overlap in CIs that was more considerable than described in the criteria 

above were interpreted to mean that the values were likely estimates of the sample 

population parameter, and as such, were not statistically different from each other. The 

second use of CIs was to reflect the precision of estimates by noting the width of the 

respective CI for any mean effect size (see Cumming & Finch, 2001; Gendreau & Smith, 

2007; Schmidt, 1996). Narrower intervals were interpreted to indicate a more precise 

population parameter estimate.  

3.4.2 Effect size heterogeneity (fixed effect and random effects models) 

A final consideration in relation to meta-analysis is related to two statistical 

perspectives (Hunt, 1997). The question underlying these perspectives is this: Does the 

variation suggest that the studies included in a meta-analysis are estimating several 

population effect sizes that differ in unknown ways (random effect model; Hedges & 
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Olkin, 1985) or are they estimating one population parameter in which there is inherent 

variation due only to a treatment effect or some other factor (fixed effect model; Hedges 

& Olkin, 1985)? Two methods are available to guide thinking on this topic: the fixed 

effect and the random effects models. Each approach allows for the interpretation of 

study findings in a different way.  

Fixed effect model analyses are based on the a priori assumption by the 

researcher that all studies contributing to a meta-analysis share a common (true) effect 

size (Bornstein et al., 2009; Hunter & Schmidt, 2000). Stated differently, the researcher 

assumes that studies included in a meta-analysis are the entire population of studies with 

common characteristics and that the average effect size generated is, in fact, the 

population parameter and not an estimate of such (hence the term ‘fixed’ effect Bornstein 

et al., 2009; Schmidt et al., 2009).  Here, there is no statistical assessment of variability 

between studies because, according to the assumption, all variability is due to sampling 

error rather than to any moderator influence of effects (Hunt, 1997; Lipsey & Wilson, 

2001). Researchers should use a fixed effect model if they believe that the sample of 

studies does not differ in any important (influential) way. In addition, given that the 

application of findings from a fixed effect meta-analysis is restricted to the specific set of 

studies included in the meta-analysis, the researcher must not wish to generalize results 

beyond the studies included (Bornstein et al., 2009; Hunt, 1997; Lipsey & Wilson, 2001, 

Schmidt et al., 2009). 

More often, however, when dealing with a sample of studies collected for a meta-

analysis, especially from the social sciences, a meta-analyst already has an idea that the 

sources of variability over and above the sampling error have systematic influences on 
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effects (e.g., sample selection, measurement issues, etc.). In addition, the researcher 

would most likely wish to generalize findings to similar studies that have not been 

included in the sample or that might be conducted in future (Schmidt et al., 2009). In 

such situations, the researcher should proceed with the meta-analysis using a random 

effects model.  

The random effects model assumes that it is possible for the true effect to vary 

from study to study (Bornstein et al., 2009). That is, effect sizes could be higher or lower 

in studies with participants possessing certain qualities (e.g., older participants) or where 

a certain condition is present (e.g., post-treatment program). Therefore, the variability 

between effect sizes can be attributable to study-level sampling error plus a component 

that represents other sources of variability which are assumed to be randomly distributed 

in the population (i.e., true effects that are randomly distributed around some mean, 

hence the term random effects; Bornstein, et al., 2009; Hunt, 1997; Lipsey & Wilson, 

2001). In other words, the set of studies collected for a meta-analysis is a sample of 

studies, not the entire population of studies as was the case in the fixed effect model 

(Schmidt et al., 2009). In this way, variability is formally assessed and treated as an 

hypothesis to be tested, allowing the researcher to determine if all variance is accounted 

for by sampling error and other artifacts (Schmidt, 2010). The overall observed effect is 

an estimate of the mean of all of the population true effects. In this way, once the 

variability is accounted for statistically, application of the findings can be generalized to 

scenarios outside of the particular set of studies included in the meta-analysis.  

The key difference for the interpretation of findings between fixed and random 

models lies with how each model deals with between-study variability and the intended 
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generalizability of the findings. The random effects model incorporates an additional 

between-study error term in the form of a constant that represents the unaccounted for 

variation across studies. In so doing, confidence intervals for effect sizes are often wide. 

The fixed effect model does not attempt to include this extra error term, and, as such, the 

result is narrower confidence intervals.  

   The current meta-analysis adopted a mixed effects perspective which is necessary, 

as outlined in the MLM, to facilitate the hierarchical nature of the planned moderator 

analyses (Raudenbush & Bryk, 2002). First, outlying effect sizes (defined as any effect 

size that was two standard deviations above or below the mean Fisher’s z-transformed 

correlation) were identified so that results could be compared with and without these 

outcomes. Second, the overall collection of effect sizes was synthesized using a random 

effects model because it was assumed that effect sizes from primary studies would differ 

in known ways (due to the effect of moderators such as sample racial composition, type 

of offender, gender, etc.). Overall heterogeneity (across all effect sizes before moderator 

analyses proceeded) was assessed with using the Q-test (Cochrane, 1954). Finally, as it 

was the case that the degree of variability was greater than would be expected by chance 

(see results section), examination of moderator influences was supported. Moderators 

were explored using a fixed effect perspective as it was assumed that within each 

moderator category, variability would be due only to sampling error (because the effect 

sizes were nested within their respective samples). Therefore, any variability in effects 

between samples would be due only to the moderator being examined. Results were 

reported both with and without outliers included.  
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3.4.3 Fail safe estimation 

 To further assess publication bias, a fail safe estimate was calculated to provide an 

index of the number of additional effect sizes required to alter obtained effect size 

estimates (Gendreau, 2002). An estimate of the number of nil effect sizes (Z+ = .00) 

needed for a given risk assessment tool/method of greater predictive accuracy to 

approach a mean effect equal to one of lesser accuracy was calculated using the formula: 

)/())]([( 0
+
=

+++ −− BAABB ZZZZk , where Z+
B=0 indicated a null effect for the more accurate 

risk measure (see Gendreau, et al., 2002). To clarify this procedure, consider the 

following as an example. The Z+ value for Measure X is .30 (k = 50) and .35 (k = 40) for 

Measure Y. Using the above formula, the calculated estimate would be that seven 

additional Measure Y effect sizes, each with a magnitude of Z+ = .00, would have to be 

produced to conclude that the two measures were at predictive parity (i.e., to negate the 

predictive advantage that Y initially evidenced over X). 

3.4.4 Moderators 

The influence of important moderators of predictive validity were examined with 

the goal to help inform decisions pertaining to choice of risk assessment 

instrument/practice within the field. Chosen moderators for exploration in this category 

were: a) risk assessment tools; b) the four generations of risk assessment methods; c) 

tools that were relevant/non-relevant to criminal theory; d) instrument administration 

method; e) dynamic versus static factors as predictors within the instrument being used to 

assess risk; f) the type of general recidivism measured; g) length of follow-up period; h) 

self-reported versus officially-reported recidivism; i) the diversity of the sample (i.e., 
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forensic versus correctional samples, male versus female samples, non-indigenous versus 

indigenous samples); and j) comparisons, where available, related to actuarial instruments 

versus formal structured professional judgment processes. All moderators are 

operationalized in the Coding Manual (see Appendix A). 

4.0 RESULTS 

The results begin with a descriptive summary of all of the study characteristics 

coded for the dissertation in order of presentation according to the Coding Guide (see 

Appendix A). This description will be followed by the results from the outlier, overall, 

and moderator analyses (including examination of the hypothesis related to each 

moderator analysis). 

4.1 Descriptive Statistics 

The literature review resulted in the collection of 1519 studies with potential for 

inclusion in the meta-analysis. Upon review and application of the inclusion criteria, a 

final dataset was retained (k = 263) for coding, which produced 746 predictive validity 

estimates between risk assessment tools and general recidivism in a total sample of 1, 

316, 113 individuals. As noted in Appendix B, across these studies, there were more than 

250 different tools utilized for risk prediction and/or appraisal across included studies. 

For the purposes of moderator analysis only, moderator categories for which there were ≥ 

10 effect size estimates were utilized to ensure sufficient data for meaningful 

comparisons in order to increase confidence for average effect size estimates. For this 

moderator analysis, these instruments included the Historical-Clinical-Risk Scale (HCR-

20; k = 28); the Level of Service/Case Management Inventory General Risk/Needs 

domain (LS/CMI GRN; k = 20); the Level of Service/Case Management Inventory 
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Specific Risk/Needs domain (LS/CMI SRN; k = 16); the LSI/LSI-R (k = 101); the PCL-R 

(k = 45); the Psychopathy Checklist: Screening Version (PCL:SV; k = 11); the Self 

Appraisal Questionnaire (SAQ; k = 10); the Statistical Information on Recidivism Scale 

(SIR-R1; k = 10); the Static 2002 (k = 13); the Static-99 (k = 42); and the Violence Risk 

Appraisal Guide (VRAG; k = 24).  

Appendix C contains an enumeration of the retained studies, along with details 

related to some of the characteristics of each of the included samples. These are the 

associated sample size, ethnicity, gender, client type, risk tool used, recidivism outcome, 

and effect size estimate. Outliers are highlighted in grey.  

With respect to study descriptors, there were three types of prospective studies 

observed. The first, and most frequent (k = 263), was characterized as archival 

prospective: assessment on file. For these studies, the risk assessment result, completed 

as part of routine case management, was recorded by researchers directly from client files 

(i.e., there was no researcher involvement in the actual risk appraisal process). The 

second category of prospective study (k = 234) was archival prospective: assessment 

scored retrospectively. In this category, risk appraisals were completed by researchers or 

research assistants (who were blind to recidivism outcomes) retrospectively using 

information from client files from a previous calendar year. Thirdly, and least frequently 

represented, were pure prospective studies (k = 238). These involved a risk appraisal 

scored prospectively before a period of follow-up for recidivism observation. Finally, for 

this variable, there were k = 11 studies for which the specific prospective study type 

could not be determined based on study reporting.  
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Turning to sample characteristics, beginning with ethnicity, 41% of effect sizes (k = 

305) were derived from samples of mixed racial origin, followed by samples made up 

primarily of Caucasian clients (23%; k = 169). There were relatively fewer samples 

containing clients who were Black (2%; k = 17), Indigenous (2%; k = 16); Hispanic (2%; 

k = 12), or from other racial origins (1%; k = 8). In k = 219 cases (29%), the information 

to determine the racial makeup of the sample was not provided. For gender, 75% of 

samples contained male clients (k = 562), whereas female clients were represented by 

15% of samples (k = 111). The gender was mixed for k = 41 samples (6%) and could not 

be determined in 4% of samples (k = 32). The average age within samples tended to fall 

most commonly between 18 and 34 years (47%; k = 351) followed by samples between 

35 and 49 years (43%; k = 318). The average age of the sample was not reported for 10% 

(k = 77) of samples.  

The final coding variable for sample characteristics was that of client type. Forty-

eight percent of samples were made up of general corrections clients (e.g., jail, prison, 

community corrections population; k = 360). The remaining samples contained clients 

with a history of sexual offences (30%; k = 225), forensic psychiatric issues (12%; k = 

90), violence offences (3%; k = 23), domestic violence offences (2%; k = 15), stalking 

offences (< 1%; k = 1), or intellectual disabilities (< 1%; k = 4). In k = 28 samples (4%), 

the nature of the client type could not be determined based upon reporting. 

The next category of descriptive variables related to risk assessment characteristics. 

Focusing first on reported reliability indices, there were k = 228 effect size estimates 

(31%) for which there was some measure of reliability reported after assessment. Of 

these, the most common type was intraclass correlation (ICC; k = 114), followed by 
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Cronbach alpha (k = 70), correlation between two raters (k = 17), correlation between two 

assessments (k = 4), percent agreement between two raters (k = 10), Kappa (k = 4) and 

unspecified metrics (k = 9). Confidence was high in the majority of reliability 

assessments with k = 189 of the 228 reporting indices above 76%.  

For administration methods, assessment information was gathered solely from file 

extraction in 40% of samples (k = 299), only via an interview with client in fewer than 

1% of samples (k = 4), and a combination of file/interview in 18% of samples (k = 137). 

Self-administered or client completed self-report instruments were used in 19% of 

assessments; (k = 142). In 5% of assessments, there was a basis of file/interview/client 

completed self-report combined to gather information for assessment (k = 37). In fewer 

than 1% of the assessments, various other combinations of the above-noted sources were 

used (k = 7) and in 17% of assessments the source of information was not reported by 

authors (k = 124).  

In terms of the nature of predictors, assessments were most commonly comprised of 

either dynamic alone or a majority of dynamic risk items in 52% (k = 391) of cases and 

either static alone or included a majority of static items in 39% of cases (k = 289). Equal 

representation of static and dynamic risk items was uncommon, occurring in only 1% of 

cases (k =8). The nature of predictors was not reported or could not be determined for 8% 

of reported effect sizes (k = 58). As for relevance to corrections, 90% of assessments 

utilized were relevant for the purposes of corrections risk appraisal (k = 670). The most 

often reported generation of assessment was the 3rd Generation (42% of effect sizes; k = 

312), followed by 2nd Generation (33%; k = 245), and 4th Generation (16%; k = 117). The 

generation of risk assessment could not be determined for k = 72 or 9% of effect sizes. 
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There were no 1st Generation effect sizes produced from the literature review meeting 

inclusion criteria. Researchers used data from formal structured professional judgment 

decisions in only 2% (k = 15) of assessments. Of these, k = 14 used a risk category in the 

judgment.  

Percentages and frequencies for the categories within the coding variable length of 

follow-up were fairly balanced between short- and long-term follow-up periods: < 2 years 

(26%; k = 192); 2-5 years (38%; k = 286); > 5 years (32%; k = 241). Information was not 

available on follow-up for 4% of the sample of effect sizes (k = 27). Categories for 

recidivism type most commonly reflected conviction (39%; k = 295), followed by 

arrest/new charge (17%; k = 130), incarceration (7%; k = 50), parole/probation violation 

only (1%; k = 10), and self-reported recidivism (< 1%; k = 3). Only 4% of the sample had 

no operationalization of recidivism outcomes specified (k = 28). There were outcomes 

that incorporated various combinations of these recidivism categories, which accounted 

for 32% of the effect sizes (k = 230).  

As a reminder, the variable general recidivism, for the purposes of this meta-

analysis, was operationally defined with two slightly different attributes: 1) Non-violent 

general recidivism where the outcomes identified in primary studies specifically excluded 

offences of a sexual or violent nature and reported only outcomes related to other types of 

offences (e.g., drug, fraud, theft, etc.), and 2) General recidivism including violence 

where recidivism outcomes identified in primary studies combined all types of offences 

within the outcome measure, including those of a sexual and violent nature and those of a 

more general nature (e.g., drug, fraud, theft, etc.). General recidivism including violence, 

was the outcome reported in 85% of the effect sizes (k = 637; base rate = 37.94%, SD = 



PREDICTING GENERAL RECIDIVISM       
 

70 

15.59). Non-violent general recidivism was the outcome reported in the remaining 15% 

of cases (k = 109; base rate = 39.92%, SD = 16.25). There was little difference in average 

base rates between the two operationalizations, t(744) = 1.214, p = .22. As such, there 

will be no distinction made in moderator analyses results according to type of general 

recidivism. Combining these two types of outcomes (non-violent general recidivism and 

general recidivism including violence), the average recidivism base rate for the dataset 

was 38.23% (SD = 15.69). As a moderator, recidivism base rate was not a significant 

contributor to overall effect size variability, F(1, 365) = 0.09, p = .76. As such, base rate 

as a variable required no additional consideration in terms of effect size conversion (i.e., 

Ley’s (1972) adjustment for r to r’). 

4.2 Outlier Analysis 

Outliers were defined as effect sizes which were two standard deviations above or 

below the mean Fisher’s z transformed effect size (Mr). Prior to analyses, a total of 18 

effect sizes were identified to fit this criterion. They can be inspected within Appendix C, 

where they have been highlighted in grey. All tabular reports to follow are presented both 

with and without the inclusion of these outliers.  

4.3 Overall Analysis 

 The overall estimate of effect size in the prediction of general recidivism was Mr 

= .29, 95% CIr [.28, .30]. Analysis for heterogeneity indicated that the random effects 

model was applicable, and that inspection of moderators was warranted to explain some 

of the identified variability in effect sizes, Q (745) = 15584.29, p < 0.001. Also, it is 

important to note that although many of the predictive validity estimates to be reported 
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here have practical importance for our understanding of risk/need assesssment, the 

majority of the variance in predictive validity remains unexplained for each of the 

following moderator categories.   

4.4 Moderator Analyses 

4.4.1 Risk assessment tool: Hypothesis A 

Hypothesis A: it was hypothesized that the tools with the strongest mean effect size for 

general recidivism with adult offenders would be the Level of Service class of tools (i.e., 

Level of Service Inventory, Level of Service Inventory-Revised, and Level of Service: 

Case Management Inventory).  

This hypothesis was partially supported given that one of the two strongest mean 

predictive validities was associated with samples assessed for general recidivism using 

the Level of Service/Case Management Inventory - General Risk Needs (LS/CMI: GRN) 

section. In addition, the most precise mean effect size was for the LSI/LSI-R category. 

However, there was still considerable overlap of the 95% confidence intervals for these 

tools and that of five other tools.  

The results from the synthesis of risk measures for predicting general recidivism 

are organized in Table 1 by means of descending order of effect size magnitude and are 

presented graphically in Figure 1. Tables for each analysis are best understood by reading 

across each row. For example, in Table 1, reading across Row 1 for the SAQ, there were 

10 effect sizes (k) which included a total of 1840 correctional clients. The mean 

correlation was .36 with a CIr of .28 to .43 with outliers included and .33 with a CIr of .24 

to .41 with outliers removed. As a reminder, to compare the tools with each other for 

predictive validity, general practice is to use both the effect size and the associated 
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confidence intervals. First, one compares the tool of interest with other tools in terms of 

both the overlap of the confidence intervals and the precision of the estimate as 

determined by the width of the respective confidence intervals (CIr ). For example, in 

comparing the predictive validity of the SAQ with that of the LS/CMI GRN, the 

interpretation is that these two tools are both moderately predictive of general recidivism 

(r = .36, CIr = .28, .43 and r = 34, CIr = .29, .38, respectively). Given the considerable 

degree of overlap between these two confidence intervals, it is likely that these two 

instruments are predicting at par. In terms of precision, the LS/CMI GRN has the more 

precise mean effect size (narrower confidence interval).  

In total, there were eleven tools that accumulated more than ten effect sizes (k), 

which was the criterion number set for inclusion and examination of specific instrument 

effects. The mean effect sizes for these eleven tools ranged from .22 to .36, with 

considerable overlap among confidence intervals throughout. Overall, the degree of 

overlap suggests there is no predictive advantage for any one assessment tool or any 

meaningful pattern among the results (if there is a pattern to be found). However some 

nuances should be noted within these data. The strongest predictive validity, based on 

absolute effect size values, resulted from the use of the SAQ, whereas the tool with the 

most precise mean effect size (i.e., narrowest CIr) was the LSI/LSI-R (Mr = .30; CIr = 

.27, .33). Note that there is overlap between these two tools, suggesting they are likely 

predicting at par. The tool with the smallest, but still moderate mean effect size, was the 

LS/CMI SRN (Mr = .22; CIr = .17, .26) and its CIr shared no overlap with that of the 

SAQ and the LSI/LSI-R with outliers included and only minimally overlapped when 

outliers were omitted. 
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Across all eleven moderator categories, the first fail safe analysis was conducted 

between the predictive validity of the two tools with the largest mean predictive 

validities, the SAQ and LS/CMI GRN, in relation to that of the least predictive tool, the 

LS/CMI SRN. Results indicated that an additional seven nil SAQ effect sizes, r = 0, 

Table 1  
 
Comparison of Risk Measures for the Prediction of General Recidivism 

 
with general recidivism would need to be produced to lower its predictive validity to par 

with that of the LS/CMI SRN. As for the LS/CMI GRN, an additional 12 nil effects for 

this tool would be needed to negate its predictive advantage over the LS/CMI SRN.  The 

second fail safe analysis was conducted between the mean predictive validity for the most 

precise estimate, the LSI/LSI-R, with the least precise, the HCR-20. Results indicate that 

Measure k N Mr CIr   Mr CIr 

     Outliers Omitted 
SAQ 10 1840 .36 [.28, .43] .33 [.24, .41] 
LS/CMI GRN 26 72856 .34 [.29, .38] .33 [.28, .38] 
Static 2002 13 4362 .33 [.28, .39] .33 [.27, .39] 
VRAG 24 5995 .32 [.29, .36] .32 [.29, .36] 
LSI/LSI-R 101 223372 .30 [.27, .33] .28 [.25, .31] 
Static-99 42 15868 .28 [.24, .32] .28 [.24, .31] 
PCL-R 45 8700 .27 [.22, .33] .27 [.21, .32] 
SIR-R1 10 21046 .26 [.21, .30] .24 [.21, .27] 
PCL:SV 11 1749 .23 [.17, .30] .26 [.21, .31] 
HCR-20 28 6062 .23 [.15, .31] .23 [.15, .30] 
LS/CMI SRN 16 53840 .22 [.17, .26] .21 [.16, .26] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between risk measure and general recidivism; CIr  
= 95% confidence interval about mean correlation coefficient. Risk Measure Abbreviations: 
LS/CMI GRN = Level of Service/Case Management Inventory General Risk Needs section; 
SAQ = Self-Appraisal Questionnaire; VRAG = Violence Risk Appraisal Guide; LSI/LSI-R = 
Level of Service Inventory/Level of Service Inventory-Revised; PCL-R = Psychopathy 
Checklist Revised; SIR-R1 = Statistical Information on Recidivism Scale – Revision 1; 
LS/CMI SRN =  Level of Service/Case Management Inventory Specific Risk Needs section; 
PCL:SV = Psychopathy Checklist: Screening Version; HCR-20 = Historical-Clinical-Risk 
Scale-20 item. 



PREDICTING GENERAL RECIDIVISM       
 

74 

an additional 31 nil LSI/LSI-R effect sizes would be necessary for its mean effect to be 

reduced to that of the HCR-20. 

 

 
 
Figure 1. Mean r values between risk measures and general recidivism prior to removal 
of outliers  
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. Risk measure abbreviations are as follows: LS/CMI 
GRN = Level of Service/Case Management Inventory General Risk Needs section; SAQ 
= Self-Appraisal Questionnaire; VRAG = Violence Risk Appraisal Guide; LSI/LSI-R = 
Level of Service Inventory/Level of Service Inventory-Revised; PCL-R = Psychopathy 
Checklist Revised; SIR-R1 = Statistical Information on Recidivism Scale – Revision 1; 
LS/CMI SRN =  Level of Service/Case Management Inventory Specific Risk Needs 
section; PCL:SV = Psychopathy Checklist: Screening Version; HCR-20 = Historical-
Clinical-Risk Scale-20 item. 
 

4.4.2 Generation of risk assessment: Hypothesis B 

Hypothesis B: It was hypothesized that tools classified within the first generation 

(unstructured clinical or professional judgment) would have a weaker mean effect size 

relative to the second, third, and fourth generations of assessment. 
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The literature review returned no eligible studies for which first generation risk 

assessment was tested for prediction of general recidivism. As a result, this hypothesis 

could not be tested.  

The results from the synthesis of the generations of risk assessment as moderator 

categories for predicting general recidivism are reported in Table 2 and graphically in 

Figure 2. There were no effect sizes collected for 1st Generation risk tools; therefore, this 

moderator category included 2nd, 3rd, and 4th Generations tools, along with tools that 

could not be classified according to Generation (i.e., No Gen).  

Table 2 
Comparison of Generations of Risk Measures for the Prediction of General Recidivism 

 
 
 

Generation k N Mr CIr Mr CIr 
 Outliers Omitted 

2nd Generation 245 460374 .31 [.28, .33] .29 [.27, .32] 
3rd Generation 312 395896 .27 [.25, .29] .26 [.24, .28] 
4th Generation 117 439889 .28 [.26, .31] .27 [.25, .30] 
No Generation 72 19954 .16 [.07, .25] .19 [.13, .25] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between generation and general recidivism; CIr = 95% 
confidence interval about mean correlation coefficient.  

 
 
 

 
Figure 2. Mean r values between generations of risk assessment and general recidivism  
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r.  
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All of the confidence intervals were narrow within each domain for the tool 

generation moderator analysis. The highest mean predictive validity (Mr = .31) was 

evidenced by tools classified into the 2nd Generation of risk assessment; however, there 

was considerable CIr  overlap between this category and the 4th Generation tools (Mr = 

.28), suggesting that there is little difference in predictive validity between these two 

forms of measurement. Tools without a generation classification performed less well than 

generation classified tools and had a very wide confidence interval. These results did not 

change with the removal of outliers.  

Fail safe analyses indicated that another 230 and 88 studies, respectively, would 

be needed to reduce the predictive advantage of the 2nd and 4th generation tools to that of 

the weakest predictor domain (No Generation; Mr = .16).  

4.4.3 Theoretical relevance: Hypothesis C 

Hypothesis: it was hypothesized that tools informed by a relevant theory of criminal 

behaviour would result in a stronger mean effect size than those not grounded in theory. 

 This hypothesis was supported. Tools with theoretical relevance resulted in 

stronger predictive validities overall than those tools that did not.  

Table 3 contains the metrics for analyses comparing the predictive performance of 

theoretically-relevant to non-relevant risk measures. Relevant tools (Mr = .29) 

outperformed non-relevant tools by a considerable margin (Mr = .19). The confidence 

intervals (CIr) were completely distinct, suggesting these two content types are different 

population parameters (see Figure 3). There was no shift in results given removal of 

outliers.  
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Fail safe estimation indicated that it would take an additional 353 zero-effect 

validities from theoretically-relevant tools to reduce its predictive supremacy to that of 

non-relevant tools. 

Table 3 
 
Comparison of the Theoretical Relevance of Risk Measures for the Prediction of General 
Recidivism 

 

 

 

Figure 3. Mean r values between theoretical relevance of risk instrument used and 
general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. 
 

4.4.4 Administration method: Hypothesis D 

Hypothesis D: It was hypothesized that assessment procedures which incorporated more 

than one format for gathering information to inform risk assessment would result in a 

stronger mean effect size than those that relied on only one method. 

Relevance k N Mr CIr Mr CIr 
 Outliers Omitted 

Yes 670 1295834 .29 [.27, .30] .28 [.26, .29] 
No 73 19893 .19 [.13, .24] .20 [.17, .23] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between theoretical relevance of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. 
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 This hypothesis was not supported by the results. Assessments using only file 

review for tool administration were generally on par with multi-source-based scored 

assessments for predicting general recidivism, although file review had the most precise 

predictive validity.  

There were eight possible categories in the coding guide for administration 

method as a moderator. Three of these categories (interview only k = 7, interview plus 

client completed self-report k = 1, and file review plus interview k = 1) did not meet the 

minimum criterion of 10 effect sizes and, as such, were excluded from the analyses. This 

exclusion left four categories for moderator analysis. The results are captured in Table 4 

and their mean effect sizes and CIs are visualized in Figure 4. Assessments conducted by 

file review resulted in the strongest absolute predictive validity and with the most 

precision (Mr = .31; CIr = .29, .33). However, the CIr associated with this mean effect 

overlapped with that of the second highest predictive validity which belonged to the 

category where assessment combined file review, interview, and client completed self- 

Table 4 
 
Comparison of Risk Measure Administration Method for the Prediction of General 
Recidivism 

 

Method k N Mr CIr Mr CIr 
 Outliers Omitted 

FR 299 408100 .31 [.29, .33] .29 [.28, .31] 
FR+I+S-R 37 90117 .29 [.25, .33] .27 [.24, .31] 
FR+I 137 386203 .25 [.22, .27] .24 [.22, .26] 
S-R 142 82125 .24 [.21, .26] .23 [.20, .25] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient.  Method 
Abbreviations: FR = File Review; S-R = Client Completed Self-report; FR+I = Combination of File 
Review + Interview; FR+I+S-R = Combination of File Review + Interview + Client Completed 
Self-Report. 
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report (Mr = .29). This finding suggests that these two assessment information source 

effect sizes have similar predictive validity. Assessments that used file review plus 

interview had a mean predictive validity of .25 and those methods that relied solely on 

 

Figure 4. Mean r values between risk measure administration method and general 
recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. Method abbreviations are as follows: FR = File Review; 
S-R = Client Completed Self-report; FR+I = Combination of File Review + Interview; 
FR+I+S-R = Combination of File Review + Interview + Client Completed Self-Report. 
 

client completed self-report resulted in Mr = .24. The confidence intervals for these latter 

two domains overlapped, suggesting that they were also predicting at par. These results 

did not change after removal of outliers. 

Fail safe analysis indicated that an additional 88 file review effect sizes of r = 0 

would need to be included to reduce the mean predictive validity of this category to that 

of client completed self-report assessments.  

4.4.5 Nature of predictors - Static and dynamic: Hypothesis E 

Hypothesis E: It was hypothesized that dynamic risk factors would outperform static risk 

factors in terms of mean effect size. 
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 This hypothesis was not supported as articulated. Analysis of the nature of 

predictors as a moderator for general risk prediction was conducted with five final 

categories (see Table 5). One coding category, instruments which contained an equal 

number of static and dynamic items, was excluded because it did not meet the minimum 

criterion of ten effect sizes. Those tools that contained only static factors produced the 

strongest predictive validity (Mr = .31); however, there was CIr overlap between this 

mean effect size and that of two other domains: tools that were primarily dynamic (Mr = 

.28) and tools that were primarily static (Mr = .27). This finding suggests that all 

Table 5 
 
Comparison of Nature of Predictors for the Prediction of General Recidivism 

 

dynamic (Mr = .23) outperformed only those tools for which the nature could not be 

determined (Mr = .18). There was very minimal overlap of confidence intervals (CIr) 

between dynamic tools and uncategorized tools, which indicates that they might be 

 

Predictors k N Mr CIr Mr CIr 
 Outliers Omitted 

Entirely Static 210 394519 .31 [.28, .33] .29 [.27, .32] 
Primarily Dynamic 287 708702 .28 [.27, .30] .28 [.26, .29]  
Primarily Static 79 123167 .27 [.24, .31] .27 [.23, .30] 
Entirely Dynamic 104 71005 .23 [.21, .26] .22 [.20, .25] 
Nature Unclear 58 17083 .18 [.13, .24] .17 [.13, .22] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. Predictor 
Categories: Entirely Static = All items within risk assessment measure were static; Primarily Static 
= items within risk measure were > 50% static; Entirely Dynamic = all items within risk assessment 
measure were dynamic; Primarily Dynamic = items within risk measure were > 50% dynamic 
factors. 
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Figure 5. Mean r values between the nature of predictors and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. Predictor abbreviations are as follows: Entirely Static = All 
items within risk assessment measure were static; Primarily Static = items within risk measure 
were > 50% static; Entirely Dynamic = all items within risk assessment measure were dynamic; 
Primarily Dynamic = items within risk measure were > 50% dynamic factors. 
three tools likely have no difference in predictive ability. Tools that were entirely  

distinct in their predictive validity (see Figure 5). These overall interpretations did not 

change after removal of outliers.  

Two fail safe outcomes were calculated for this risk item content moderator. In 

the first analysis, the result was that an additional 152 nil effect sizes (r = 0) using 

predictors that were entirely static in nature would be needed to reduce its predictive 

validity to that of the tools for which the nature of predictors were unclear. In the second 

fail safe analysis, it was determined that 73 additional nil effect sizes would be needed to 

reduce the predictive supremacy of the entirely static tools to that of the tools that contain 

‘entirely dynamic’ factors.  

4.4.6 Type of general recidivism measured: Hypothesis F 

Hypothesis F: It was hypothesized that new convictions would evidence a stronger mean 

effect size versus other types of recidivism. 
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 The results provided marginal support for this hypothesis. Although post-release 

convictions did produce the largest absolute effect size, a sufficient degree of overlap was 

shared with other outcome categories to suggest that there were no real differences in 

predictive ability. The only exception was in comparison to the weaker predictive validity 

for the parole/probation violations category (Mr = .19). 

The type of post-release general recidivism measured was coded into 10 possible 

categories (see Coding Manual in Appendix A, Item #18). Of the possible  

Table 6 
 
Comparison of Type of Recidivism Outcome for the Prediction of General Recidivism 

 

Recidivism k N Mr CIr Mr CIr 

 Outliers Omitted 
Co 295 431249 .31 [.28, .33] .29 [.27, .31] 
Ar + Co 34 51779 .30 [.25, .34] .29 [.24, .33] 
In 50 62174 .29 [.24, .33] .28 [.24, .32] 
Vi + Ar + Co + In 185 270778 .27 [.25, .29] .27 [.24, .29] 
Ar 130 463836 .26 [.24, .29] .26 [.24, .29] 
Unspecified 28 29903 .24 [.18, .30] .24 [.18, .30] 
Vi 10 1374 .19 [.14, .25] .19 [.14, .25] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient.  Recidivism 
Notations:  Ar = Arrest; Co = Conviction; In = Incarceration; Vi = Parole/Probation Violation. 
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Figure 6. Mean r values between the type of recidivism measured and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. Recidivism notations are as follows: Ar = Arrest; Co = 
Conviction; In = Incarceration; Vi = Parole/Probation Violation. 
 

types/combinations recorded, the following items/combinations of items did not reach the 

criterion 10 effect sizes to be included: self-reported recidivism (k = 3); arrest + 

incarceration (k = 1); conviction + incarceration (k = 1); probation/parole violation + 

incarceration (k = 1); and arrest + self-reported recidivism (k = 4). 

The mean effects for the remaining types or combinations of types of recidivism 

are reported in Table 6 (see also Figure 6 for graphical presentation). Post-release 

convictions resulted in the strongest predictive validity (Mr = .31); although this mean 

effect size was likely not distinct from the mean effect size for the combination of ‘arrest 

plus conviction’ (Mr = .30) and incarceration only (Mr = .29). Changes in this pattern of 

results did not occur with the removal of outliers given that the degree of confidence 

interval overlap increased considerably and further supported their similarities. Fail safe 

calculations indicated that an additional 187 nil effect sizes from the conviction domain 

would need to be added to reduce the predictive validity of this category to that of the 

weakest category (i.e., probation/parole violation only; Mr = .19). 

4.4.7 Length of follow-up period: Hypothesis G 

Hypothesis G: It was hypothesized that longer follow-up periods (> 2 years) would result 

in a stronger mean effect size than shorter periods (< 2 years). 

 There was partial support for this hypothesis. Follow-up periods longer than five 

years did result in the largest mean absolute predictive validity, but it cannot be 

concluded that it provided an advantage over follow-up periods between 2 and 5 years 
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given overlap in confidence intervals. It was clear that follow-up periods of greater than 5 

years afforded superior prediction compared to those of less than 2 years, but tools were 

still moderately predictive in the shorter time frame.  

The results for length of follow-up as a moderator are contained in Table 7 and 

are presented visually in Figure 7. Risk prediction across all follow-up period durations 

fell in at least a moderate effect size range. The strongest category in the prediction of 

general recidivism belonged to follow-up periods of longer than 5 years (Mr = .31). There  

Table 7 
 
Comparison of Length of Follow-Up Period for the Prediction of General Recidivism 

  

 

Figure 7. Mean r values between the length of follow-up period and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. NR = Length of follow-up period not reported. 
 

Recidivism k N Mr CIr Mr CIr 
 Outliers Omitted 

> 5 Years 241 97197 .31 [.28, .33] .30 [.27, .32] 
2-5 Years 286 890279 .29 [.27, .31] .28 [.26, .29] 
< 2 Years 192 273537 .25 [.23, .27] .25 [.23, .27] 
NR 27 55100 .27 [.22, .33] .27 [.22, .33] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. NR = Length 
of follow-up period not reported. 
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was 95% CIr overlap with two other domains: follow-up periods between two and five 

years (Mr = .29); and the domain encompassing those effect sizes where follow-up length 

could not be identified (Mr = .27). Weakest predictive utility occurred for situations 

where the length of follow-up was less than two years (Mr = .25). Note that this latter 

mean predictive validity shared no 95% CIr overlap with the other two categories (2-5 

years and > 5 years). Upon elimination of outliers, there was no change in this pattern of 

results.  

According to fail-safe calculations, an additional 58 nil effect sizes with a follow-

up period of greater than five years would be needed to negate its status as strongest 

effect size compared to the least predictive follow-up duration domain (< 2 years).   

4.4.8 Self- versus officially-reported general recidivism: Hypothesis H 

Hypothesis H: It was hypothesized that self-reported recidivism would produce a 

stronger mean effect size than officially reported recidivism. 

 This hypothesis could not be examined due to the fact that there were not enough 

effect sizes for self-reported recidivism available after literature review. There were only 

three effect sizes for self-reported recidivism, which is below the set criterion of 10 effect 

sizes for analysis. The mean effect sizes for the three effects sizes for self-reported 

recidivism were r = .39 (n = 207 male inmates), r = .27 (n = 83 female inmates), and r = 

.16 (n = 134 female clients on probation). There is little information in terms of patterns 

to be gleaned from these results, other than a very premature conclusion that the 

predictive validity for self-reported recidivism for females appears to be lower than that 

of males. In comparison to other types of recidivism captured in this meta-analysis, these 
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three point mean effect sizes are certainly congruent with the mean effects for official 

reports of recidivism (see Table 6). 

4.4.9 Sample diversity – Ethnicity: Hypothesis I 

Hypothesis I: It was hypothesized that a weaker mean effect size would result from 

Indigenous samples versus non-Indigenous samples, from older samples versus 

younger samples, and from forensic versus non-forensic samples whereas predictive 

validities for male and female samples would be at par. 

The analysis related to ethnicity provided no support for the hypothesis that there 

would be weaker mean effect sizes for Indigenous versus non-Indigenous samples. 

Prediction using Indigenous samples actually produced larger effect sizes than those 

using Black or Hispanic samples. There was no difference in predictive accuracy between 

Indigenous and Caucasian samples.  

The moderator analysis for ethnicity resulted in the outcomes organized in Table 

8 and the graph contained in Figure 8. Diversity in the predictive validity as a function of 

ethnicity was evident. The largest mean effect was produced by effect sizes in the non-

reported category, where ethnicity was unknown (Mr = .30). Of the categories where 

ethnicity was reported, the Caucasian and Indigenous domains resulted in the largest 

mean validity and produced a value of Mr = .29 for each. There was overlap in 

confidence intervals between these two domains, suggesting that they are predicting at 

par. However, predictive validity for Black- and Hispanic-based data points were much 

weaker than that of Caucasian, Indigenous, and mixed samples. Removal of outliers did 

not impact the overall pattern of results for this analysis; however, their removal did 
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Table 8 
Comparison of Ethnicity for the Prediction of General Recidivism 

 

 

Figure 8. Mean r values between the ethnicity of the samples and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. NR = Ethnicity not reported. 
 

result in a shift for the weakest predictor from Hispanic samples to Black samples. 

Nevertheless, both before and after outlier removal, there was complete overlap in 

confidence intervals for these two diversity domains. 

Fail-safe analysis were conducted, the results of which indicated that an additional 

201 Caucasian and 16 Indigenous effect sizes, each with a magnitude of zero, would be 

Ethnicity k N Mr CIr Mr CIr 
 Outliers Omitted 

NR 219 558181 .30 [.28, .32] .30 [.27, .32] 
Caucasian 169 157098 .29 [.27, .31] .28 [.26, .30] 
Indigenous 16 14296 .29 [.25, .34] .29 [.25, .34] 
Mixed 305 556687 .27 [.25, .29] .26 [.24, .28] 
Black 17 19640 .17 [.08, .26] .13 [.07, .20] 
Hispanic 12 4179 .16 [.11, .21] .16 [.11, .21] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. NR = 
Ethnicity not reported. 
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needed to reduce these respective effects to that of the Hispanic domain (weakest 

predictor domain prior to elimination of outliers Mr = .16).  

4.4.10 Sample diversity – Age: Hypothesis I 

Hypothesis I: It was hypothesized that a weaker mean effect size would result from 

Indigenous samples versus non-Indigenous samples, from older samples versus younger 

samples, and from forensic versus non-forensic samples whereas predictive validities for 

male and female samples would be at par. 

There was no support for the age component of Hypothesis I. There was no 

difference in mean effect size values between the three age domains captured in this 

category. 

Moderator analysis for the variable of age clarified that the strongest mean 

predictive validity was produced by the category of effect sizes where the mean age of 

the sample fell between 35-49 years (Mr = .29); however, as can be seen in Table 9 and 

Figure 9, there was complete 95% confidence interval overlap between all three age 

groupings in this analysis (18-34 years; 35-49 years; and not reported). This finding 

suggests that all three mean predictive validities are sampling the same population 

parameter, and that client age has no moderator effect when it comes to predicting 

general recidivism. This pattern of results did not change with the removal of outliers. 

Fail-safe analyses were not conducted given that there was no predictive 

advantage for any category within this moderator analysis.     
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Table 9 
 
Comparison of Age Categories for the Prediction of General Recidivism 

 

 

Figure 9. Mean r values between the age of client and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. NR = Average age of sample not reported. 

 

4.4.11 Sample diversity - Client type (source of sample): Hypothesis I 

Hypothesis I: It was hypothesized that a weaker mean effect size would result from 

Indigenous samples versus non-Indigenous samples, from older samples versus younger 

samples, and from forensic versus non-forensic samples whereas predictive validities 

for male and female samples would be at par. 

There was no support for the hypothesis that there would be a weaker mean effect 

size for forensic versus non-forensic samples. In fact, the mean effect size for predicting 

general recidivism within forensic samples was equal to that of samples comprised of 

Age k N Mr CIr Mr CIr 
 Outliers Omitted 

35-49 318 444805 .29 [.27, .31] .28 [.26, .30] 
18-34 351 478224 .28 [.26, .30] .27 [.25, .28] 
NR 77 393084 .27 [.24, .31] .27 [.24, .31] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. NR = Age not 
reported. 
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clients with previous violent and domestic violence convictions and there was slight 

confidence interval overlap between forensic samples and samples comprised of 

individuals convicted of sexual offences and those from general offender population. In 

summary, moderate predictive validity was identified across all client type subcategories.  

All client types produced robust predictive validities for general recidivism as 

evidenced by the degree of confidence interval overlap across all moderator domains (see 

Table 10 and Figure 10). Analysis for moderator effects of client type in predicting 

general recidivism resulted in a tie and considerable overlap for the highest predictive 

validity (Mr = .33 ) between three client type domains in particular. These comparable 

effect sizes were produced for forensic samples, violent samples, and domestic violence 

samples. In addition, the lowest predictive validity was shared by the sex offender 

population domain and the general offender population domain (both Mr = .27). Further 

of note is that the mean effect sizes for these latter domains had the narrowest confidence 

intervals, with the most precise mean effect associated with the general offender  

Table 10 
 
Comparison of Client Type as a Moderator for the Prediction of General Recidivism 

 

Client Type k N Mr CIr Mr CIr 
 Outliers Omitted 

Forensic 90 15419 .33 [.28, .37] .29 [.26, .33] 
Violence 23 2665 .33 [.28, .37] .32 [.26, .37] 
Domestic  15 13001 .33 [.26, .40] .34 [.26, .40] 
Mixed 28 11029 .30 [.25, .34] .30 [.25, .34] 
Sexual  225 149600 .27 [.25, .30] .27 [.24, .30] 
General  360 1123963 .27 [.26, .29] .26 [.25, .28] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient.  
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Figure 10. Mean r values between the type of client and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r.  

 

population domain. Finally, upon removal of the outliers, all confidence intervals 

overlapped, suggesting that there was no advantage in predictive ability for any one client 

type domain. 

Fail safe calculation on client type results prior to removal of outliers indicated 

that an additional 20, 4, or 6 nil-effect forensic psychiatric, domestic violence, or 

violence mean r values would need to be included to reduce their respective predictive 

ability to that of the weakest predictor domains (i.e., the general and sex offender 

samples). Thus, these results support a slight strength in risk prediction with general 

offender populations due to the confidence interval width but general similarity in 

prediction across all client types. 

4.4.12 Sample diversity – Gender: Hypothesis I 

Hypothesis I: It was hypothesized that a weaker mean effect size would result from  
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Indigenous samples versus non-Indigenous samples, from older samples versus younger 

samples, and from forensic versus non-forensic samples whereas predictive validities for 

male and female samples would be at par. 

The hypothesis that no difference in mean effect size for predicting recidivism according 

to gender was clearly supported. The moderator analyses for gender reported no clear 

predictive advantage for any domain, with moderate prediction across all gender categories 

(see Table 11 and Figure 11). All confidence intervals overlapped with each other, 

indicating no predictive distinction for male, female, or mixed gender samples. There was 

no discrepancy in this pattern of results with the removal of outliers.  

Fail-safe analyses were not conducted given that there was no predictive advantage 

for any category within this moderator analysis.   

Table 11 
 
Comparison of Gender Categories as a Moderator for the Prediction of General 
Recidivism 

 

Client Type k N Mr CIr Mr CIr 
     Outliers Omitted 
Male 562 774753 .28 [.27, .30] .27 [.26, .28] 
Female 111 98689 .27 [.26, .29] .26 [.25, .28] 
Mixed 41 167979 .28 [.24, .31] .27 [.24, .30] 
NR 32 274629 .30 [.23, .37] .30 [.23, .37] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. NR = Not 
reported. 
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Figure 11. Mean r values between sample gender and general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. NR = Gender not reported. 
 

4.4.13 Actuarial versus formal structured professional judgment – 

Hypothesis J  

Hypothesis J: It is hypothesized that actuarial assessment instruments will result in 

stronger predictive validities than processes involving formal structured professional 

judgment. 

 There was no support for this hypothesis. Results indicated that the mean effect 

size for actuarial assessment was at par with that for formal structured professional 

judgment.  

As can be gleaned from Table 12 and Figure 12, analysis of the moderating value 

for actuarial versus structured professional judgment assessment (SPJ) processes 

provided no clear indication of an advantage for either in the prediction of general 

recidivism. The mean effect for actuarial assessment procedures (Mr = .27) and 

procedures using SPJ (Mr = .28) appeared to be at par given the overlap of resulting 95% 

confidence intervals. However, of note is that the narrowest confidence interval was that 

associated with SPJ. The resulting interpretation did not change with the removal of 

outliers.  
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Table 12 
 
Comparison of Actuarial versus Structured Professional Judgement (SPJ) as a 
Moderator for the Prediction of General Recidivism 

 
 
Figure 12. Mean r values between actuarial versus structured professional judgment and 
general recidivism 
The mean r values are represented by black squares and the 95% confidence intervals by 
the bars attached to each mean r. SPJ = Structured professional judgment. 
 

Fail-safe analyses were not conducted given that there was no predictive 

advantage for any category within this moderator analysis. 

 
5.0 DISCUSSION 

Assessment practitioners and other stakeholders in the criminal justice field must 

be able to make informed decisions about which criminal risk appraisal tools/processes 

are best for their context, clients, and type of criminal outcome to be assessed. The 

purpose of the current meta-analysis was to offer the most up-to-date information for the 

purpose of risk/need assessment with adult clients for whom assessors are concerned 

about the potential for future general recidivism. This goal is especially important given 

Client Type k N Mr CIr Mr CIr 
 Outliers Omitted 

SPJ 15 17277 .28 [.27, .29] .27 [.26, .28] 
Actuarial 731 1298836 .27 [.23, .31] .26 [.22, .30] 
Notes. Statistical Notation: k = effect sizes per domain; N = offenders per domain; Mr = mean 
correlation coefficient and standard deviation between administration method of risk assessment and 
general recidivism; CIr = 95% confidence interval about mean correlation coefficient. 
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that the vast majority of risk appraisals are usually conducted for clients with a mind to 

predict risk of general recidivism, where recidivism rates can approach 75% in some 

contexts (Durose et al., 2014) versus assessment for specific outcomes like sexual or 

violent recidivism which have relatively lower recidivism rates (i.e., 10-22%, see 

Campbell et al., 2009; Hanson & Morton-Bourgon, 2009). Risk assessment should 

inform many decisions along the path of justice-involvement, each with its own focus to 

increase public safety: sentencing (incarceration versus community supervision); security 

classification and institutional placement; planning and evaluation of case management 

plans (risk reduction); and release decisions (Bonta & Andrews, 2017; Clear & Schrantz, 

2011; Cullen et al., 2011; Farrington & Tarling, 1985; Singh et al., 2018; Taxman, 2017). 

For these important risk-based decisions, practitioners must be aware of the predictive 

validity of selected risk tools and select tools that reduce the potential for errors in 

judgments and decisions based on these tools. 

The current meta-analysis is the most comprehensive to date for prediction and 

appraisal of general recidivism. Previous meta-analyses have reported on different 

combinations of the following aspects of assessment, but not examined these factors 

collectively: 1) the study of risk assessment accuracy for certain tools, clusters of risk 

factors or comparisons of select tools. For example, measuring the accuracy of the central 

eight risk factors for predicting recidivism (see Gutierrez, et al., 2013), or measuring the 

accuracy of the LSI-R (Olver et al., 2014), or comparing the validity of the PCL-R versus 

the LSI-R (Gendreau et al., 2002); 2) the study of risk assessment for specialized types of 

recidivism. For example, sexual recidivism (Hanson & Bussière, 1998; Hanson & 

Morton-Bourgon, 2009; Tully et al., 2013) or violent recidivism (Campbell et al., 2009; 
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Fazel et al., 2012; Yang et al., 2010); and 3) the study of different client populations. For 

example, Indigenous and non-Indigenous clients (Gutierrez et al., 2016), clients living 

with mental illness (Bonta et al., 2013), samples from the US (Desmarais et al., 2016), or 

samples of a specific gender (Smith et al., 2009). 

The major purpose of the current meta-analysis was to organize the existing risk 

assessment literature in such a way as to update the literature on what is known and to fill 

in some of the missing pieces with respect to potential sources of variability in the 

prediction of general recidivism. To achieve this goal, the following moderators were 

chosen: a) risk assessment tools; b) the four generations of risk assessment; c) tools that 

are relevant/nonrelevant to criminal theory; d) administration method; e) dynamic versus 

static prediction factors; f) type of general recidivism outcome; g) length of follow-up 

period; h) self- versus officially-reported recidivism; i) diversity characteristics of the 

sample; and j) actuarial versus structured professional judgement (SPJ). The next sections 

discuss the findings of the current meta-analysis for each of these moderator domains, 

followed by a section which provides context and outlines important considerations and 

limitations of the current study. This discussion ends with a section outlining the 

implications of the current work for the future of risk/need assessment in research arenas 

and in the field. 

Risk tools and predictive validity 

With respect to the synthesis of the effect sizes for various risk tools, it was 

hypothesized that the tools with the strongest mean effect size for general recidivism 

would be the LSI-R class of tools, which included the original Level of Service Inventory 

(LSI), the Level of Service Inventory-Revised (LSI-R), and the most recent iteration 
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which is the Level of Service/Case Management Inventory (LS/CMI). In short, there was 

support for this hypothesis given that one of the two largest mean predictive validities 

resulted from a tool in this class; however, this result must be considered in light of the 

considerable overlap in the confidence intervals for a number of the tools in this 

moderator category. Nuances related to these tools and their confidence interval overlap 

are discussed in more detail as follows. 

All eleven tools included in the meta-analysis with 10 or more effect sizes yielded 

mean predictive validities that ranged from .22 to .36 (see Table 1 and Figure 1). Given 

that there was considerable confidence interval overlap amongst tools, no specific pattern 

was emergent. However, some tools evidenced more robust predictive validities than 

others in terms of the size and precision of the mean effect sizes.  

The original LSI and its first revision (LSI-R) were the most commonly studied in 

the class of LS tools within the available risk literature. These tools were constructed 

using risk/need items across 10 domains: Criminal History, Education/Employment, 

Financial Problems, Family/Marital, Living Arrangements, Leisure/Recreation, 

Companions, Alcohol/Drug Problems, Emotional/Personal, and Attitudes/Orientation. As 

noted, these tools belong to what has come to be known as the third generation of risk 

tools (Andrews et al., 2006). As a reminder, third generation tools were developed based 

upon theory of criminal behaviour, with risk prediction and criminal risk reduction in 

mind, and have the risk-need-responsivity principles (RNR) as their basis (Bonta & 

Andrews, 2017). The LSI and LSI-R tools incorporated the risk and need principle well; 

however, there was little meaningful incorporation of the responsivity principle in these 

earlier versions. This gap was where the next iteration of the LSI class of tools was born.  
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The next, and most recent LSI tool is the LS/CMI. As a fourth-generation risk tool 

it is more strongly focused on supervision level and case management development, with 

frequent administrations to adjust these plans for effectiveness (Bonta & Andrews, 2017). 

Fourth generation tools also adhere to the RNR principles with an even greater focus on 

responsivity than their predecessors. They identify strengths as well as responsivity needs 

that might interfere with supervision and risk reduction activities. The LS/CMI’s first 

section focuses directly on the same risk domains, with the exception of two, as the LSI 

and LSI-R, along with additional sections designed to guide supervision and case 

management strategies. In the current meta-analysis, the LS/CMI was coded into two 

components as this was the way it was reported in some of the literature. These 

components are the General Risk Needs (LS/CMI GRN; also known as the Total Score) 

and the Specific Risk Needs (LS/CMI SRN) sections. Although the latter section was not 

intended by the tool’s creators to be summed to provide a total score, it has been 

examined this way in some research studies.  

The hypothesis that the LSI class of tools would offer the greatest predictive 

validity of all tools examined was partially supported in the current meta-analysis. 

Specifically, the LS/CMI GRN (k = 26) resulted in the second largest predictive validity 

(r = .34) across all tools with k > 10 effect sizes in the current meta-analysis. Although 

the LS/CMI GRN was succeeded for highest absolute effect size by the SAQ (k = 10), the 

LS/CMI GRN had a narrower (therefore concluded to be more precise) confidence 

interval width. This mean effect size found in the current study is lower than the overall 

mean effect size for the LS/CMI found by Olver et al. (r = .42; k = 12) in their 2014 

meta-analysis. The reason for the discrepancy is not readily apparent from reading the 
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Olver et al. (2014) study, but the current study does include more effect sizes (k = 26) 

than were available to them at the time that their meta-analysis was conducted. One of 

their conclusions in that study was that there were geographical differences in effect 

sizes, one of which was that Canadian studies of the LSI class of tools often resulted in 

larger predictive validities when compared to other geographical regions (e.g., the United 

States). Although it is unknown if the 12 effect sizes that contributed to their mean effect 

for the LS/CMI were of Canadian origin (it was not reported in that study which 

individual studies contributed to each mean effect size), geographic location might 

provide another explanation for the discrepancy between their overall result and the one 

reported in the current meta-analysis.   

The LSI-R (k = 101) had a mean predictive validity of r = .30 in the current 

analysis. This mean effect size is somewhat lower than earlier synthesis studies 

concerning general recidivism where the mean predictive validities tended to range from 

a mean r = .35 (Gendreau et al., 1996) to mean r = .38 (Gendreau et al., 2002). However, 

it is consistent with more recent syntheses conducted by Olver et al (2014), Smith et al. 

(2009), and Wilson and Gutierrez (2014, with Aboriginal clients). The reason for the 

potential overestimation in earlier studies is likely that those analyses did not account for 

non-independence of effect sizes and that there were fewer effect sizes available which 

affected the precision of the calculated mean effect. In other words, more than one effect 

size was included from some studies. As noted by Borenstein et al. (2009) and Van den 

Noortgate et al. (2013), when traditional meta-analytic methods are used to synthesize 

dependent effect sizes, those studies with multiple contributions will have a larger 

influence and thus provide a distorted mean effect value. Whereas within the Olver et al. 
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(2014), Smith et al. (2009), and the Wilson and Gutierrez (2104) studies, there was only 

one coded effect size per sample (as such the independence assumption was not violated). 

Finally, to round out discussion of the LS class of tools, the LS/CMI SRN (k = 16) had a 

calculated mean effect size of r = .22. This result is not surprising given that the section 

contains many established static risk factors (e.g., history of violence). This result for the 

LS/CMI SRN is worthy of discussion. The fact that it does provide some predictive 

validity begs the question: Should it be used as part of the risk assessment process (i.e., 

summed to provide a total score)? In terms of the tool’s intended use (see Wormith et al., 

2012) and training (Andrews et al., 2004), the Specific Risk Needs (SRN) section (i.e., 

Section B) is not to be used in the calculation of the risk score. Instead, the SRN section 

was only intended to provide additional information to assessors about an individual’s 

personal problems with criminal potential (e.g., problems with compliance, psychopathy 

or other personality disorder, deficits in problem-solving or anger management, etc.) and 

history of perpetration (e.g., history of sexual, violent, or other forms of antisocial 

behaviour). The reason for gathering this additional information is to inform the 

assessor’s decision as to whether or not to apply a clinical override of the risk score 

calculated from Section A (the General Risk Needs or GRN section) and for 

consideration in case management strategies. As noted, the current finding that a summed 

score across the 35 items of SRN section is predictive of general recidivism is not 

surprising given that it contains many empirically established static risk factors. The 

current result lends a level of confidence in the justification for the intended use of the 

SRN section to inform risk level override judgments by risk appraisers using the LS/CMI. 

On the other hand, caution is warranted in how this information is integrated to inform 
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judgments given that the SRN is not designed to give a total score and its use could leave 

room for subjectivity without formal guidelines in place (Canales et al., 2014). It is also 

not known if the predictive validity of the LS/CMI SRN section provides any incremental 

validity utility over and above the General Risk/Needs section. Practitioners should use 

the tool as intended and trained unless otherwise instructed by the LS/CMI creators with 

the emergence of additional research to guide how it could be used to augment the 

LS/CMI GRN risk estimate.  

Another tool to emerge from the current meta-analysis as useful to risk appraisal 

was the Self-Appraisal Questionnaire (SAQ; k = 10) which produced the largest absolute 

predictive validity of all risk tools that met the criterion of ten effect sizes for inclusion (r 

= .36). However, its confidence interval was wider than some other tools and there was 

considerable overlap with six other risk tools. According to Loza, MacTavish et al. 

(2007), the SAQ is a 72-item true/false client-completed self-report tool that assesses 

recidivism risk/need across eight domains. Only six of these domains are used for risk 

prediction (Criminal Tendencies, Antisocial Personality Problems, Conduct Problems, 

Criminal History, Alcohol/Drug Abuse, and Antisocial Associates), whereas the other 

two, an Anger and a Validity subscale, are included for referral to anger-management 

programming and to assess degree of impression management within responses, 

respectively (Loza, MacTavish et al., 2007). The only comparison to previous meta-

analytic studies is to Campbell et al.’s (2009) meta-analysis in which violence recidivism 

was the outcome of interest. In that analysis, the metric used as a mean effect size was the 

mean correlation coefficient weighted by sample size or Z+. With only eight effect sizes, 

the SAQ was tentatively concluded by Campbell et al. to be a valuable prediction tool for 
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violence risk appraisal (k = 8, N = 1094, Z+ = .37, CIZ+ = .31 to .43). Thus, this prior 

result is fairly consistent with the SAQ’s performance here for general recidivism. The 

current meta-analysis is the first to synthesize all known SAQ effect sizes for general 

recidivism. In this way, the SAQ is unique in that it is the first client-completed self-

report tool with this level of meta-analytic empirical support behind it. Another client-

completed self-report risk tool, the Psychological Inventory of Criminal Thinking Styles 

(PICTS; Walters, 1995) did not amass the criterion of 10 effect sizes for inclusion here (k 

= 8), but is worthy of mention given that it was calculated to have an unadjusted mean 

effect size of r = .19. Whereas most other theoretically relevant tools included in this 

meta-analysis were appraiser-scored, the result for the SAQ, and the PICTS to a lesser 

extent, demonstrates the value of well-constructed and therapeutically relevant client 

completed self-report risk instruments for risk appraisal. While not necessarily suitable as 

a sole risk assessment tool given the single source of information they provide and the 

potential for distortion, they can serve as useful adjuncts and collateral sources of 

information in a risk assessment process.  

Aside from the SAQ, the other tools in the risk tool moderator category, with 

more than ten effect sizes, were the Static 2002, VRAG, Static 99, PCL-R, SIR-R1, 

PCL:SV, and the HCR-20. The only tool in this sub-collection of tools that was 

specifically developed for general recidivism assessment is the SIR-R1 (Nafekh & 

Motiuk, 2002). This latter tool combines client characteristics (e.g., age at intake) and 

criminal history items (e.g., previous incarceration) to arrive at a risk score which reflects 

likelihood of reoffence. All items in the SIR-R1 are static items. This static nature limits 

its usefulness for monitoring of case management effectiveness (i.e., risk reduction). 
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Among the others tools, the Static 99 and Static 2002 were developed specifically to 

assess risk in clients for sexual recidivism (Hanson et al., 2015); the VRAG and HCR-20 

were developed in the same vein but to predict violent reoffending for clients with this 

type of history (Douglas, 2001; Glover et al., 2017); and the intention of the PCL-R was 

to assess psychopathy (Hare, 2003). It is interesting to note the common frequency with 

which these specialized tools were used in research for the prediction and assessment of 

general recidivism and also their level of accuracy in this regard. Although agencies 

might be tempted, for efficiency’s sake, to use them for both purposes (appraisal of 

general and specialized risk), this practice could have detrimental implications for case 

planning. First, the the Static 99, Static 2002, and the VRAG are comprised of only static 

risk items which are not useful for risk mitigation strategies. Second, it is not necessarily 

the case that focusing a case plan solely on information derived from violent or sexual 

offending risk factors, for example, would also reduce general recidivism. In other words, 

if a general recidivism risk tool is not used, then a case plan cannot be built around 

general offending risk reduction. For these case management and rehabilitation planning 

reasons, these specialized tools are better suited for specialized case management 

situations. In fact, past meta-analytic research has shown that risk tools in general tend to 

predict more accurately for the outcome they were intended to predict (for example see 

Hanson & Morton-Borgoun, 2009). Likewise, use of general risk tool may not 

sufficiently capture relevant risk factors unique to the specialized outcomes either, such 

as sexually deviant interests for sexual recidivism (Olver & Wong, 2019). 
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Mean predictive validity by generation of risk tool 

The next moderator analysis was conducted to determine the mean predictive 

validity for each of the four generations of risk assessment classes. The hypothesis for 

this moderator analysis was that the mean effect size for the first generation would be 

weaker than that for the other generations. Recall that there were four key evolutionary 

developments in recent decades for risk prediction and appraisal for case management 

and that these have been described as the first, second, third, and fourth generations of 

risk assessment (Andrews et al., 2006, Bonta & Andrews, 2017).  

In the first generation, risk assessment relies only on unstructured clinical 

judgment. Given a lack of structure or guidance in what information to consider and how 

to weight its importance, these assessments were often idiosyncratic and reflective of an 

individual clinician’s subjective choice of what they had come to consider a risk factor 

linked to recidivism (Andrews et al., 2006; Harris & Rice, 2015). In many cases, the 

factors that were chosen have no empirical relation to recidivism and, thus, this type of 

assessment has not been shown to have predictive accuracy (Bonta, 1996). Given that the 

literature review for the current meta-analysis turned up no studies that tested the 

predictive validity of first generation assessment for general recidivism, the hypothesis 

could not be tested for this moderator category. One might conclude that researchers have 

abandoned the inclusion of first-generation assessment in prediction studies, at least since 

the year 2000 given the established nature of its unreliability. It also could be that this 

non-structured process is still used, but studies have not been done or published since 

2000. Alternately, first generation risk assessment may not have been a commonly used 

practice for general recidivism historically but reserved instead for more specialized and 
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violent types of client behavioural assessment. This latter possibility is a likely 

explanation given that its use for general risk prediction was even absent from early 

meta-analytic and primary studies on the topic (Ægisdóttir et al., 2006; Andrews, 2017; 

Andrews et al., 2006; Bonta & Grove & Meehl, 1996; Grove et al., 2000; Hanson & 

Morton-Bourgon, 2009; Mossman, 1994; Quinsey & Maguire, 1986). At any rate, 

correctional practitioners would be wise to resist any temptation to build case 

management strategies without the aid of structured and empirically supported risk 

assessment tools and strategies. Incorporating first generation types of risk appraisal 

could have negative consequences related to the reliability of such judgments (which is 

unfair to clients) and would likely have challenges to both construct/content validity 

(ensuring the assessment of actual risk factors) and predictive validity (level of accuracy 

in assessment), as found in the violence and sex offender risk assessment literature 

(Campbell et al., 2009; Hanson & Morton-Bourgon, 2009).  

The second generation of risk assessment, often referred to as actuarial 

assessment, employs structured tools containing empirically-established static risk factors 

which are then summed to calculate a risk score, and, as such, are far more quantitative 

compared to the first generation of tools (Bonta, 1996; Grove & Meehl, 1996; Grove et 

al., 2000). In addition, they are more accurate in their prediction compared to first 

generation tools (Ægisdóttir et al., 2006; Bonta & Andrews, 2017; Andrews et al., 2006; 

Bonta, et al., 1998; Glaser, 1955; 1964; Grove & Meehl, 1996; Grove, et al., 2000; 

Hanson & Morton-Bourgon, 2009; Meehl, 1957; Monahan, 1981; Mossman, 1994; 

Quinsey & Maguire, 1986; Serin & Brown, 1998). The above qualities strengthen 

standardization across assessors and minimize predictive error; therefore, increasing 
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reliability and validity of assessment practices (Andrews et al., 2006; Hart, 1998; Serin & 

Brown, 1998). Second generation tools represented the second most common type of risk 

assessment available in the research literature for inclusion in the current meta-analysis (k 

= 245 or 33% of the overall number of effect sizes). They also provided the strongest 

mean predictive validity, although there was a considerable degree of overlap with fourth 

generation tools. However, these second generation tools are better suited to risk 

prediction goals (i.e., bail release, institutional security level determination) versus risk 

mitigation and risk reduction goals (i.e., case management and intervention target 

identification and risk monitoring) given the limits of their primarily static nature. These 

static items offer minimal guidance for risk reduction intervention targets.  

 Third generation and fourth generation risk assessments also incorporate actuarially 

driven static risk factors, but unlike second generation tools, dynamic risk factors rooted 

in criminological theory are also included (Andrews et al., 2006; Bonta & Andrews, 

2017; Farrington & Tarling, 1985). The risk-need-responsivity (RNR) principles are a 

central focus for third and fourth generation tools. These tools are predictive with respect 

to recidivism (risk principle). They also allow for risk reduction when dynamic risk 

factors, called criminogenic needs, are targeted for risk reduction (need principle) within 

case management strategies. In addition, these case management strategies are adaptable 

according to specific characteristics of an individual like reading level or motivation to 

change (responsivity principle). Recall that the LSI-R and LS/CMI, as outlined above, are 

examples of third and fourth generation tool, respectively. The mean predictive validities 

from the current meta-analysis are consistent with prior research for third generation 

assessments (Andrews & Dowden, 2007). In addition, this is the first comprehensive 
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meta-analysis to provide evidence of the mean predictive validity for general recidivism 

for fourth generation tools as a group, given the sufficient availability of effect sizes since 

2000. Overall, third and fourth generation tools offer good predictive ability for general 

recidvism. Moreover, they are useful for providing guidance for the determination of 

supervision level for risk management as well as case management strategies for risk 

reduction.  

Comparing predictive validity for tools with and without theoretical relevance 

The results of this meta-analysis provided support for the hypothesis that tools 

informed by a relevant theory of criminal behaviour provided better predictive validity 

when compared to non-relevant assessment tools (r = .29 versus r = .19; no overlap in 

confidence intervals). Many experts agree that a supported theory of criminal behaviour 

should guide the choice of factors for risk assessment, as well as which factors should be 

included in any given client’s risk reduction strategy (Bonta, 2002; Farrington & Tarling, 

1985; Walters, 2006; Walters, 2017). In fact, past research has supported the position that 

theoretically relevant risk assessment outperformed less relevant risk tools for the 

prediction of violence (Campbell et al., 2009), as well as general recidivism and 

institutional misconduct (Walters, 2006). Many experts also agree that the most useful 

theories for the assessment and reduction of recidivism are social learning-based theories 

such as the general personality and social psychological model purported by Bonta and 

Andrews (2017).  

To explore this relevance empirically with general recidivism using updated data, 

the current meta-analysis coded relevant studies as those that were based on a 

criminological theory, for example social learning theory, measured criminogenic needs, 
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and/or that were created for risk assessment purposes specifically (see coding manual in 

Appendix A). The results were that 90% of effect sizes were calculated using assessment 

tools that were relevant (k = 670/746). This finding is informative in light of past studies 

in which the majority of assessments used by practitioners and researchers in forensic 

correctional contexts were not theoretically-informed when criminal risk was the focus 

(see Archer et al., 2006; Boothby & Clements, 2000; Coté et al., 2012; Gallagher et al., 

1999). This shift in emphasis is a promising direction for the field.  

Mean predictive validity and assessment administration methods 

An important source of error in risk appraisal, in addition to the theoretical 

relevance of the tool as noted in the last section, is the method by which information for 

assessment of items is gathered. The hypothesis for this category was that methods using 

multiple sources would offer a predictive advantage over assessments that relied on a 

single source. The hypothesis was based on the fact that multi-sourced methods have 

been the recommended practice by experts for increasing the predictive validity of 

assessment practices (Bonta, 2002, Campbell et al., 2009, Farrington & Tarling, 1985). 

With the use of additional sources, the weaknesses from of any single source (e.g., 

interview alone where client might provide inaccurate information) can be balanced by 

the strength of another (e.g., interview can be corroborated by file review). However, this 

practice view was not supported in the current meta-analysis as the category of file 

review alone was the most commonly reported administration method used in validity 

studies (k = 299 effect sizes), producing the strongest and most precise predictive validity 

(r = .31). This finding is consistent with previous literature for violent institutional 

infraction outcomes (Campbell et al., 2009). There was considerable overlap between file 
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review and the multi-sourced method incorporating file review, interview, and client 

completed self-report questionnaire (FR+I+S-R). The multi-source method was also 

strongly predictive but resulted in a wider confidence interval and fewer effect sizes. The 

combined method of file review plus interview (k = 137) is an encouraged strategy 

trained for most third and fourth generation risk tools (e.g., LSI-R and LS/CMI). The 

predictive performance for this administration method (r = .25) was adequate and 

comparable to that of client completed self-report questionnaires alone (k = 142; r = .24). 

 It is pertinent to spend some time addressing the use of a sole source of gathering 

information for assessment. The two sole source methods reported here are file review 

and client completed self-report questionnaire methods. As noted, file review alone was 

the most commonly used source of assessment information (k = 299 or 40% of effect 

sizes) and it returned the largest, most precise, mean predictive validity. As would be 

expected, the majority of assessments conducted using file review were conducted using 

second generation, therefore static, risk tools (k = 190 or 64%). However, there were k = 

80 effect sizes and k = 26 effect sizes where the assessment information was gathered via 

file review for third and fourth generation instruments, respectively. This is less 

concerning in a research paradigm (i.e., client files can be very rich in information from 

diverse sources and they can contain interview material). However, it would be of great 

ethical concern in actual forensic practice to only appraise risk from a file with no direct 

client contact given that most third and fourth generation tools, as trained, require 

multiple sources of information for scoring (e.g., file review plus an interview with the 

client).  
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It is also interesting to note the rather large number of effect sizes for which a 

client completed self-report questionnaire was the sole source for assessment information 

in the current meta-analysis (k = 142 or 19% of all effect sizes in the database). The 

majority of these effect sizes (k = 78) were from psychometrically sound questionnaires 

that were relevant to corrections (as noted, relevant in this context refers to tools that are 

based on a criminological theory). Examples include the SAQ (k = 10) and the 

Psychological Inventory of Criminal Thinking Styles (PICTS) total score (k = 8), and its 

various subscale scores (k = 12). Both of these tools were developed and validated to be 

used in risk appraisal evaluations as client completed self-report instruments (Loza & 

Loza-Fanous, 2000; Walters, 1995). Although it might be tempting to equate efficiency 

with the use of client completed self-report assessment in the field, it is also important to 

be cautious in the adoption of client completed self-report tools if this were to be the only 

means to assess recidivism potential. Assessors would have to be certain that any 

responsivity issues, such as literacy, resistance to supervision or change, or impression 

management were addressed prior to assessment. They would also have to ensure that the 

chosen tools were relevant to constructs pertinent to the assessment of criminal 

behaviour, criminal risk, and that they contain validity indices that gauge impression 

management, unusual responding, and consistency in responses. This caution is not to 

deter assessors from the use of client completed self-report instruments as a form of 

information gathering. Relevant client completed self-report tools are especially useful as 

an adjunct to traditional interview/file-based assessment, especially in those cases where 

a more focused assessment of the criminogenic need of criminal attitudes is desired (e.g., 

to measure the effectiveness of cognitive behavioural programs; Walters. 2006; Loza, 
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Loza-Fanous et al., 2007). They might also prove useful to gauge risk reduction treatment 

effects over time from the client’s perspective.  

Predictive validity for static and dynamic factors used in risk assessment 

Past research showed little difference in predictive validity between static and 

dynamic risk factors for appraisal of recidivism overall (Bonta, 1996; Gendreau et al., 

1996), although there have been some reported differences for institutional violence 

(favoring static items) and community violence (favouring dynamic predictors; see 

Campbell et al., 2009). The moderator hypothesis for the nature of predictors was based 

on the finding from the Campbell et al. (2009) meta-analysis. The hypothesis was that 

assessment tools containing all or predominantly dynamic items would have a predictive 

advantage when compared to those with static items. This hypothesis was not supported 

for tools that were entirely static or entirely dynamic in the current meta-analysis. For this 

comparison, entirely static tools (r = .31) clearly had the predictive advantage over 

entirely dynamic tools (r = .23), with no overlap of confidence intervals. This result is not 

consistent with the results from Campbell et al. (2009). There are two potential reasons 

this might be the case. First, as noted, the Campbell et al. (2009) meta-analysis did not 

account for the REM assumption of indendence in effect sizes. Therefore, there might 

have been some violations of that assumption which allowed for some studies to 

contribute more weight to the mean predictive validity for dynamic factors. The second 

potential explanation might simply be that dynamic factors have better predictive power 

for rare or extreme behavioural outcomes, like violence, compared to general recidivism 

outcomes.  
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The relationship between primarily static and primarily dynamic tools (r = .27 

and .28, respectively) also did not support the stated hypothesis. The confidence intervals 

of these classes of tools overlapped completely, leading to the conclusion that, for tools 

that combine static and dynamic items, there is little difference in predictive validity for 

general recidivism.  

Type of general recidivism and predictive validity 

For the purpose of this meta-analysis, it was hypothesized that convictions would 

offer the strongest predictive validity for risk appraisal. The rational for this hypothesis is 

as follows. Historically, recidivism definitions have been fraught with operationalization 

difficulties and this challenge has made aggregation across recidivism studies difficult. 

Generally, as outlined by Nouwens et al. (1993) and others (see also Farrington & 

Tarling, 1985 or Maltz, 2001), the practice of gauging reoffending has utilized a number 

of different types of outcomes: return to custody (or re-incarceration), technical violation 

or breach of community supervision conditions, and/or the commission of a new offence 

(the latter of which also has been measured in numerous ways, for example arrest, a new 

charge, or new conviction). This variation leaves researchers and statisticians with many 

choices. But which option is best? If choosing only one recidivism outcome, there is an 

argument to be made for conviction as the most specific of these categories, because it 

relates directly to client behaviour and a lawful finding of culpability for that behaviour.  

The conviction hypothesis was partially supported here with some nuances. 

Convictions did offer the largest absolute predictive validity for risk appraisal measures 

used to gauge general recidivism risk (r = .31); however, the degree of confidence 

interval overlap suggested there was very little difference in predictive validity between 
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any of the outcome categories measured, with the exception of unspecified and 

parole/probation violations which were the least predictive. In hindsight, the ‘arrest and 

conviction’ category could have been combined with the ‘conviction’ category as a coded 

variable, given that, logically, it is impossible for a conviction to occur without an arrest 

being made prior to it. Imagining this reality was the case, then that would leave the two 

strongest effect sizes for conviction and incarceration. Agencies are advised that these 

outcomes are likely the most accurate and specific measures of general recidivism to 

strive for as measures. However, care also should be taken in their use given that there 

are many areas of evolution in the nature of charges that can occur between a criminal act 

and the application of a conviction. Law enforcement officers have discretion with arrest 

and the laying of charges and plea bargains occur between legal representatives. Given 

the nature of the legal system, convictions might not capture actual criminal behaviour as 

clearly as one might think.  

Technical violations as a recidivism outcome produced the lowest predictive 

validity, although there were only 10 effect sizes available for this outcome type. Among 

general recidivism measurement options, measuring probation/parole technical violations 

or breaches is not as desirable a measure of recidivism as conviction and incarceration 

based on the current data and the nature of the outcome itself. The following scenario is 

offered as example; consider a client on community supervision after serving a custodial 

sentence. If this client breaches part of their supervision conditions (e.g., they miss a 

curfew), then this client might be arrested, charged, convicted, and re-incarcerated for a 

technical violation; thus ticking the box for four kinds of recidivism in total without 

having committed a new criminal act per se.  
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Predictive validity related to the length of follow up in primary studies 

Another important concept that is related to recidivism risk tool prediction 

validation is the operationalization of time to reoffence. A source of error when 

examining predictive validity lies within the choice of follow-up periods made by 

researchers (Bonta & Andrews, 2017; Farrington & Tarling, 1985). It is known that client 

recidivism rates vary at different points in their release history. For example, there is 

much support for the conclusion that up to one third of clients reoffend within their first 

year of release and a full 50% within the first five years (Cloyes et al., 2010; Johnson, 

2005; Monnery, 2013; Mclean & Butler, 2008; Nadesu, 2009; O’Byrne, 2002; Yung et 

al., 2010). In addition, there also can be considerable delay between the actual 

commission of an offence, the suspect’s detection by police, and subsequent conviction 

for that offence. A client might commit an offence in year one of release but not be 

detected/arrested/charged/convicted until year three. In this case, if a study follow-up 

period of one year was chosen, then the client would not be included even though the 

offence was committed within the first year.  

For the current meta-analysis, it was hypothesized that, consistent with the past 

research on the patterns of recidivism noted above, longer follow-up periods would 

provide better predictive validity. This hypothesis was fully supported based on the 

current findings. It is recommended that researchers opt for follow-up periods between 2-

5 years in length (r = .29) or even greater than five years in length (r = .31) for the best 

predictive accuracy. That is not to say that follow-up periods of less than two years have 

no predictive value (r = .25). Shorter periods could be a practical choice as an interim 

measurement point in a longer study or when lengthy follow-up periods are not practical. 



PREDICTING GENERAL RECIDIVISM       
 

115 

In addition, some risk tools may be designed to measure acute risk (e.g., risk for the next 

24-48 hours) in threat assessment contexts, institutional placement setting, or for bail 

release decisions, but these considerations are more common for violence outcomes than 

they are for general recidivism. 

Effects of self- versus officially-reported recidivism on predictive validity 

Although the vast majority of risk assessment research since 2000 (k = 701 

located for this meta-analysis) involved the use of officially-reported measures of 

recidivism (e.g., arrests, convictions, etc.), past research has noted the acceptable 

reliability and validity of self-reported recidivism as an outcome measure (Thornberry & 

Krohn, 2000). In fact, self-reports can allow for the capture of undetected criminal 

behaviour (Farrington et al., 2006). The current meta-analysis focused on this outcome in 

order to bring more information to the forefront with which to evaluate the usefulness of 

self-reported recidivism in research and in the field. The hypothesis was that self-reported 

recidivism would produce a larger mean effect than officially-reported recidivism. 

However, after extensive literature review, there were only two studies (k = 3; combined 

n = 424) where the recidivism outcome was measured using client self-reported 

recidivism. The two studies are described here briefly.  

In one of the two studies using self-reported recidivism as an outcome, Hastings 

et al. (2011) used file review to assess the VRAG in 207 males and 83 females of mixed 

ethnicity between the ages of 18-34 years, who were selected from a general correctional 

population. Their study resulted in mean predictive validities in the moderate range (r = 

.39 for males and .27 for females) for self-reported recidivism within one year. Both of 

these effect sizes fall within the confidence interval for the mean omnibus effect for the 
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VRAG returned in the current meta-analysis across all populations and recidivism 

outcomes. In the second study by Holtfreter et al. (2004), the LSI-R was conducted using 

a combination of file review and interview in a sample of 134, 18-34 year old female 

clients of mixed ethnicity from a general correctional population. In this case, the 

predictive validity of this tool for self-reported recidivism was only r = .16. This finding 

is a relatively low mean effect size for this tool with female clients where the average 

predictive validity typically falls within a confidence interval of .34 to .36 (Smith et al., 

2009).  

Although data is limited and due to these inconsistent findings for its utility as an 

outcome, it is recommended that self-reported recidivism be used sparingly as an 

outcome in the field but studied in more detail in future in empirical endeavors. This 

future research will allow for better decision making of the specific uses for this outcome 

in correctional populations. The value of self-reported recidivism is likely to be limited in 

practice given the reluctance of clients to admit illegal behaviours to case managers or 

other parties monitoring their risk due to the potential consequences for them for doing so 

(e.g., re-arrest, parole suspension, lengthier sentences, or stricter supervision). However, 

in a research context where clients face no consequences to such self-disclosures, honest 

responding may prove useful relative to official records. These inconsistencies in this 

outcome type may depend in part on the context of such disclosures.  

Sample diversity factors and relation to predictive validity 

Risk assessments make possible evidence-based decisions by assessors across a 

variety of criminal justice settings (Bonta & Andrews, 2017; Farrington & Tarling, 

1985). Examples include the use of risk/need assessment for decisions related to 
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diversion to alternative measures programs, bail and sentencing decisions, appropriate 

level of supervision, institutional security level and placement, case management, and 

release decisions. Importantly, the ability to conduct valid and reliable assessments across 

diverse populations of justice-involved clientele is critical to reduce over- and under-

classification (or other errors in prediction; see Bonta & Motiuk, 1987; 1990; Serin et al., 

2016; Moore, 1996) and to more effectively prioritize public safety and guide 

rehabilitation efforts across these decision contexts. Recently, in Canada, risk assessment 

with Indigenous clients has been called into question (see Ewert v. Canada, 2015; Hart, 

2016). As a result of this legal decision, researchers have called for additional research to 

clarify the ability of structured tools to assess risk/need in Indigenous and other diverse 

client populations (Hart, 2016; Kroner, 2016; Olver, 2016). Given that prediction studies 

take a number of years, one goal of the current meta-analysis was to update the current 

state of the literature as it relates to a number of sample diversity moderators, 

specifically, ethnicity, age, client type, and gender. These were chosen based upon 

suggestions from relevant literature (Campbell et al., 2009; Gutierrez et al., 2016). Each 

moderator will be discussed in turn in the following paragraphs. 

 In the current database, the majority of effect sizes produced since 2000 included 

mixed ethnic samples (41%), followed by Caucasian samples (23%). Effect sizes based 

entirely on minority samples were relatively scarce, with Indigenous, Black, and Hispanic 

samples generating only 2% each (6% of total effect sizes). In the end, while not a 

plentiful examination of these three ethnicities as they relate to risk/need assessment, 

there is knowledge to be gleaned from the current meta-analysis. The hypothesis put forth 

for the current study was that weaker mean effects would result from Indigenous samples. 
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This hypothesis was primarily based upon the conclusions by Guitierrez et al. (2013), 

where most of the central eight crimonogenic needs (other than criminal history, 

substance abuse, and antisocial personality patter), there was better predictive validity for 

non-indigenous samples. For the current meta-analysis, this was not the case. The largest 

predictive validity resulted from the category where the ethnicity of the sample was not 

reported (29% of effect sizes; r = .30). That result aside, the next most robust predictive 

validity (r = .29) was shared between Caucasian and Indigenous samples, with the 

overlap in confidence intervals being considerable enough to consider the mean effects 

from Caucasian and Indigenous samples to be at par with mixed racial samples in 

predictive power (r = .27). These results are in one way consistent with past research (see 

Gutierrez et al., 2013, where the central eight criminogenic needs were, in fact, predictive 

with Indigenous samples). However, the current results do not support the Gutierrez et al. 

(2013) conclusion that there was better predictive validity for non-indigenouos samples.  

The reason for the inconsistency between the current meta-analysis and the 

Guitierrez et al. (2013) results might be threefold. First, and the simplest explanation, 

might be related to the differences in the scope of the two meta-analyses. The Gutierrez et 

al. meta-analysis contained fewer effect sizes for their comparison samples (k = 32 effect 

sizes from non-Indigenous samples in their study compared to k = 722 effect sizes from 

non-Indigenous samples here). In addition, Gutierrez et al. did not specifically compare 

Indigenous samples to Caucasian samples as was the case in the current study. Rather, 

they compared Indigenous samples to non-Indigenous samples (which were not 

specifically designated as Caucasian). Second, the different conclusions could result from 

differences in the risk assessment domains examined. Their scope was restricted to 
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exploration of potential predictive differences only for the individual central eight risk 

factors, which was not the case in the comparisons here where all risk assessment tools, 

regardless of factors contained within, were included in the ethnicity domain 

comparisons. Third, the Gutierrez et al. chosen effect size was the mean d difference 

score for each criminogenic need domain (mean weighted d for Indigenous samples 

minus the mean weighted d for non-Indigenous samples). This formula reurns a negative 

result if the predictive validity is more precise for non-Indigenous samples. Their 

conclusions were based on the fact that, overall, the metric was negative more often than 

it was not across the central eight risk factors. Their analysis did not compare Indigenous 

and non-Indigenous samples directly and did not interpret their mean predictive validities 

with respect to their confidence intervals.  

Despite no difference in prediction between Caucasian, Indigenous, and mixed 

ethnicity samples, distinctly weaker predictive validity did result from Black and 

Hispanic samples (r = .17 and r = .16, respectively). Past research suggests that this 

disparity in predictive validity might result from error in classification related to Black 

and Hispanic samples when compared to Caucasian samples (Fass et al., 2008). 

Specifically, according to Fass et al. (2008), there is a tendency by assessors to 

overclassify Black individuals and underclassify Hispanic individuals. In the end, setting 

pure predictive purposes aside, assessment best-practice includes the onus on appraisers 

to understand and be considerate of different cultural backgrounds and their influence on 

risk appraisal and mitigation. In addition, assessors must take care to consider individual 

differences and responsivity issues in all individual assessments. The advice for 

researchers is that more study toward risk/need assessment is warranted for ethnic 
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samples than has been conducted in the last 20 years. The need for more of this research 

is especially true for the three ethnic minorities enumerated here, and for the other 

cultures currently represented in much of North American immigration (e.g., South 

Asian, Middle Eastern, etc.). 

Turning to age as a diversity factor, the hypothesis of the current meta-analysis 

was that samples comprised of older clients would produce a weaker mean effect than 

samples comprised of younger individuals. Overall, there was no difference in predictive 

accuracy between these two age categories examined here. Samples with a mean age of 

between 18-34 years produced an r = .28 and those with a mean age between 35-49 years 

also resulted in r = .28. In addition, for those samples where age was not reported, the 

mean r was also similar at .27. Overlap occurred in confidence intervals across all three 

groups. Therefore, as the literature stands now, there are no grounds to proceed any 

differently with respect to risk/need appraisal for clients of different ages of adult clients, 

though age may factor in from a responsivity perspective for risk mitigation planning.  

Client type was the next diversity issue to be explored in the current meta-

analysis. The hypothesis was that forensic psychiatric samples would report a weaker 

mean predictive validity than non-forensic general offender samples. Overall, there was 

no observed difference in predictive validity between forensic (r = .33) and general 

offender population samples (r = .27) given the complete overlap of confidence intervals. 

In fact, this overlap extended to all coded client categories, which included domestic 

violence (r = .33); general violence (r = .33); and mixed offender type samples (r = .30). 

Assessors can take confidence from these results that prediction of general recidivism is 

equivalent across offender populations. However, with respect to case management, these 
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disparate client types do require consideration of population-specific risk context and 

factors and may require different risk management/risk reduction strategies. For example, 

clients diagnosed with mental disorder will need psychiatric intervention or those with 

violence histories will need self-control/anger management programming. In addition, 

each type of client will likely have unique responsivity characteristics of which to be 

aware. 

The final diversity moderator analysis in the present meta-analysis considered risk 

assessment with male versus female client populations. The hypothesis stated that 

predictive validities for males and females would be at par. That is, there would be no 

difference in predictive validity related to these two gender categories. This finding was 

the outcome here. Prediction for males (r = .28) was at par with that of females (r = .27) 

and with mixed gender samples (r = .28). There was extensive overlap of confidence 

intervals across all three categories. Overall, due to these results, assessors can have a 

degree of confidence that prediction validity is comparable for these male, female, and 

mixed gender categories. However, as with other diversity factors, when it comes to case 

management there are different responsivity characteristics which must be assessed and 

taken into consideration. Related to female clients, such factors might include concerns 

related to parenting and child-care responsibilities, past trauma/victimization, lack of 

social and financial supports, and women’s health (Bloom et al., 2003; Olver & Wong, 

2017; Olver & Wong, 2019; Salisbury, Boppre, & Kelly, 2017). 

Actuarial versus SPJ 

For the purposes of this moderator category, structured professional judgment 

(SPJ) was indicated when the risk appraisals conducted were based upon empirically 
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and/or theoretically derived risk factors, identified prior to assessment, but did not 

involve calculation of a risk score. Instead, information gathered about specific risk 

factors was used in practice to qualify an assessor’s clinical judgment or conclusion of 

clients’ risk to reoffend usually categorized as low, moderate, or high. An extensive 

literature review revealed that, since 2000, SPJ is still a relatively rare form of assessment 

for research endeavors related to the prediction of general recidivism. For this meta-

analysis, assessors used SPJ as intended in only 2% of effect sizes (k = 15). It was 

hypothesized that actuarial assessment would have stronger predictive validity over SPJ 

approaches, but this was not supported. In fact, there was no difference in predictive 

validity for general recidivism between assessments using actuarial processes, defined 

here as those tools using a total score (r = .27), and SPJ approaches (r = .28).  

The current meta-analysis provides the most up to date and first quantitative 

synthesis of studies examining the predictive ability of SPJ for general recidivism. The 

results, although not as hypothesized, are encouraging for those who are proponents and 

practitioners of SPJ. The results are also consistent with past reviews where the use of 

SPJ was supported for violent (Helibrun et al., 2010) and sexual recidivism (Hanson & 

Morton-Bourgon, 2009). Clearly, there, and according to the results presented here, there 

is value for SPJ in the practice of appraisal for general recidivism.  

Context and considerations of the current meta-analysis 

The scope of the literature available for this meta-analysis was impressive. Over 

1500 potential studies were retrieved in the initial review which took the author a number 

of months of searching through online academic databases, Google Scholar, ancestry 

reference section reviews, and solicitation of studies via email. However, even in light of 
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diligent search methods, one limitation of the current (and any) meta-analysis is the 

vastness of today’s literature. The sheer number of sources makes a fully comprehensive 

search an enormous task, and perhaps it is impossible. For the current project, even 

though a very systematic search was undertaken, there are likely studies missed. For 

example, research published in a language other than English was not captured here 

considering the costs for translation. To partially compensate for this limitation, fail safe 

calculations can give an idea of the number of nil-effect studies that would need to be 

included to change the current mean effect-sizes.  

Due to some evolutionary developments in meta-analytic techniques, caution is 

required when comparing the results of the current meta-analysis with past studies. 

Briefly, unlike the current analysis, some past meta-analyses did not account for non-

independence of effect sizes. That is, they included multiple effect sizes from the same 

sample. To include redundant samples contradicts the random effects meta-analytic 

assumption that effect sizes should be independent of each other (Borenstein et al., 2009). 

In other words, the multiple effect size estimates from those samples likely will be 

dependent on (correlated with) each other in some way. As a result, any mean effect size 

which includes multiple effect sizes from one sample will be overly influenced by them 

(i.e., skewed by their dependence). The current analyses used a multilevel linear model 

(MLM) to substitute the standard error for each effect size for the variance necessary to 

proceed with a hierarchical model. This process allows for flexibility for the non-

independence assumption (Raudenbush & Bryk, 2002). For those past meta-analyses that 

did not account for non-independence, comparison with the current results should 

proceed with caution. One important implication of this issue is that it somewhat limits 
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direct comparisons of current results with Campbell et al. (2009)’s similarly designed 

comprehensive risk tool meta-analysis for violence outcomes. This was a study upon 

which some of the hypotheses, procedures, and many of the methods of the current meta-

analysis were based. These comparisons are referenced in various sections of the current 

discussion section; however, the reader should view them with caution in light of this 

assumption violation in the Campbell et al. paper. 

 A limitation of the current meta-analysis is that the second-most frequent type of 

prospective study included in the dataset was archival prospective-based designs, where 

the assessment was scored retrospectively from a client’s existing file (k = 234). This 

procedure means that, in some cases, researchers retrospectively scored tools that were 

intended to be scored via file review plus interview, like the LSI-R and LS/CMI. In these 

cases, the researcher might not have had access to the full quality of information intended 

for use of the tool, especially the nuanced information obtained from an interview to 

understand context and/or supplement the file information. This change in tool 

administrative protocol introduces the possibility of error into the effect size calculations. 

It also limits generalizability to test scoring by field assessors because the scoring data 

sources are inconsistent with how the test is intended to be applied by field practitioners.  

 The next limitation is related to within study inter-rater reliability. Only 31% of 

effect sizes were associated with a study in which there was some form of inter-rater 

reliability provided. Within these studies, the average reliability was 76%, which is an 

acceptable level across the various metrics used. In the remaining 69% of studies, 

reliability information was not calculated and/or was not reported. Many of these missing 

data points were from studies in which the assessment was conducted by a front-line 
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professional, such as a probation officer, and retrieved from file information where real-

time assessment of inter-rater reliability is not possible. Still, according toTaxman (2019) 

it remains a critical omission. There is much riding on the quality of a risk assessment. 

These assessments must be fair to the client and useful for risk management and risk 

reduction plans. Measuring and maintaining inter-rater reliability will positively affect 

these front-line processes. On the other hand, not tracking and attending to reliability, 

even when using tools with predictive validity, is worrisome. If the frontline assessors do 

not engage in consistent risk practices, then risk assessment information cannot be 

usefully applied (Taxman, 2019). It is therefore recommended that some form of inter-

rater reliability become common practice not just in research, but in the field as well.  

 Missing information from primary studies is a common limitation for meta-

analysis and this one is no exception. The coding item with the highest percentage of 

missing information was for inter-rater reliability at 69%, followed by sample ethnicity in 

29% of effect sizes, and administration method at 17%. The remaining items ranged from 

missing rates between 4% and 10%. It is recommended that future primary studies for 

prediction take care to report all relevant information. 

Implications: Future directions for policy makers and practitioners 

The purpose of the current dissertation was to organize risk appraisal literature to 

provide information related to the predictive validity of selected risk tools and to aide in 

the identification of the potential for variations in prediction based on these tools. The 

following ideas for future directions were inspired by the results of the current meta-

analysis and by the ideas provided by authors/researchers cited herein.  
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To summarize the implications for the present results related to the various risk 

tools and their predictive validity and use, the LSI/LSI-R and LS/CMI offered good 

levels of predictive validity and are, arguably, more time efficient and practical for client 

case management planning to address general recidivism than the other tools in this 

analysis. The other tools examined here, due to their static risk and/or specialized nature 

are best reserved for the purposes for which they were developed (i.e., assessment and 

address of specialized forms of recidivism risk). Theoretically, self-report tools like the 

SAQ might augment the risk appraisal process but should not be used in isolation given 

their rooting in using a sole source of information. As noted by Olver and Wong (2019) 

the choice of a risk/need tool should, of course, consider the psychometric properties of 

the tool (especially predictive validity). In addition, policy makers and practitioners must 

consider the “nature and context” for the appraisal.  The current parity of predictive 

validities suggests that all of these tools, together, provide a menu from which assessors 

can choose based on their specific context and purpose.  

Turning to the generations of risk assessment practices, there were no studies 

retrieved that estimated the predictive validity for first generation risk assessment 

methods. Correctional practitioners should refrain from designing case management 

strategies using any type of first-generation risk appraisal (i.e., without the aid of a 

validatd structured risk tool). To do so would most certainly result in inconsistency for 

such judgments across assessments (which is unfair to clients) and would most likely 

result in low confidence that actual risk/need factors were assessed, and low predictive 

validity or level of predictive accuracy. The strongest absolute predictive validity effect 

size resulting from this meta-analysis was for tools based in the second generation of risk 
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assessment (i.e., actuarial tools). It should be noted that there was comparable precision 

and complete overlap of confidence intervals between the second, third, and fourth 

generation tools. As such, there is no evidence to suggest any difference in predictive 

validity for these generations. It is recommended that the context and purpose for the 

assessment guide the choice of tool. If a correctional or criminal justice environment is 

interested only in prediction (e.g., for bail or security level), then second-generation tools 

provide value in this regard and can be scored relatively easily from case files. If agencies 

are responsible also for risk management and risk reduction, then current best practices 

would indicate that third or fourth generation tools continue to be adopted and supported 

(see also Campbell et al., 2009).   

Theoretical relevance for risk assessment is another important issue that was 

addressed in this meta-analysis with theoretically-relevant risk tools showing stronger 

predictive validities than non-relevant tools. The continued use of theoretically-guided 

risk assessment will serve to reduce the consequences of failing to accurately evaluate 

and estimate client risk to reoffend (e.g., unnecessary confinement, inappropriate level of 

supervision and targeting of non-criminogenic needs). 

With respect to assessment administration methods, field assessors should be 

cautious and use tools in the way they were intended and as they are trained to use them. 

While it was true in the current results that file review had the strongest predictive 

validity for general recidivism, to use that method as the sole source is only pertinent for 

the scoring of second generation, static risk items/tools. Third and fourth generation tools 

require, as per training and guidelines, a client interview at minimum, usually paired with 

information from file review and collateral sources of information. To do otherwise 
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might interfere with the reliability and validity of the tool in question. In addition, client 

interaction is necessary to gauge treatment responsiveness, which is an especially 

important judgement for rehabilitation purposes (see Viglione et al., 2017 for a review of 

literature in this regard). Overall, the current meta-analysis provides support for the 

continued recommendation to use multi-sourced methods, despite the tempting efficiency 

of using a single sourced method only, such as a client completed self-report 

questionnaire or file review. The present results indicate that to gather assessment 

information via file review combined with a) interview and paper-pencil-type self report 

(r = .29) or b) interview (r = .25) will allow for more nuanced and individualized 

predictive validity and cover the intended risk information sources required of most tools.  

Inspection of the current results for static versus dynamic risk items revealed that 

static and dynamic based tools performed somewhat differently as meta-analyzed here. 

Tools comprised of entirely static items outperformed tools that were entirely dynamic 

for predictive validity and there were no differences in predictive ability for those tools 

comprised of primarily static and those with primarily dynamic items. Although this was 

the case, depending on their composition and the outcome of focus, the importance of 

which type of predictor to rely on has its basis in application (Campbell et al., 2009; 

Olver & Wong, 2019). If assessment is strictly for prediction purposes (e.g., to determine 

level of supervision or institutional security placement with no case management goals 

for risk reduction), then tools comprised entirely of static factors are easily scored from 

case files and offer very good predictive ability. If assessment goals include a risk 

reduction component (i.e., targeting of criminogenic needs to reduce risk of recidivism), 

then a more comprehensive information gathering process that taps into dynamic and 
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acute risk factors is warranted to increase the utility of the assessment information. 

Moreover, a more balanced tool containing dynamic factors is necessary in order to 

reassess and gauge an individual’s risk level over time and the effects of intervention on 

risk reduction. Assessors are advised to consider their needs and context carefully in 

order to choose risk tools that best fit their needs.  

For recidivism outcomes, it is difficult to precisely operationalize recidivism. As a 

criminal justice agency, it follows that the choice of a risk assessment tool to be validated 

based upon recidivism outcomes is also a difficult one. If agencies would like to monitor 

recidivism with a higher degree of accuracy to test the validity of their risk appraisals, 

then conviction and/or incarceration would be a wise choice based on the current results. 

That is not to say that technical violations should not be monitored. Multiple technical 

violations for an individual client could indicate antisocial attitudes (e.g., lack of respect 

for authority or accountability for actions), responsivity issues (e.g., inability to 

remember appointments or to arrange transportation), or risk escalation and are therefore 

relevant to ongoing risk appraisal. Understanding the reason behind repeated violations 

would open possibilities to improve risk reduction strategies within case management 

plans. 

To summarize and provide guidance related to the diversity moderators examined 

in the current meta-analysis, there was no difference in predictive validity for general 

recidivism when assessment was conducted within Caucasian and Indigenous samples. 

Assessment within Black and Hispanic samples produced relatively weaker mean effect 

sizes. There were also no predictive validity differences between categories of client type, 

younger versus older persons, or gender categorized here as males and females. These 



PREDICTING GENERAL RECIDIVISM       
 

130 

findings provide useful information for prediction purposes; however, assessors must not 

extend these similarities to case management practices. Risk management and risk 

reduction strategies in case management should proceed only after careful assessment of 

individual responsivity issues.  

The current meta-analysis supported the use of SPJ for appraisal of risk/need for 

justice involved persons. However, although recent audit research also provided support 

for the quality of SPJ assessments (specifically those conducted using the HCR-20), there 

was concern noted for the quality of the the application of assessment findings to case 

planning (Sen et al., 2015). For SPJ, the question still remains as to whether it is an 

efficient method by which to engage in everyday, front-line risk appraisal for general 

recidivism by probation/parole or other correctional officers (given it takes more training, 

time, and consideration on the part of the assessor to complete an appraisal, which might 

not be practical for probation/parole officers) or whether it should remain reserved for 

specialized kinds of appraisal, for example violent or sexual recidivism (given that these 

specialized appraisals are conducted by trained clinicians like psychologists).  

Implications: Future directions for reseachers 

One suggestion for future directions in risk appraisal research relates to the 

identification of risk and its appraisal practice within diverse populations. In the current 

meta-analysis, diversity was captured related to the variables of client ethnicity, age, type 

of client, and gender. The variables of age and type of client (general offender, forensic 

psychiatric, violent, and sexual violent offender samples) were each pretty well defined in 

the literature as reviewed by the current author. For the other two variables, ethnicity and 

gender, there is a case to be made for continued and more specific conceptualization and 
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operationalization. The following two paragraphs address these two diversity issues in 

kind. 

In many of the studies included in the current meta-analysis, what was actually 

reported was the race of individuals, usually defined as Caucasian, Black, Aboriginal, 

Hispanic, etc. In some studies, this identification was reportedly indicated by the client, 

in others it was taken from file information, and in many studies the origin of race 

composition for samples was not noted at all. In most cases, neither race nor ethnicity 

was conceptualized at all, only data reported for what appears to be race. According to 

Schiebinger et al. (2018), it is advisable that future studies explore more deeply the ethnic 

identification of individuals in research. The two terms, race and ethnicity, were initially 

intended to denote biological origins and culture, respectively. However, they have 

seemingly become interchangeable in some research areas. For risk appraisal, especially 

in light of the Canadian case of Ewert v. Canada (2015) and given recent concerns raised 

in the U.S. regarding potential racial bias for justice policies and practices, the ability to 

demonstrate that risk/need tools are racially neutral is essential. It is also critical that 

appraisers understand the limits of risk tools with respect to bias and ethnicity (culture), 

which is not necessarily captured when samples are identified using race.  

Similarly, the difference in conceptualization for sex versus gender is of concern 

for risk appraisal research as well (Schiebinger et al., 2018). The vast majority of studies 

reported the sex of samples as male or female. The gendered nature of risk appraisals has 

been fairly comprehensively explored related to the female gender and of course very 

comprehensively studied with males (Hogg, 2011); however, other gender identities (e.g., 

transgender) have been omitted in risk assessment research thus far. 
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While the predictive validity of risk appraisal tools has received much empirical 

attention (including the current meta-analysis), there is still empirical work to be done 

specifically for diverse populations, as noted, and in the area of determining field (‘real-

world’) predictive validity/reliability for risk tools. Much of the research included in the 

current meta-analysis involved the scoring of risk tools by researchers, where validity and 

reliability are of central focus. However, it is also important to understand the validity 

and reliability of risk appraisals conducted by field assessors, such as probation officers 

or psychologists, especially using SPJ. Past research has suggested that there is cause for 

concern related to the reliability and predictive validity of the scoring of risk assessments 

in the ‘real’ world (see Jeandarme et al., 2017; Kennealy et al., 2016; Sen et al., 2015).  

The final recommendation for future research relates to the examination of 

implementation strategies and field training protocols for risk appraisal and maintenance 

for the application of risk appraisal results in case planning (also known as risk reduction 

planning, risk mitigation planning, etc.). It is clear that risk/need assessment has become 

an integral and endorsed part of correctional policy, but what is not entirely clear is the 

level of uptick by actual front-line professionals. Burrell (2017) noted that adoption was 

not universal in probation and parole throughout the US. The current author has been 

personal witness to large scale inadequate and poor-quality risk assessment and 

application within jails in at least two Canadian provinces and probation practices in at 

least three provinces. Taxman (2017) noted that in order for risk/need assessments to be 

successful in predicting recidivism and guiding case management for risk reduction, 

corrections professionals must not only use them in the first place, but also use them in 

the correct way (i.e., to assess risk and to inform case management strategies). Burrell 
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(2017) added that resources are likely being squandered when the assessment and 

application processes are not adhered to correctly. To examine the quality of risk 

appraisals and to remove implementation challenges for case planning processes in the 

field are important first steps to understanding predictive validity and reliability of risk 

appraisal in the field, as well as to ensuring that case management procedures address 

appropriate targets for change. This would also allow for steps forward in research to 

gauge treatment changes related to dynamic risk/need factors and better determine what 

aspects of change lead to actual reductions in criminal behaviour.   

Prior to closing this final section of the present dissertation, it is worthy to note 

that there is important discussion in the literature related to the consistency of 

measurement for criminogenic needs, also known as dynamic risk or need factors, across 

risk/need tools. According to Caudy et al. (2013) and Via et al. (2017) the differences in 

conceptual and operational definitions across risk tools for dynamic risk factors posit a 

critical question related to the predictive validity of the tools and the measurement of 

change in individuals related to risk reduction. Here in the present meta-analysis, the 

results indicate that those tools comprised primarily or entirely of dynamic risk/need 

factors have adequate predictive validity. However, the present meta-analysis did not 

examine the differences in conceptual and operational definitions as related to predictive 

validity. To understand which of these definitions provides predictive validity advantage 

(if any), would be an important step toward developing consistency in measurement, 

which according to Caudy et al. (2013) and Via et al. (2017), is necessary for both 

predictive validity and validity for change measaurement. As such, future meta-analysts 

might consider this a worthy topic for synthesis toward that end.  
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Appendix A: Meta-Analysis Coding Manual 

 
Study/Author Descriptors 

 
Reference: Write a complete citation in APA format 

 
1. Study ID number. Four character study identification numbers should be assigned 

to each study beginning with ID number 0001. If an article contains two or more 
independent studies, i.e., the article reports two or more independent outcomes 
using different samples, then the suffix a, b, c, etc. is affixed to the study ID to 
distinguish each study within the report. Each outcome is then coded separately. 

 
2. Type of prospective study. Record the prospective method used in the study. 
 

1. Archival Prospective: Assessment on File (assessment already contained 
in client file as part of routine case management). Study conducted on 
assessment and outcome data that were collected from archival records. 
For example, existing assessment information gathered from records of all 
probation clients in a regional district from a previous calendar year (e.g., 
2010). Recidivism information reviewed for these clients for a period of 
time after the assessment was completed and measure was scored (e.g., 
2011-2015). 

2. Archival Prospective: Assessment Scored Retrospectively (assessment 
scored retrospectively from client file). Study conducted on assessments 
that were scored from archival records. For example, a risk assessment 
tool is scored retrospectively from records of probation clients in a 
regional district from a previous calendar year (e.g., 2010). Recidivism 
information reviewed for these clients for a period of time after release 
date (e.g., 2011-2015). Although coded after the fact, the key factor is that 
the file information used to code this risk tool was gathered prior to the 
start of the recidivism follow-up period and recidivism information was 
unknown to the coders of the risk instrument. 

3. Pure Prospective (assessment scored prospectively and follow up 
period in real time). Study conducted in real time where assessments are 
conducted at Time A and then offenders followed for a future period to 
record recidivism at Time B. For example, a researcher conducts an 
assessment on a sample to be released from a correctional institution. The 
researcher then accesses recidivism data for each correctional client in the 
sample at a future date (e.g., 3 year follow-up period) to record outcomes.  

99. Cannot determine prospective type (describe rationale in notes column) 
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Sample Descriptors 
 

3. Predominant ethnicity. Choose the code that best characterizes the makeup of the 
sample with respect to ethnicity. 

 
1. > 80% Caucasian 
2. > 80% Black 
3. > 80% Hispanic 
4. > 80% Aboriginal/Indigenous  
5. > 80% other race (specify): 
6. Mixed (none > 80%) 
7. Mixed (cannot estimate proportion) 

99 information not available 
 

4. Predominant gender. Choose the code that best characterizes the makeup of the 
sample with respect to gender. 

 
1. > 80% male 
2. > 80% female 
3. Mixed (Neither > 80%) 
4. Mixed (cannot estimate proportion) 

99 information not available 
 

5. Average Age. Choose the code that best captures the average age of the sample. 
1. 18-34 years 
2. 35-49 years 
3. 50-64 years 
4. 65+ 

99 information not available 
 

6. Offender type. Choose the code that best represents the sample with respect to the 
type of offender assessed. Note: If offender type is not expressly specified as 
forensic/mentally-disordered or any of the other categories, code as general 
offender population. Also note that categories 2 through 5 are included because 
general recidivism appraisal is often included for special populations. 

 
1. General offender population (sample from a jail or prison or community 

correctional service 
2. Forensic psychiatric offender population (> 80% of sample diagnosed with 

mental disorder or reported as having elevated mental health 
symptomatology) or sample was from a psychiatric facility or service or 
sample described as NCR or unfit to stand trial 

3. Sex Offender population 
4. Domestic violence offender population 
5. Violent offender population 
6. Mixed 
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99 information not available 
 

 
Risk Assessment Descriptors 

 
7. Measure used to assess risk. Indicate and assign a coding value for the measure 

used in the study to arrive at a prediction of risk. 
 

Value assigned     ________________ (Be sure to assign the same value 
for duplicate measures. For example, if the VRAG was assigned a coding 
value of 1, use this same value consistently for each study using this 
measure). 
 
Measure reported 

____________________________________________________________

____________________________________________________________

____________ 

 
8. Interrater reliability. Was interrater reliability reported for assessments? 
 

1. Yes 
2. No 

 
9. If interrater reliability was reported, indicate the type used (record type using 

name). 
 

10. If applicable, indicate the level of interrater agreement reported. 
 

1. 0-24% 
2. 25-49% 
3. 50-75% 
4. 76-100% 
99. Information not available 

 
11. Measure administration method. Specify the method used to administer the risk 

measure to the sample. 
 

1. Behavioural (i.e., offender risk classified according to behavioural 
observation by observer, for example, institutional staff ) 

2. File extraction (i.e., prediction accomplished via review of offender case 
file) 
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3. Interview-based 
4. Self-report (self-administered, paper-pencil measures) 
5. Measure uses combination of methods 2 and 3 
6. Measure uses combination of methods 3 and 4 
7. Measure uses combination of methods 2 and 4 
8. Measure uses combination of methods 2, 3, and 4 
9. Measure uses combination of 1, and 2. 

99 Information not available 
 

12. Nature of predictors assessed. Indicate the nature of the risk predictors assessed 
by the measure indicated in Item 15. 

 
1. Static alone 
2. Dynamic alone 
3. Combination-static dominant (> 50% of items static) 
4. Combination-dynamic dominant (> 50% of items dynamic) 
5. Equal number-static dynamic 
6. Cannot determine nature of predictors assessed 

 
13. Relevance of instrument to corrections. Indicate whether the instrument used to 

assess risk is relevant to corrections. That is, was the instrument derived from a 
criminological theory (e.g., social learning theory), does it assess the central 8 risk 
factors, and/or was it created for use as a risk measure?  

 
1. Yes 
2. No 

99 information not available 
 

14. Generation of risk measure. Indicate the generation of the risk measure used. 
 

1. 1st generation clinical. Prediction based predominantly on unstructured 
clinical judgments using predictors not supported empirically. 

• unstructured/inconsistent interviewing and/or file review 
methods 

• subjective/intuitive risk decisions  
2. 2nd generation actuarial. Prediction based predominantly on atheoretical 

(although empirically-based) static predictors. 
• structured interview/file review methods 
• explicit criteria for decisions (quantitative risk score) 
• predictors validated by research 
• but nearly all are atheoretical (not grounded in criminal 

theory)-neglect of many of the factors shown to be relevant to 
criminal conduct 

• for the most part also neglect dynamic risk 
3. 3rd generation actuarial. Prediction based predominantly on theoretically-

based, empirically-supported, static and dynamic predictors. 
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• systematic, quantitative, and objective measurement 
• incorporates measurement of offender need 
• needs based on empirically-proven relationship to criminal 

conduct (must be credible literature demonstrating predictor-
criterion link) 

• assessment can be all dynamic, but a mixture is preferable to 
assess both risk and need for both classification and treatment 
planning 

• NOTE: Code HCR-20 and SVR-20 as a third generation tool if 
it was used actuarially in the study (total score calculated). If it 
was used toward a Structured Professional Judgment (SPJ) 
include it here as well but be sure to code appropriately for 
variables 15 and 16. 

4. 4th generation. Offender service and supervision are monitored 
periodically from intake to case closure (to assess change) where outcome 
is then linked with intake assessment. Attention given to the measurement 
and incorporation of responsivity issues. An overall system of offender 
management and treatment based on empirically-derived methods. 

5. Cannot determine generation 
 
 

15. Structured Professional Judgment. Did the risk assessment involve a process of 
Structured Professional Judgment (versus a calculation of a numerical risk score)? 

1. Yes 
2. No 
3. Cannot be determined 
 

16. If Structured Professional Judgment was used, was assessment of risk reported as 
a risk category (e.g., Low, Moderate, High) 

1. SPJ risk category utilized 
2. Unable to determine 

 
17. Length of follow-up for recidivism. Indicate the length of the follow-up period for 

recidivism effect size.  
  

1. < 2 years 
2. 2-5 years 
3. > 5 years 

99 information not available  
 

18. Post-release recidivism record. Choose the option that best describes the source 
of the recidivism record.  

 
1. Parole/probation violation  
2. Re-arrest  
3. Re-conviction  
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4. Re-incarceration 
5. Self-reported recidivism 
6. Recidivism type unspecified 
7. Combination: 2, 3 
8. Combination: 2, 4 
9. Combination: 3, 4 

99 no recidivism outcome measured 
19. General Recidivism Type. Record the type of recidivism reported as follows: 

1. Any type of recidivism (includes or could include violence or sexual 
crimes) 

2. Recidivism excluding violent or sexual crimes 
 

Effect Size Data 
 

20. Type of statistic recidivism effect size based on.  
 

1. Means and standard deviations 
2. t-value or F-value 
3. Chi-square (df =1) 
4. Frequencies or proportions 
5. Correlation 
6. AUC 
7. Other (specify): 

99 no recidivism effect size 
 

21. Sample size (full sample). 
 
22. Effect size. Record the calculated effect size (r value) for recidivism outcomes. 

Note: Code 99 if no recidivism ES.  
 

23. Number of recidivists. Indicate the number of offenders who recidivated. Note: 
Code 99999 if no recidivism ES. Code 999999 if not reported. 

 
24. Number of non-recidivists. Indicate the number of offenders who did not 

recidivate. Note: Code 99999 if no recidivism ES. Code 999999 if not reported. 
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Appendix B: List of Risk Assessment Tools from Studies Retrieved 

Table B1   
 
List of Risk Assessment Tools from Studies Retrieved  
 
Assessment Tool  Generation Number of 

Effect Sizes 
ABCS (Abel-Becker Cognitions Scale)  Third 3 
ACE (Assessment, Case Management, and Evaluation 
System) 

Fourth 1 

Acute 2007 Fourth 1 
Anger Hostility Third 1 
ANSIE (Adult Nowicki–Strickland Internal–External 
Control Scale) 

NA 1 

AQ (Aggression Questionnaire) Third 1 
ASPD-S (Antisocial Personality Dimension DSM-IV – 
Scale) 

Second 1 

AI-RP (Assertions Inventory-Response Probability) NA 1 
BARR-2002 (Brief Assessment of Recidivism Risk–
2002) 

Second 1 

BDHI (Buss-Durkee Hostility Inventory) Second 3 
BDI (Beck Depression Inventory) NA 1 
BIDR (Balanced Inventory of Desirable Responding) NA 1 
BOP (Board of Parole – Iowa – Risk Assessment 
Instrument) 

Second 1 

BPRS (Brief Psychiatric Rating Scale) NA 1 
BSCS (Brief Self-Control Scale) Third 1 
Bumby Rape and Molest Scales – Molest  Third 1 
Bumby Rape and Molest Scales – Rape Third 1 
CANFOR-S (Camberwell Assessment of Need-
Forensic Short Version) 

NA 1 

CAPP (Comprehensive Assessment of Psychopathic 
Personality) 

Third 1 

CAT (Child and Adolescent Taxon Scale) Second 1 
CATS-SR (Child and Adolescent Taxon Scale – Self 
Report) 

Second 2 

CBS (Attitudes Toward Community Based Services) Third 2 
CCS (Criminal Cognitions Scale)  Third 1 
CH/RSI (Criminal History/Risk Score Instrument) Second 1 
CHS (Criminal History Score) Second 2 
CMI (Case Management Inventory for Prison 
Offenders) 

Third 2 

CMSI (Case Management Screening Instrument for 
Prison Offenders) 

Second 2 
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Assessment Tool  Generation Number of 
Effect Sizes 

Colorado Sex Offender Risk Scale Second 1 
COMPAS (Correctional Offender Management 
Profiling for Alternative Sanctions) 

Fourth 3 

COMPAS (Correctional Offender Management 
Profiling for Alternative Sanctions) – Risk Scale 

Fourth 7 

COMPAS (Correctional Offender Management 
Profiling for Alternative Sanctions) - Violence 

Fourth 4 

Cormier Lang All History Second 1 
Cormier Lang Violent History Second 1 
Cormier Lang Non-violent History Second 1 
CPORT (Child Pornography Offender Risk Tool) Second 1 
CSS (Criminal Sentiments Scale) Third 1 
CT (Classification Tool for Prison Offenders) Third 2 
CTS (Texas Christian University - Criminal Thinking 
Scale) 

Third 1 

DIP-Q Schizoid (The DSM-IV and ICD-10 Personality 
Questionnaire) 

NA 1 

DIP-Q Antisocial Personality Disorder (The DSM-IV 
and ICD-10 Personality Questionnaire) 

NA 1 

DIP-Q Avoidant (The DSM-IV and ICD-10 Personality 
Questionnaire) 

NA 1 

DIP-Q Borderline (The DSM-IV and ICD-10 
Personality Questionnaire) 

NA 1 

DIP-Q Dependent (The DSM-IV and ICD-10 
Personality Questionnaire) 

     NA          1 

DIP-Q Histrionic (The DSM-IV and ICD-10 
Personality Questionnaire) 

NA 1 

DIP-Q Narcissistic (The DSM-IV and ICD-10 
Personality Questionnaire) 

NA 1 

DIP-Q Obsessive Compulsive Disorder (The DSM-IV 
and ICD-10 Personality Questionnaire) 

NA 1 

DIP-Q Paranoid (The DSM-IV and ICD-10 Personality 
Questionnaire) 

NA 1 

DIP-Q Schizotypal (The DSM-IV and ICD-10 
Personality Questionnaire) 

NA 1 

DOC-502 (Wisconsin Department of Corrections Risk 
Assessment Instrument) 

Second 1 

DRAOR: Total (Dynamic Risk Assessment for 
Offender Reentry) 

Fourth 1 

DRAS (Dynamic Risk Assessment Scale) Third 1 
DRI-OV Total Score (Dual Relationship Inventory - 
Offender Version) 

NA 1 

DSFI (Derogatis Sexual Functioning Inventory) NA 1 
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Assessment Tool  Generation Number of 
Effect Sizes 

DVRAG (Domestic Violence Risk Appraisal Guide) Second 1 
DVSI-R Risk to Victim (Domestic Violence Screening 
Instrument – Revised) 

Second 1 

DVSI-R Total Score (Domestic Violence Screening 
Instrument – Revised) 

Second 1 

FIS (Fear of Intimacy Scale) NA 1 
FIVR (Family Violence Investigative Report) Second 2 
GCS (Gudjonsson Compliance Scale) NA 1 
Gender Responsive Risk/Needs Assessment Third 1 
Global Empathy Scale: Children/Women General Third 1 
Global Empathy Scale: Child/Woman Own Victim Third 1 
Global Empathy Scale: Child/Woman Victim Third 1 
GSIR (General Statistical Information on Recidivism 
Scale) 

Second 7 

GSIR-R (General Statistical Information on Recidivism 
Scale – Revised) 

Second 2 

GSS (Gough Socialization Scale) NA 1 
H-10 (Historical-Clinical-Risk Scale using only History 
Domain) 

Second 2 

HC-15 (Historical-Clinical-Risk Scale using only 
History and Clinical Domains) 

Third 1 

HCR-20 (Historical-Clinical-Risk Scale) Third 28 
HCR-20 FPJ (Historical-Clinical-Risk Scale: Final 
Protection Judgment) 

Third 1 

Hope - The Hope Scale NA 1 
HTW (Hostility Toward Women Scale) NA 1 
IORNS: ORI (Inventory of Offender Risk, Needs, & 
Strengths: Overall Risk Index) 

Fourth 1 

IRAS: CST (Indiana Risk Assessment System: 
Community Supervision Tool) 

Fourth 2 

IRAS: RT (Indiana Risk Assessment System: Reentry 
Tool) 

Fourth 2 

ISORA (Iowa Sex Offender Risk Assessment) Second 1 
ISORA8 (Iowa Sex Offender Risk Assessment) Second 1 
IVVI: Victimization (Iowa Violence and Victimization 
Instrument) 

Second 1 

IVVI: Violence (Iowa Violence and Victimization 
Instrument) 

Second 1 

Krawiecka (Psychiatric Symptoms) NA 1 
LCSF (Lifestyle Criminal Screening Form) Second 3 
LS/CMI (Level of Service/Case Management 
Inventory) 

Fourth 6 
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Assessment Tool  Generation Number of 
Effect Sizes 

LS/CMI Gen Risk/Need (Level of Service/Case 
Management Inventory General Risk/Need Section 
only) 

Fourth 20 

LS/CMI Specific Needs (Level of Service/Case 
Management Inventory Specific Needs Section only) 

Fourth 16 

LSI-R:SR (Level of Service Inventory – Revised: Self-
Report Version) 

Third 2 

LSI, LSI-R (Level of Service Inventory; Level of 
Service Inventory – Revised) 

Third 101 

LSI:SV (Level of Service Inventory: Screening 
Version) 

Third 5 

MASORR-Post (Multifactorial Assessment of Sex 
Offender Risk for Recidivism – Post Treatment 
Version) 

Third 1 

MASORR-Pre (Multifactorial Assessment of Sex 
Offender Risk for Recidivism – Pre-treatment Version) 

Third 1 

MAST (Michigan Alcohol Screening Test) Second 1 
MCAA: Part A (Measures of Criminal Associates and 
Attitudes: Part A - Associates) 

Third 1 

MCAA: Part B (Measures of Criminal Associates and 
Attitudes: Part B - Attitudes) 

Third 1 

MCAA: Total (Measures of Criminal Associates and 
Attitudes) 

Third 1 

Miller Social Intimacy Scale Third 1 
MMPI – PD (Minnesota Multiphasic Personality 
Inventory – Psychopathic Deviate Scale) 

Second 1 

MMPI-Agg (Minnesota Multiphasic Personality 
Inventory – Aggression Scale) 

NA 1 

MMPI-Disconstraint (Minnesota Multiphasic 
Personality Inventory – Disconstraint Scale) 

NA 1 

MMPI-Extraversion (Minnesota Multiphasic 
Personality Inventory – Extraversion Scale) 

Second 1 

MMPI-Introversion (Minnesota Multiphasic Personality 
Inventory – Introversion Scale) 

NA 1 

MMPI-Lie ((Minnesota Multiphasic Personality 
Inventory – Lie Scale) 

Second 1 

MMPI-Neg. Emotionality (Minnesota Multiphasic 
Personality Inventory – Negative Emotionality Scale) 

NA 1 

MMPI-Psychoticism (Minnesota Multiphasic 
Personality Inventory – Psychoticism Scale) 

NA 1 

MnSOST-R (Minnesota Sex Offender Screening Tool – 
Revised) 

Second 7 

MSRAG (Medium Security Risk Assessment Guide - 
Acquisitive) 

Second 2 
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Assessment Tool  Generation Number of 
Effect Sizes 

Muslim Religiosity Personality Inventory NA 1 
OASys (Offender Assessment System) Fourth 1 
ODARA (Ontario Domestic Assault Risk Assessment) Second 7 
ODQ (Other Deception Questionnaire) NA 1 
OGRS-2 (Offender Group Reconviction Scale – 
Version 2) 

Second 8 

OGRS-3 (Offender Group Reconviction Scale – 
Version 3) 

Second 1 

ORAS: CSST (Ohio Risk Assessment Tool: 
Community Supervision Screening Tool) 

Fourth 2 

ORAS: CST (Ohio Risk Assessment System: 
Community Supervision Tool) 

Fourth 3 

ORAS: MAT (Ohio Risk Assessment System: 
Misdemeanor Assessment Tool) 

Fourth 2 

ORAS: MST (Ohio Risk Assessment System: 
Misdemeanor Screening Tool) 

Third 1 

ORAS: MST + H (Ohio Risk Assessment System: 
Misdemeanor Screening Tool Plus Heroin) 

Third 2 

ORAS: PAT (Ohio Risk Assessment System: Pretrial 
Assessment Tool) 

Second 1 

ORAS: PIT (Ohio Risk Assessment Tool: Prison Intake 
Tool 

Fourth 2 

ORAS: RT (Ohio Risk Assessment System: Reentry 
Tool 

Fourth 2 

Overall Deviance Third 1 
OxRec (Oxford Risk of Recidivism Tool Second 2 
PAI-AGG (Personality Assessment Inventory – 
Aggression) 

NA 4 

PAI-ANT (Personality Assessment Inventory – 
Antisocial Personality) 

NA 4 

PAI-BOR (Personality Assessment Inventory – 
Borderline) 

NA 1 

PAI-DOM (Personality Assessment Inventory – 
Dominance) 

NA 2 

PAI-VPI (Personality Assessment Inventory – Violence 
Potential Index 

NA 1 

PCL-R (Psychopathy Checklist – Revised) Third 45 
PCL-R Interpersonal Facet (Psychopathy Checklist – 
Revised: Interpersonal Facet only) 

Third 1 

PCL:SV (Psychopathy Checklist: Screening Version) Third 11 
PCRA (Post Conviction Risk Assessment) Fourth 9 
PICTS (Psychological Inventory of Criminal Thinking 
Styles) 

Third 8 
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Assessment Tool  Generation Number of 
Effect Sizes 

PICTS: Cognitive Indolence (Psychological Inventory 
of Criminal Thinking Styles - Cognitive Indolence 
Domain) 

Third 1 

PICTS: Confusion (Psychological Inventory of 
Criminal Thinking Styles - Confusion Domain) 

Third 1 

PICTS: Current (Psychological Inventory of Criminal 
Thinking Styles – Current Criminal Thinking) 

Third 1 

PICTS: Cut-Off (Psychological Inventory of Criminal 
Thinking Styles – Cut Off Domain) 

Third 1 

PICTS: Defensiveness (Psychological Inventory of 
Criminal Thinking Styles – Defensiveness Domain) 

Third 1 

PICTS: Discontinuity (Psychological Inventory of 
Criminal Thinking Styles – Discontinuity Domain) 

Third 1 

PICTS: Entitlement (Psychological Inventory of 
Criminal Thinking Styles – Entitlement Domain) 

Third 1 

PICTS: History (Psychological Inventory of Criminal 
Thinking Styles – History Domain) 

Third 1 

PICTS: Mollification (Psychological Inventory of 
Criminal Thinking Styles – Mollification Domain) 

Third 1 

PICTS: Power Orientation (Psychological Inventory of 
Criminal Thinking Styles – Power Orientation Domain) 

Third 1 

PICTS: Sentimentality (Psychological Inventory of 
Criminal Thinking Styles – Sentimentality Domain) 

Third 1 

PICTS: Superoptimism (Psychological Inventory of 
Criminal Thinking Styles – Superoptimism Domain) 

Third 1 

Pretrial Screening Tool Third 1 
Pro-offending Attitude Third 1 
PRSF (Psychological Referral Screening Form) Second 1 
PYPS (Proportion of Years with Psychiatric Symptoms) NA 1 
RCS: RE (Risk Context Scale: Resource Engagement) Third 1 
RCS: SNP (Risk Context Scale: Social Network 
Presence) 

Third 1 

RCS: SS (Risk Context Scale: Social Stability) Third 1 
RCS:IC (Risk Context Scale: Integration of Care) Third 1 
RISc (Recidivism Assessment Scales) Third 3 
Risk Matrix 2000 Sex Second 4 
Risk Matrix 2000 Violence Second 6 
RM2000 Second 5 
RMAS (Rape Myth Acceptance Scale) NA 1 
RMS-Recidivism (Risk Management System – 
Recidivism Scale) 

Fourth 1 

RMS-Violence (Risk Management System – Violence 
Scale) 

Fourth 1 
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Assessment Tool  Generation Number of 
Effect Sizes 

RNPS (Risk Need Perception Survey) Third 1 
RoC*RoI (New Zealand Department of Correction Risk 
Tool) 

Second 1 

RRASOR (Rapid Risk Assessment for Sex Offender 
Recidivism) 

Second 6 

SAPROF FPJ (Structured Assessment of Protective 
Factors Final Protection Judgment) 

Third 1 

SAPROF HCR-20 FIRS (Structured Assessment of 
Protective Factors plus HCR-20 Final Integrated Risk 
Judgment) 

Third 1 

SAPROF HCR20 (Structured Assessment of Protective 
Factors plus HCR-20) 

Third 1 

SAPROF Total (Structured Assessment of Protective 
Factors Total Score) 

Third 2 

SAQ (Self-Appraisal Questionnaire) Third 10 
SARA (Spousal Assault Risk Assessment) Second 2 
SASSI-2 COR (Substance Abuse Subtle Screening 
Inventory-2 Correctional Subscale) 

Third 1 

SASSI-3 (Substance Abuse Subtle Screening Inventory-
3) 

Third 1 

SDQ (Self Deception Questionnaire) NA 1 
Sexual Interests Third 1 
SFA (Static Factors Risk Scale) Second 1 
SFS (Salient Factor Score) Second 3 
SHAPS-Agg (Special Hospital Assessment of 
Personality and Socialization – Aggression) 

NA 1 

SHAPS-Anx (Special Hospital Assessment of 
Personality and Socialization - Anxiety) 

NA 1 

SHAPS-Depression (Special Hospital Assessment of 
Personality and Socialization – Depression) 

NA 1 

SHAPS-Hostility (Special Hospital Assessment of 
Personality and Socialization – Hostility) 

NA 1 

SHAPS-Impulsive (Special Hospital Assessment of 
Personality and Socialization – Impulsive) 

NA 1 

SHAPS-Introversion (Special Hospital Assessment of 
Personality and Socialization – Introversion) 

NA 1 

SHAPS-Tension (Special Hospital Assessment of 
Personality and Socialization – Tension) 

NA 1 

SIR Proxy (Statistical Information on Recidivism Scale 
Proxy Developed on Sample) 

Second 7 

SIR Recalibrated (Statistical Information on Recidivism 
Scale Recalibrated) 

Second 3 

SIR Scale (Statistical Information on Recidivism Scale) Second 1 
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SIR-R1 (Statistical Information on Recidivism Scale – 
Revised) 

Second 10 

SoARS: Accept (Sex Offender Acceptance of 
Responsibility Scale: Acceptance of Sexual Interest) 

Third 1 

SoARS: Just (Sex Offender Acceptance of 
Responsibility Scales: Justification of Sexual Offense) 

Third 1 

SoARS: MOT (Sex Offender Acceptance of 
Responsibility Scales: Motivation to Change) 

Third 1 

SoARS: OP (Sex Offender Assessment of 
Responsibility Scales: Offense Planning Acceptance) 

Third 1 

SoARS: SO (Sex Offender Assessment of 
Responsibility Scales: Sex Offense Acceptance) 

Third 1 

SoARS: VH (Sex Offender Acceptance of 
Responsibility Scales: Victim Hard Acceptance) 

Third 1 

Social Inadequacy Third 1 
SORAG (Sex Offender Risk Appraisal Guide) Second 9 
SORM (Structured Outcome Assessment & Community 
Risk Monitoring) 

Fourth 1 

SoTIPS (Sex Offender Treatment Intervention Progress 
Scale) 

Fourth 1 

SPIn (Service Planning Instrument) Fourth 2 
SPRA (Saskatchewan Primary Risk Assessment) Third 3 
SRI (Self-Report Inventory) Third 1 
SRSW (Security Rating Scale Women) Second 1 
SRSW3 (Security Rating Scale Women 3rd Version) Third 1 
SSEI (Social Self-Esteem Inventory) NA 1 
STABLE 2000 Third 3 
STABLE 2007 Third 6 
STAI-S (State Trait Anxiety Inventory – State) NA 1 
STAI-T (State Trait Anxiety Inventory – Trait) NA 1 
START – Strength (Short Term Assessment of Risks 
and Treatability – Strength Scale) 

Fourth 2 

START – Vulnerability (Short Term Assessment of 
Risks and Treatability – Vulnerability Scale) 

Fourth 2 

Static 2002 Second 13 
Static 2002-R Second 3 
Static-99R Second 9 
Static-99 Second 42 
STAXI-C (State Trait Anger Expression Inventory – 
Control) 

NA 1 

STAXI-E (State Trait Anger Expression Inventory – 
Expression) 

NA 1 
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STAXI-P (State Trait Anger Expression Inventory – 
Suppression) 

NA 1 

STAXI-S (State Trait Anger Expression Inventory – 
State) 

NA 1 

STAXI-T (State Trait Anger Expression Inventory – 
Trait) 

NA 1 

STRONG-R (Static Risk Offender Need Guide for 
Recidivism) 

Third 2 

SVR-20 (Sexual Violence Risk Scale) Third 9 
TCU-CRTF (Texas Christian University: Correctional 
Treatment Form Initial) 

Second 1 

TCUDS II (Texas Christian University Drug Screen II) Second 1 
TPBQ: ATR (Theory of Planned Behavior Scale: 
Attitude Toward Recidivism) 

NA 1 

TPBQ: INT (Theory of Planned Behavior 
Questionnaire: Intention) 

NA 1 

TPBQ: PBC (Theory of Planned Behavior 
Questionnaire: Perceived Behavior Control) 

NA 1 

TPBQ: SN (Theory of Planned behavior Questionnaire: 
Subjective Norms) 

NA 1 

TPNA (Tennessee Probationer Needs Assessment) Third 1 
TPRA (Tennessee Probationer Risk Assessment) Second 1 
Trailer Scale Fourth 3 
TRAS: CST (Texas Risk Assessment System: 
Community Supervision Tool) 

Fourth 2 

TRAS: MAT (Texas Risk Assessment System: 
Misdemeanor Tool) 

Fourth 2 

TRRG: SV Gain (Treatment Readiness, Responsivity, 
and Gain Scale: Short Version Gain) 

Fourth 1 

TRRG: SV Read (Treatment, Responsivity, and Gain 
Scale : Short Version Readiness 

Fourth 1 

TRRG: SV Resp (Treatment, Responsivity, and Gain 
Scale: Short Version Responsivity 

Fourth 1 

TTV-ARE (Two-tiered Violence Risk Estimate Scale - 
Actuarial Risk Estimates) 

Second 2 

TTV-RMI (Two-tiered Violence Risk Estimates Scale - 
Risk Management Indicators) 

Fourth 2 

UCLA Loneliness Scale NA 2 
VASOR (Vermont Assessment of Sex Offender Risk) Third 1 
VRAG (Violence Risk Appraisal Guide) Second 24 
VRAG-R Violence Risk Appraisal Guide – Revised) Second 1 
VRS (Violence Risk Scale) Fourth 3 
VRS: SO (Violence Risk Scale: Sex Offender Version) Fourth 6 
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VRS: SO-SD (Violence Risk Scale: Sex Offender 
Version-Sexual Deviance) 

Fourth 1 

VRS:SO PRE (Violence Risk Scale: Sex Offender 
Version Pretreatment) 

Fourth 1 

VSC (McNeil Binder Violence Screening Checklist) Second 2 
VSIR (Violence Statistical Information on Recidivism 
Scale) 

Second 1 

Washington DOC Static Risk Assessment Second 3 
Washington End of Sentence Review < 1997 Second 1 
Washington Sex Offender Risk Classification Tool Second 2 
WRNA Total Need (Wisconsin Risk Needs 
Assessment) 

Third 4 

WRNA Total Risk (Wisconsin Risk Needs Assessment) Second 1 
WSFQ-E (Wilson Sexual Fantasy Questionnaire - 
Exploration) 

NA 1 

WSFQ-Im (Wilson Sexual Fantasy Questionnaire - 
Impersonal) 

NA 1 

WSFQ-In (Wilson Sexual Fantasy Questionnaire - 
Intimacy) 

NA 1 

WSFQ-S (Wilson Sexual Fantasy Questionnaire – 
Sadomasochism) 

NA 1 
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Appendix C: Detailed Description of Samples for Included Studies  

Table C1   
 
Description of Samples for Studies Included in the Meta-Analysis (Outliers Highlighted in Grey) 
 

ID Study ES # N Ethnicity Gender Client Type Assessment Tool Recidivism Type r 
1 Austin et al. 

(2003) 
1 1006 -- Male General  LSI, LSI-R Any Official10 .09 

2 Abbiati et al. 
(2017) 

2 94 -- Male Forensic SAPROF Total Conviction .25 

  3 94 -- Male Forensic SAPROF 
Final Protection 
Judgment 

Conviction .33 

  4 94 -- Male Forensic HCR-20 Conviction .41 
  5 94 -- Male Forensic HCR-20 FRJ 

Final Risk Judgment 
Conviction .35 

  6 94 -- Male Forensic SAPROF-HCR20 
Total Integrated Risk 

Conviction .38 

  7 94 -- Male Forensic SAPROF HCR-20 
Final Integrated Risk 
Judgment 

Conviction .36 

  8 94 -- Male Forensic VRAG Conviction .51 
3 Abracen et al. 

(2014) 
9 136 -- Male General  SIR-R1 Any Official -.26 

4 Allan et al. 
(2007) 

10 474 Caucasian Male Sexual  Social Inadequacy Conviction .11 

  11 471 Caucasian Male Sexual  Sexual Interests Conviction .23 
  12 427 Caucasian Male Sexual  Anger Hostility Conviction .19 

 
10 ‘Any Official’ recidivism study outcomes which included any of the following: Probation/Parole Violation; Arrest; Conviction; or Incarceration. 



PREDICTING GENERAL RECIDIVISM       
 

 

225 

ID Study ES # N Ethnicity Gender Client Type Assessment Tool Recidivism Type r 
  13 471 Caucasian Male Sexual  Pro-offending attitude Conviction .16 
  14 478 Caucasian Male Sexual  Overall Deviance Conviction .23 
  15 495 Caucasian Male Sexual  Static-99 Conviction .25 
5 Babchishin et al. 

(2016) 
16 258 -- Male Sexual  BARR 2002 Arrest; 

Conviction 
.45 

  17 185 -- Male Sexual  LS/CMI Arrest; 
Conviction 

.31 

  18 140 -- Male Sexual  SIR-R1 Arrest; 
Conviction 

.43 

6 Barbaree (2005) 19 212 -- Male Sexual  PCL-R Unspecified .26 
7 Barbaree et al. 

(2001) 
20 215 -- Male Sexual  VRAG Unspecified .45 

  21 215 -- Male Sexual  SORAG Unspecified .47 
  22 215 -- Male Sexual  RRASOR Unspecified .14 
  23 215 -- Male Sexual  Static-99 Unspecified .34 
  24 150 -- Male Sexual  MnSOST-R Unspecified .25 
  25 215 -- Male Sexual  MASORR-Pre Unspecified .18 
  26 169 -- Male Sexual  MASORR-Post Unspecified .12 
8 Barber-Rioja et 

al. (2012) 
27 131 Mixed Mixed Forensic HCR-20 Incarceration .36 

  28 131 Mixed Mixed Forensic PCL:SV Incarceration .32 
9 Barnoski & Aos 

(2003) 
29 22533 -- Male General  LSI, LSI-R Unspecified .29 

10 Bartosh et al. 
(2003) 

30 186 Mixed Male Sexual  Static-99 Arrest .12 

  31 186 Mixed Male Sexual  RRASOR Arrest .12 
  32 186 Mixed Male Sexual  MnSOST-R Arrest .14 
  33 186 Mixed Male Sexual  SORAG Arrest .16 
11 Beggs & Grace 

(2008) 
34 216 Mixed Male Sexual  PCL-R Conviction .34 
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ID Study ES # N Ethnicity Gender Client Type Assessment Tool Recidivism Type r 
  35 216 Mixed Male Sexual  Static-99 Conviction .16 
12 Beggs & Grace 

(2010) 
36 218 Caucasian Male Sexual  VRS:SO PRE Unspecified .27 

  37 218 Caucasian Male Sexual  VRS:SO POST Unspecified .25 
13 Blanchette 

(2005) 
38 154 Mixed Female General  SRSW  Conviction .26 

  39 154 Mixed Female General  SRSW3  Conviction .30 
14 Blomberg et al. 

(2010) 
40 2518 Mixed Male General  COMPAS Arrest .29 

15 Blum (2003) 41 53 Mixed Male Forensic PCL:SV Unspecified .18 
  42 53 Mixed Male Forensic HCR-20 Unspecified .30 
16 Boccaccini et al. 

(2009) 
43 1928 Mixed Male Sexual  Static-99 Unspecified .09 

  44 1572 Mixed Male Sexual  MnSOST-R Unspecified .10 
17 Boccaccini et al. 

(2010) 
45 1492 Mixed Male Sexual  PAI-ANT Arrest .14 

  46 1492 Mixed Male Sexual  PAI-AGG Arrest .13 
  47 1492 Mixed Male Sexual  PAI-DOM Arrest .08 
  48 1492 Mixed Male Sexual  PAI-VPI Arrest .12 
18 Bonta & Yessine 

(2005) 
49 159 Mixed Male Violent  SIR-R1 Conviction .53 

  50 48 Mixed Male Violent  VRAG Conviction .05 
  51 235 Mixed Male Violent  LSI:SV Conviction .21 
  52 154 Mixed Male Violent  Static-99 Conviction .23 
19 Barnoski & 

Drake (2007) 
53 51648 -- Mixed General Washington DOC 

Static Risk Assessment 
Conviction .42 

20 Barnoski (2006a) 54 147303 -- -- General Washington DOC 
Static Risk Assessment 

Conviction .38 

  55 10256 -- -- Sexual  Washington DOC 
Static Risk Assessment 

Conviction .46 



PREDICTING GENERAL RECIDIVISM       
 

 

227 

ID Study ES # N Ethnicity Gender Client Type Assessment Tool Recidivism Type r 
21 Barnoski (2006b) 56 684 -- -- Sexual  Washington Sex 

Offender Risk 
Classification Tool 

Conviction .00 

22 Barnoski (2005) 57 4445 -- -- Sexual  Washington End of 
Sentence Review  

Conviction .04 

  58 1304 -- -- Sexual  Washington Sex 
Offender Risk 
Classification Tool 

Conviction .03 

23 Arnold (2007) 59 3190 Caucasian Male General LSI, LSI-R Any Official .27 
24 Barnum & 

Gobeil (2012) 
60 12845 Caucasian Male General SIR-R1 Any Official .36 

  61 11441 Caucasian Male General SIR Proxy Any Official .33 
  62 2560 Indigenous Male General SIR Proxy Any Official .23 
  63 666 Caucasian Female General SIR Proxy Any Official .41 
  64 246 Indigenous Female General SIR Proxy Any Official .26 
25 Brennan et al. 

(2009) 
65 449 Mixed Female General COMPAS Arrest .33 

  66 1879 Mixed Male General COMPAS Arrest .30 
26 Brews (2009) 67 296 Indigenous Female General LSI, LSI-R Conviction .41 
  68 212 Black Female General LSI, LSI-R Conviction .52 
  69 1743 Caucasian Female General LSI, LSI-R Conviction .43 
  70 164 -- Female General LSI, LSI-R Conviction .33 
27 Livingston et al. 

(2015) 
71 250 Mixed Male Forensic LSI, LSI-R Arrest .20 

  72 250 Mixed Male Forensic START 
(Vulnerability) 

Arrest .27 

  73 250 Mixed Male Forensic HCR-20 Arrest .34 
  74 250 Mixed Male Forensic LSI, LSI-R Arrest .20 
  75 250 Mixed Male Forensic VRAG Arrest .12 
  76 250 Mixed Male Forensic CANFOR-S Problem Arrest .24 
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28 Brouillette-

Alarie & Proulx 
(2013) 

77 204 -- Male Sexual Static 99-R Arrest; 
Conviction 

.41 

29 Brown et al. 
(2009) 

78 136 Mixed Male General SIR-R1 Any Official .48 

30 Brown (2002) 79 136 Mixed Male General CATS-SR Any Official .26 
  80 136 Mixed Male General PCL-R Any Official .42 
31 Bhutta & 

Wormith (2016) 
81 506 Mixed Male General LSI, LSI-R Any Official .54 

  82 506 Mixed Male General Muslim Religiosity 
Personality Inventory 

Any Official .15 

32 Buttars et al. 
(2015) 

83 1437 Caucasian Male Sexual ISORA8  Any Official .11 

  84 1437 Caucasian Male Sexual LSI, LSI-R Any Official .33 
  85 1437 Caucasian Male Sexual Static 99-R Any Official .22 
33 Canales et al. 

(2014) 
86 99 Caucasian Male Forensic LS/CMI Gen 

Risk/Need 
Any Official .53 

  87 39 Caucasian Female Forensic LS/CMI Gen 
Risk/Need 

Any Official .30 

  88 99 Caucasian Male Forensic LS/CMI Specific 
Needs 

Any Official .19 

  89 39 Caucasian Female Forensic LS/CMI Specific 
Needs 

Any Official .05 

34 Caperton (2005) 90 109 Black Male Sexual Static-99 Any Official .05 
  91 71 Black Male Sexual MnSOST-R Any Official .25 
  92 122 Hispanic Male Sexual Static-99 Any Official .16 
  93 90 Hispanic Male Sexual MnSOST-R Any Official .14 
  94 167 Caucasian Male Sexual Static-99 Any Official .14 
  95 119 Caucasian Male Sexual MnSOST-R Any Official .14 
  96 398 Mixed Male Sexual PCL-R Any Official .04 
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ID Study ES # N Ethnicity Gender Client Type Assessment Tool Recidivism Type r 
35 Caudy et al. 

(2013) 
97 22563 Mixed Male General LSI, LSI-R Any Official .23 

  98 2409 Mixed Mixed General LSI, LSI-R Conviction .15 
36 Caudy et al. 

(2015) 
99 226 Mixed Mixed General TCU-CTS  Arrest; Self-

report  
.08 

  100 226 Mixed Mixed General TCUDS II  Arrest; Self-
report  

.12 

  101 337 Mixed Mixed General TCU-CCS  Arrest; Self-
report  

.18 

  102 337 Mixed Mixed General TCU-CRTF  Arrest; Self-
report  

.22 

37 Craig et al. 
(2004) 

103 121 -- Male Mixed MMPI-Lie Any Official .19 

  104 121 -- Male Mixed SHAPS-Anx  Any Official .24 
  105 121 -- Male Mixed MMPI-Extraversion Any Official .30 
  106 121 -- Male Mixed SHAPS-Hostility Any Official .27 
  107 121 -- Male Mixed SHAPS-Introversion Any Official .19 
  108 121 -- Male Mixed SHAPS-Depression Any Official .24 
  109 121 -- Male Mixed SHAPS-Tension Any Official .21 
  110 121 -- Male Mixed MMPI - PD Any Official .28 
  111 121 -- Male Mixed SHAPS-Impulsive Any Official .33 
  112 121 -- Male Mixed SHAPS-Agg Any Official .33 
  113 121 -- Male Mixed Static-99 Any Official .28 
  114 121 -- Male Mixed Risk Matrix 2000 

Violence 
Any Official .34 

  115 121 -- Male Mixed Risk Matrix 2000 Sex Any Official .31 
38 Coid et al. 

(2007) 
116 1396 Mixed Male Mixed OGRS-2 Conviction .46 

  117 1396 Mixed Male Mixed VRAG Conviction .38 
  118 1396 Mixed Male Mixed HCR-20 Conviction .23 
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  119 1396 Mixed Male Mixed PCL-R Conviction .26 
  120 1396 Mixed Male Mixed Risk Matrix 2000 

Violence 
Conviction .37 

39 Coid et al. 
(2009) 

121 321 Caucasian Female Mixed OGRS-2 Conviction .31 

  122 321 Caucasian Female Mixed VRAG Conviction .28 
  123 321 Caucasian Female Mixed Risk Matrix 2000 

Violence 
Conviction .21 

  124 321 Caucasian Female Mixed PCL-R Conviction .30 
  125 321 Caucasian Female Mixed HCR-20 Conviction .30 
40 Cortoni & Nunes 

(2007) 
126 347 Mixed Male Mixed Static-99 Any Official .46 

41 Craig et al. 
(2004) 

127 131 -- Male 6 Mixed SVR-20 Conviction .18 

42 Craig et al. 
(2006) 

128 131 -- Male 6 Mixed Static-99 Conviction .14 

  129 131 -- Male 6 Mixed Risk Matrix 2000 Sex Conviction .23 
  130 131 -- Male 6 Mixed Risk Matrix 2000 

Violence 
Conviction .38 

43 Craissati & 
Beech (2005) 

131 235 -- Male Sexual RM2000 Any Official .35 

  132 235 -- Male Sexual Static-99 Any Official .37 
44 Craissati & 

Blundell (2013) 
133 72 -- Male Forensic Static-99 Any Official .38 

  134 72 -- Male Forensic Stable 2007 Any Official .21 
45 Daffern et al. 

(2013) 
135 28 Caucasian Male Forensic PCL-R Conviction .48 

46 Dahle (2006) 136 307 -- -- General LSI, LSI-R Incarceration .29 
  137 307 -- -- General HCR-20 Incarceration .31 
  138 307 -- -- General PCL-R Incarceration .34 
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47 Davidson (2007) 139 1504 Mixed Male General LSI, LSI-R Any Official .27 
  140 368 Mixed Female General LSI, LSI-R Any Official .26 
48 Davidson (2012) 141 2843 Mixed Mixed General BOP - Iowa - Risk 

Assessment Instrument 
Any Official .21 

  142 2438 Mixed Mixed General LSI, LSI-R Any Official .24 
49 deVogel, de 

Ruiter, 
Hildebrand, et al. 
(2004) 

143 119 Caucasian Male Forensic HCR-20 Conviction .35 

  144 119 Caucasian Male Forensic HCR-20 Conviction .30 
  145 119 Caucasian Male Forensic PCL-R Conviction .43 
50 Dekhtyar et al. 

(2012) 
146 45 -- Mixed General Hope - The Hope 

Scale 
Incarceration .33 

51 de Vogel, de 
Ruiter, van Beek,  
et al. (2004) 

147 89 Caucasian Male Sexual SVR-20 Conviction .36 

  148 89 Caucasian Male Sexual SVR-20 Conviction .33 
  149 89 Caucasian Male Sexual Static-99 Conviction .12 
52 Dickson et al. 

(2013) 
150 49 Mixed Male Violent RoC*RoI  Conviction .34 

  151 49 Mixed Male Violent PCL:SV Conviction .36 
  152 49 Mixed Male Violent VRS Conviction .42 
53 Dowdy et al. 

(2002) 
153 127 Mixed Male General LSI, LSI-R Arrest .14 

54 Ducro & Pham 
(2006) 

154 147 -- Male Sexual SORAG Any Official .30 

  155 147 -- Male Sexual Static-99 Any Official .32 
55 Eher et al.  

(2008) 
156 275 -- -- Sexual Static-99 Unspecified .35 

  157 275 -- -- Sexual SORAG Unspecified .46 
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56 Eher et al. (2010) 158 127 -- Male Sexual Static-99 Conviction .36 
  159 127 -- Male Sexual Stable 2007 Conviction .30 
57 Eher et al.  

(2012) 
160 250 Caucasian Male Sexual SORAG Conviction .46 

  161 257 Caucasian Male Sexual Static-99 Conviction .36 
  162 262 Caucasian Male Sexual STABLE 2000 Conviction .09 
  163 256 Caucasian Male Sexual Stable 2007 Conviction .31 
58 Eisenbarth et al. 

(2012) 
164 80 -- Female General PCL-R Arrest; 

Conviction 
.28 

  165 80 -- Female General VRAG Arrest; 
Conviction 

.38 

  166 80 -- Female General HCR-20 Arrest; 
Conviction 

.16 

59 Eisenberg et al. 
(2009) 

167 42583 Mixed Mixed General DOC-502 Wisconsin Arrest; 
Conviction 

.18 

60 Eke, Seto et al. 
(2011) 

168 541 -- Male Sexual Cormier-Lang NV Arrest; 
Conviction 

.20 

  169 541 -- Male Sexual Cormier-Lang V Arrest; 
Conviction 

.19 

61 Eke, Hilton et al.  
(2011) 

170 60 -- Male Stalking Cormier Lang All 
History 

Any Official .28 

62 English et al. 
(2002) 

171 494 -- Male Sexual Colorado Sex Offender 
Risk Scale 

Any Official .23 

63 Evans (2009) 172 63 Caucasian Mixed General LSI, LSI-R Arrest .41 
64 Farabee et al. 

(2010) 
173 21187 Mixed Male General COMPAS Risk Arrest .32 

  174 22153 Mixed Male General COMPAS Violence Arrest .28 
  175 2618 Mixed Female General COMPAS Risk Arrest .32 
  176 2856 Mixed Female General COMPAS Violence Arrest .28 
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65 Farabee & Zhang 

(2007)1 
177 515 -- -- General COMPAS Violence Incarceration .05 

  178 515 -- -- General COMPAS Risk Incarceration .27 
66 Fass et al. (2008) 179 133 Caucasian Male General LSI, LSI-R Arrest .09 
  180 696 Black Male General LSI, LSI-R Arrest .19 
  181 146 Hispanic Male General LSI, LSI-R Arrest .07 
  182 133 Caucasian Male General COMPAS Risk Arrest .53 
  183 696 Black Male General COMPAS Risk Arrest .04 
  184 146 Hispanic Male General COMPAS Risk Arrest .30 
67 Fazel et al. 

(2016) 
185 37100 Mixed Male General OxRec  Any Official .45 

  186 10226 Mixed Male General OxRec  Any Official .45 
68 Ferguson et al. 

(2009) 
187 208 -- Mixed Forensic LSI:SV Unspecified .30 

69 Firestone et al. 
(2000) 

188 180 -- Male Sexual BDHI Any Official .21 

  189 105 -- Male Sexual Abel Cognition Scale  Any Official .26 
  190 171 -- Male Sexual PCL-R Any Official .41 
70 Fitzgerald et al. 

(2011) 
191 85 Caucasian Male Intellectual 

Disability 
OGRS-2 Conviction .67 

71 Flores, 
Lowenkamp, 
Smith, et al. 
(2006) 

192 2107 Mixed Mixed General LSI, LSI-R Incarceration .28 

72 Flores, 
Lowenkamp, 
Holsinger, et al. 
(2006) 

193 1654 Mixed Male General LSI, LSI-R Incarceration .17 

  194 376 Mixed Female General LSI, LSI-R Incarceration .25 
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73 Flores et al. 

(2017) 
195 27156 Mixed Mixed General PCRA  Arrest .43 

74 Folino (2015) 196 153 Hispanic Male General PCL-R Any (Official and 
Self-report) 

.17 

  197 153 Hispanic Male General HCR-20 Any (Official and 
Self-report) 

.16 

  198 153 Hispanic Male General VRAG Any (Official and 
Self-report) 

.24 

  199 153 Hispanic Male General HCR-20 Any (Official and 
Self-report) 

.20 

75 Folsom & 
Atkinson (2007) 

200 85 Mixed Female General LSI-R:SP Conviction .30 

  201 85 Mixed Female General CATS-SR Conviction .27 
76 Giguère & 

Lussier (2016) 
202 7085 -- Male General LS/CMI Gen 

Risk/Need 
Conviction .43 

  203 10566 -- Male General LS/CMI Gen 
Risk/Need 

Conviction .41 

77 Girard & 
Wormith (2004)1 

204 630 Caucasian Male General LS/CMI Gen 
Risk/Need 

Conviction .39 

  205 630 Caucasian Male General LS/CMI Specific 
Needs 

Conviction .22 

78 Glover et al. 
(2002) 

206 106 -- Male General GSIR-R Unspecified .39 

  207 106 -- Male General VRAG Unspecified .38 
  208 106 -- Male General VSIR Unspecified .21 
  209 106 -- Male General PRSF  Unspecified .12 
  210 106 -- Male General CAT Unspecified .19 
  211 106 -- Male General PCL-R Unspecified .22 
  212 106 -- Male General ASPD-S  Unspecified .15 
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79 Glover et al. 

(2017) 
213 120 Mixed Male General VRAG-R Conviction .26 

  214 120 Mixed Male General TTV-ARE  Conviction .21 
  215 120 Mixed Male General TTV-RMI  Conviction .21 
80 Gonsalves et al. 

(2009) 
216 117 Caucasian Male Forensic PCL-R Arrest; 

Conviction 
.26 

  217 117 Caucasian Male Forensic PICTS Arrest; 
Conviction 

.35 

81 Gordon et al. 
(2015) 

218 302 -- Male General LS/CMI Gen 
Risk/Need 

Any Official .17 

82 Grady et al. 
(2012) 

219 2869 Mixed Male Sexual Static-99 Arrest; 
Conviction 

.27 

83 Grann et al. 
(2004) 

220 74 -- -- Forensic SORM  Unspecified .30 

  221 74 -- -- Forensic HCR-20 Unspecified .04 
  222 74 -- -- Forensic PCL-R Unspecified .12 
84 Gray et al. 

(2007) 
223 84 -- Male Intellectual 

Disability 
VRAG Conviction .41 

  224 100 -- Male Intellectual 
Disability 

PCL:SV Conviction .45 

  225 107 -- Male Intellectual 
Disability 

HCR-20 Conviction .53 

  226 320 -- Male Forensic VRAG Conviction .40 
  227 566 -- Male Forensic PCL:SV Conviction .35 
  228 671 -- Male Forensic HCR-20 Conviction .31 
85 Gray et al. 

(2008) 
229 660 Mixed Male Forensic HCR-20 Any Official .33 

86 Gray et al. 
(2004) 

230 315 Caucasian Male Forensic PCL:SV Arrest; 
Conviction 

.28 
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  231 315 Caucasian Male Forensic HCR-20 Arrest; 

Conviction 
.19 

  232 315 Caucasian Male Forensic OGRS-2 Arrest; 
Conviction 

.53 

87 Rabinowitz-
Greenberg et al. 
(2002) 

233 209 Caucasian Male Sexual BDHI Arrest; 
Conviction 

.18 

  234 190 Caucasian Male Sexual PCL-R Arrest; 
Conviction 

.36 

88 Guay (2012) 235 172 -- Male General LS/CMI Gen 
Risk/Need 

Conviction .33 

  236 172 -- Male General LS/CMI Specific 
Needs 

Conviction .16 

89 Hamilton et al. 
(2016) 

237 35195 -- Male General STRONG-R  Conviction .38 

  238 8815 -- Female General STRONG-R  Conviction .38 
90 Hanson, Harris, 

et al. (2007) 
239 972 Mixed Male Sexual Static-99 Any Official .33 

  240 799 Mixed Male Sexual STABLE 2000 Any Official .30 
  241 792 Mixed Male Sexual Stable 2007 Any Official .33 
91 Hanson et al. 

(2010) 
242 299 -- Male Sexual Static-99 Conviction .38 

  243 299 -- Male Sexual Static 2002 Conviction .48 
  244 487 -- Male Sexual Static-99 Any Official .23 
  245 487 -- Male Sexual Static 2002 Any Official .31 
  246 354 -- Male Sexual Static-99 Conviction .23 
  247 354 -- Male Sexual Static 2002 Conviction .31 
  248 485 Caucasian Male Sexual Static-99 Any Official .16 
  249 485 Caucasian Male Sexual Static 2002 Any Official .25 
  250 311 -- Male Sexual Static-99 Any Official .23 
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  251 311 -- Male Sexual Static 2002 Any Official .30 
  252 702 Mixed Male Sexual Static 2002 Any Official .45 
  253 198 -- Male Sexual Static-99 Conviction .40 
  254 198 -- Male Sexual Static 2002 Conviction .45 
92 Hanson et al. 

(2015) 
255 764 -- Male Sexual Static 99-R Any Official .41 

  256 710 -- Male Sexual Static 2002-R Any Official .45 
93 Hanson & 

Wallace-Capretta 
(2004) 

257 282 -- Male Domestic 
Violence 

LSI-R:SP Any Official .40 

94 Hastings et al. 
(2011) 

258 207 Mixed Male General VRAG Self-Report .39 

  259 83 Mixed Female General VRAG Self-Report .27 
95 Helmus et al. 

(2015) 
260 700 -- Male Sexual RM2000 Any Official .40 

96 Helmus & 
Forrester (2017) 

261 8767 -- Male General SFA  Any Official .18 

97 Henderson et al. 
(2007) 

262 159 Mixed Male General WRNA Total Risk  Arrest .19 

  263 159 Mixed Male General WRNA Total Need  Arrest .17 
98 Hendry et al. 

(2013) 
264 1154 Mixed Male General PAI-ANT Arrest .03 

  265 1154 Mixed Male General PAI-AGG Arrest .04 
99 Hickey et al. 

(2009) 
266 719 Mixed Male Forensic MSRAG  Conviction .66 

  267 216 Mixed Male Forensic MSRAG  Conviction .64 
100 Hildebrand et al. 

(2004) 
268 94 Caucasian Male Sexual PCL-R Conviction .41 

101 Hildebrand et al. 
(2013) 

269 14363 -- Male General RISc  Any Official .35 
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102 Hill et al. (2012) 270 90 -- Male Sexual PCL-R Conviction .05 
  271 90 -- Male Sexual HCR-15 Conviction .02 
  272 90 -- Male Sexual SVR-20 Conviction .07 
  273 90 -- Male Sexual Static-99 Conviction .07 
103 Hilton et al. 

(2010) 
274 150 Mixed Male Domestic 

Violence 
ODARA Any Official .32 

  275 140 Mixed Male Domestic 
Violence 

LSI, LSI-R Any Official .34 

104 Hilton et al. 
(2014) 

276 30 Mixed Female Domestic 
Violence 

ODARA Any Official .18 

105 Hilton & Eke 
(2016) 

277 93 -- Male Domestic 
Violence 

ODARA Any Official .43 

106 Hiscoke et al. 
(2003) 

278 168 Caucasian Male Forensic DIP-Q Paranoid  Conviction .04 

  279 168 Caucasian Male Forensic DIP-Q  Schizoid Conviction .08 
  280 168 Caucasian Male Forensic DIP-Q Schizotypal Conviction .16 
  281 168 Caucasian Male Forensic DIP-Q APD Conviction .40 
  282 168 Caucasian Male Forensic DIP-Q Borderline Conviction .10 
  283 168 Caucasian Male Forensic DIP-Q Histrionic Conviction .20 
  284 168 Caucasian Male Forensic DIP-Q Narcissistic Conviction .23 
  285 168 Caucasian Male Forensic DIP-Q Avoidant Conviction .02 
  286 168 Caucasian Male Forensic DIP-Q Dependent Conviction .08 
  287 168 Caucasian Male Forensic DIP-Q OCD Conviction .02 
107 Ho et al. (2009) 288 96 -- Male Forensic PCL:SV Arrest; 

Conviction 
.03 

  289 96 -- Male Forensic H-10 HCR-History 
only 

Arrest; 
Conviction 

.02 

  290 96 -- Male Forensic VRAG Arrest; 
Conviction 

.16 
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108 Hogg (2011) 291 1274 Indigenous Male General LS/CMI Gen 

Risk/Need 
Conviction .38 

  292 1622 Black Male General LS/CMI Gen 
Risk/Need 

Conviction .41 

  293 12951 Caucasian Male General LS/CMI Gen 
Risk/Need 

Conviction .41 

  294 2344 Other Male General LS/CMI Gen 
Risk/Need 

Conviction .37 

  295 3425 -- Male General LS/CMI Gen 
Risk/Need 

Conviction .25 

  296 1274 Indigenous Male General LS/CMI Specific 
Needs 

Conviction .30 

  297 1622 Black Male General LS/CMI Specific 
Needs 

Conviction .27 

  298 12951 Caucasian Male General LS/CMI Specific 
Needs 

Conviction .30 

  299 2344 Other Male General LS/CMI Specific 
Needs 

Conviction .20 

  300 3425 -- Male General LS/CMI Specific 
Needs 

Conviction .17 

  301 418 Indigenous Female General LS/CMI Gen 
Risk/Need 

Conviction .31 

  302 296 Black Female General LS/CMI Gen 
Risk/Need 

Conviction .42 

  303 2695 Caucasian Female General LS/CMI Gen 
Risk/Need 

Conviction .43 

  304 353 Other Female General LS/CMI Gen 
Risk/Need 

Conviction .31 

  305 1072 -- Female General LS/CMI Gen 
Risk/Need 

Conviction .26 
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  306 418 Indigenous Female General LS/CMI Specific 

Needs 
Conviction .21 

  307 296 Black Female General LS/CMI Specific 
Needs 

Conviction .29 

  308 2695 Caucasian Female General LS/CMI Specific 
Needs 

Conviction .29 

  309 353 Other Female General LS/CMI Specific 
Needs 

Conviction .21 

  310 1072 -- Female General LS/CMI Specific 
Needs 

Conviction .15 

109 Hollin & Palmer 
(2006) 

311 216 -- Male General LSI, LSI-R Conviction .25 

110 Holsinger et al. 
(2004) 

312 49 Mixed Mixed General LSI, LSI-R Arrest; 
Conviction 

.40 

111 Holsinger et al. 
(2006) 

313 162 Caucasian Male General LSI, LSI-R Arrest .22 

  314 101 Caucasian Female General LSI, LSI-R Arrest .26 
  315 100 Indigenous Male General LSI, LSI-R Arrest .19 
  316 40 Indigenous Female General LSI, LSI-R Arrest .13 
112 Holtfreter et al. 

(2004) 
317 134 Mixed Female General LSI, LSI-R Self-repot .16 

113 Howard (2006) 318 757 -- -- General OASys Conviction .45 
  319 757 -- -- General OGRS-2 Conviction .51 
114 Hsu et al. (2009) 320 41474 -- Male General LSI, LSI-R Any Official .18 
  321 9193 -- Female General LSI, LSI-R Any Official .21 
  322 21559 -- Male General LSI, LSI-R Any Official .20 
  323 1969 -- Female General LSI, LSI-R Any Official .23 
  324 3407 -- Male General LSI, LSI-R Any Official .11 
  325 450 -- Female General LSI, LSI-R Any Official .17 
115 Hubbard (2002) 326 446 Mixed Mixed General LSI, LSI-R Arrest .23 
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116 Hye-Sun Kim 

(2010) 
327 4793 Caucasian Male General LSI, LSI-R Incarceration .13 

  328 6524 Black Male General LSI, LSI-R Incarceration .09 
  329 1599 Hispanic Male General LSI, LSI-R Incarceration .10 
117 Jeandarme et al. 

(2017) 
330 203 Caucasian Male Forensic PCL-R Any Official .28 

118 Jones et al.  
(2015) 

331 635 Indigenous Mixed General SPIn Any Official .42 

  332 3021 Caucasian Male General SPIn Any Official .45 
119 Jung (2010) 333 109 Black Male General CBS  Any Official .11 
  334 107 Caucasian Male General CBS  Any Official .02 
120 Jung & Buro 

(2017) 
335 226 Mixed Male Domestic 

Violence 
ODARA 11 Combination 

1-4 
.43 

  336 198 Mixed Male Domestic 
Violence 

SARA Any Official .45 

  337 190 Mixed Male Domestic 
Violence 

FIVR  Any Official .30 

121 Kanters et al. 
(2017) 

338 40 -- Male Sexual SVR-20 Conviction .18 

  339 35 -- Male Sexual SVR-20 Conviction .35 
122 Kelly (2007) 340 830 Mixed Male General RMS-Recidivism Arrest .30 
123 Kelly & Welsh 

(2008) 
342 276 -- Male General LSI, LSI-R Incarceration .25 

124 Kennealy et al. 
(2012) 

343 109 Mixed Male General DRI-OV Total Score  Arrest .31 

125 Kingston, Yates 
et al. (2008) 

344 351 -- Male Sexual Risk Matrix 2000 Sex Any Official .33 

  345 351 -- Male Sexual Risk Matrix 2000 
Violence 

Any Official .41 
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  346 351 -- Male Sexual RM2000 (Combined 

Total) 
Any Official .40 

  347 192 -- Male Sexual Static-99 Any Official .38 
  348 192 -- Male Sexual SORAG Any Official .51 
126 King (2016) 349 67 Mixed Male General LS/CMI Conviction .21 
  350 67 Mixed Male General RNPS  Conviction .02 
127 Kingston, 

Firestone et al. 
(2008) 

351 212 -- Male Sexual MAST  Any Official .33 

  352 277 -- Male Sexual BDHI Any Official .32 
  353 275 -- Male Sexual DSFI  Any Official .06 
  354 200 -- Male Sexual PCL-R Any Official .36 
  355 231 -- Male Sexual Abel Cognition Scale  Any Official .35 
128 Kingston et al. 

(2010) 
356 436 -- Male Sexual SORAG Any Official .43 

129 Kingston et al.  
(2016) 

357 118 Mixed -- Forensic LS/CMI Conviction .35 

  358 109 Mixed -- Forensic BPRS  Conviction .18 
130 Krauss (2004) 359 102 Mixed Male General CHS  Any Official .12 
  360 102 Mixed Male General CHS  Any Official .06 
131 Kroner, 

Stadtland et al. 
(2007) 

361 113 -- Male Forensic VRAG Arrest; 
Conviction 

.35 

132 Kroner, Mills et 
al. (2007) 

362 89 Caucasian Male General LSI, LSI-R Conviction .50 

  363 89 Caucasian Male General SRI Conviction .41 
  364 89 Caucasian Male General GSIR-R Conviction .49 
  365 89 Caucasian Male General PCL-R Interpersonal 

Facet 
Conviction .20 
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133 Kroner et al. 

(2011) 
366 257 Mixed Male General RCS: SNP  Conviction .18 

  367 257 Mixed Male General RCS:IC  Conviction .18 
  368 257 Mixed Male General RCS: SS  Conviction .25 
  369 257 Mixed Male General RCS: RE  Conviction .14 
  370 257 Mixed Male General SIR-R1 Conviction .27 
134 Kroner & Loza 

(2001) 
371 78 Caucasian Male General SAQ  Conviction .52 

  372 78 Caucasian Male General PCL-R Conviction .40 
  373 78 Caucasian Male General GSIR Conviction .47 
  374 78 Caucasian Male General VRAG Conviction .41 
135 Kroner & Mills 

(2001) 
375 87 Mixed Male Violent HCR-20 Conviction .25 

  376 87 Mixed Male Violent VRAG Conviction .28 
  377 87 Mixed Male Violent LCSF  Conviction .22 
136 Kroner et al. 

(2005) 
378 206 Mixed Male General PCL-R Conviction .30 

  379 206 Mixed Male General LSI, LSI-R Conviction .31 
  380 206 Mixed Male General VRAG Conviction .40 
  381 206 Mixed Male General GSIR Conviction .30 
137 Labrecque et al. 

(2014) 
382 828 Mixed Mixed General LSI, LSI-R Any Official .23 

138 Langton et al. 
(2007) 

383 398 -- Male Sexual Static 2002 Conviction .28 

  384 32 -- Male Sexual Static 2002 Conviction .56 
  385 38 -- Male Sexual Static 2002 Conviction .64 
139 Latessa et al. 

(2009) 
386 450 Mixed Mixed General ORAS: PAT  Arrest .23 

  387 672 Mixed Mixed General LSI, LSI-R Arrest .16 
  388 672 Mixed Mixed General WRNA Total Need  Arrest .21 
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  389 513 Mixed Male General ORAS: CST  Arrest .37 
  390 165 Mixed Female General ORAS: CST  Arrest .30 
  391 513 Mixed Male General ORAS: CSST  Arrest .36 
  392 165 Mixed Female General ORAS: CSST  Arrest .37 
  393 423 Mixed Mixed General LSI, LSI-R Arrest .14 
  394 423 Mixed Mixed General WRNA Total Need  Arrest .19 
  395 267 Mixed Male General ORAS: PIT  Arrest .32 
  396 156 Mixed Female General ORAS: PIT  Arrest .35 
  397 423 Mixed Mixed General LSI, LSI-R Arrest .11 
  398 423 Mixed Mixed General WRNA Total Need  Arrest .08 
  399 212 Mixed Male General ORAS: RT  Arrest .30 
  400 65 Mixed Female General ORAS: RT  Arrest .44 
140 Latessa et al. 

(2013) 
401 390 Caucasian Male General IRAS: CST  Arrest .29 

  402 236 Caucasian Female General IRAS: CST  Arrest .12 
  403 213 Caucasian Male General IRAS: RT  Arrest .21 
  404 156 Caucasian Female General IRAS: RT  Arrest .18 
141 Latessa et al. 

(2014) 
405 1722 Caucasian Mixed General ORAS: CST (Ohio 

Risk Assessment 
System: Community 
Supervision Tool) 

Arrest .20 

  406 1284 Caucasian Male General ORAS: MAT  Arrest .23 
  407 438 Caucasian Female General ORAS: MAT  Arrest .18 
  408 1722 Caucasian Mixed General ORAS: MST  Arrest .23 
  409 438 Caucasian Male General ORAS: MST + H  Arrest .21 
  410 1722 Caucasian Female General ORAS: MST + H  Arrest .18 
142 Laurrel & 

Daderman 
(2005) 

411 33 -- Male Violent PCL-R Any Official .32 

143 Lee (2007) 412 125 Mixed Male General TPBQ: ATR  Arrest .20 
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  413 125 Mixed Male General TPBQ: SN  Arrest .07 
  414 125 Mixed Male General TPBQ: PBC  Arrest .11 
  415 125 Mixed Male General  Arrest .26 
144 Lehmann et al. 

(2013)1 
416 940 Mixed Male Sexual RRASOR Any Official .14 

  417 940 Mixed Male Sexual Static 99-R Any Official .31 
  418 940 Mixed Male Sexual Static 2002-R Any Official .30 
145 Lovell et al. 

(2005) 
419 100 Mixed Male Forensic LSI, LSI-R Conviction .19 

146 Lovins & May 
(n.d.) 

420 3840 Mixed Male General TRAS: CST  Arrest .29 

  421 1642 Mixed Female General TRAS: CST  Arrest .26 
  422 1253 Mixed Male General TRAS: MAT  Arrest .31 
  423 660 Mixed Female General TRAS: MAT  Arrest .24 
147 Lovins et al. 

(2007) 
424 906 Mixed Female General SFS  Arrest .30 

148 Lowenkamp & 
Latessa (2004) 

425 278 -- Male General LSI, LSI-R Any Official .17 

  426 111 -- Female General LSI, LSI-R Any Official .24 
149 Lowenkamp & 

Bechtel (2007) 
427 892 Caucasian Male General LSI, LSI-R Arrest .25 

  428 253 Caucasian Female General LSI, LSI-R Arrest .21 
150 Lowenkamp et 

al. (2001) 
429 317 Caucasian Male General LSI, LSI-R Incarceration .22 

  430 125 Caucasian Female General LSI, LSI-R Incarceration .37 
151 Lowenkamp et 

al. (2008) 
431 342 Caucasian Male General Pretrial Screening Tool Arrest; 

Conviction 
.22 

152 Lowenkamp et 
al. (2009) 

432 369 -- Male General LSI, LSI-R Arrest .37 

  433 114 -- Female General LSI, LSI-R Arrest .34 
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  434 369 -- Male General LSI:SV Arrest .29 
  435 114 -- Female General LSI:SV Arrest .22 
153 Lowenkamp et 

al. (2012) 
436 51428 -- -- General PCRA Arrest .36 

  437 51643 -- -- General PCRA Arrest .36 
  438 1755 -- -- General PCRA Arrest .44 
  439 356 -- -- General PCRA Arrest .44 
154 Lowenkamp et 

al. (2015) 
440 26380 Mixed Male General PCRA Arrest .32 

155 Lowenkamp & 
Latessa (2002a) 

441 382 -- Male General LSI, LSI-R Arrest .37 

  442 118 -- Female General LSI, LSI-R Arrest .34 
156 Lowenkamp & 

Latessa (2002b) 
443 273 Mixed Male General LSI, LSI-R Arrest .20 

  444 130 Mixed Female General LSI, LSI-R Arrest .16 
157 Loza, MacTavish 

et al. (2007) 
445 657 Mixed Male General SAQ  Incarceration .38 

158 Loza & Green 
(2003) 

446 91 Caucasian Male General GSIR Incarceration .40 

  447 91 Caucasian Male General LSI, LSI-R Incarceration .43 
  448 91 Caucasian Male General PCL-R Incarceration .28 
  449 91 Caucasian Male General SAQ  Incarceration .47 
  450 91 Caucasian Male General VRAG Incarceration .34 
159 Loza & Loza-

Fanous (2000) 
451 153 -- Male General SAQ  Any Official .53 

160 Loza et al. 
(2005) 

452 183 -- Female General SAQ  Conviction; 
Incarceration 

.24 

161 Loza et al. 
(2002) 

453 124 Caucasian -- General VRAG Any Official .22 
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162 Lussier et al. 

(2010) 
454 58 Mixed Male Sexual Static-99 Any Official .17 

  455 58 Mixed Male Sexual STABLE 2000 Any Official .29 
163 Lussier & 

Healey (2009) 
456 553 -- Male Sexual Static-99 Any Official .21 

164 Makarios & 
Latessa (2013) 

457 262 Mixed Female General CMI  Arrest .35 

  458 152 Mixed Female General CMI  Arrest .38 
  459 262 Mixed Male General CMSI  Arrest .28 
  460 152 Mixed Female General CMSI  Arrest .27 
  461 262 Mixed Male General CT  Arrest .08 
  462 152 Mixed Female General CT  Arrest .18 
165 Malouf et al. 

(2014) 
463 311 Mixed Male General BSCS  Any Official .12 

166 Manchak et al. 
(2008) 

464 844 Mixed Male General LSI, LSI-R Conviction .28 

167 Manchak et al. 
(2009) 

465 56 Mixed Female Violent LSI, LSI-R Conviction .34 

168 Martens et al. 
(2017) 

466 452 -- Male Sexual Static-99 Arrest; 
Conviction 

.38 

  467 452 -- Male Sexual Static 2002 Arrest; 
Conviction 

.43 

169 McCoy (2015) 468 244 Mixed Female Sexual LSI, LSI-R Arrest .06 
  469 244 Mixed Female Sexual PCL-R Arrest .10 
170 McGinnis (2015) 470 105 Caucasian Female Sexual ISORA  Conviction .35 
171 McGrath et al. 

(2011) 
471 759 Caucasian Male Sexual Static-99R Incarceration .28 

  472 759 Caucasian Male Sexual Static 2002-R Incarceration .28 
  473 759 Caucasian Male Sexual VASOR  Incarceration .30 
  474 465 Caucasian Male Sexual SoTIPS Incarceration .41 
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172 Miller (2015) 475 89 Mixed Male Sexual IORNS Arrest; 

Conviction 
.46 

173 Mills et al. 
(2005) 

476 209 Mixed Male Violent LSI, LSI-R Any Official .39 

174 Mills & Gray 
(2013) 

477 78 Caucasian -- Violent TTV-ARE  Conviction .40 

  478 78 Caucasian -- Violent TTV-RMI  Conviction .43 
175 Mills & Kroner 

(2006) 
479 209 Mixed Male Violent PCL-R Any Official .27 

  480 209 Mixed Male Violent VRAG Any Official .38 
  481 209 Mixed Male Violent GSIR Any Official .38 
176 Mills et al. 

(2004) 
482 144 Caucasian Male General MCAA:Part A  Any Official .19 

  483 144 Caucasian Male General MCAA: Part B  Any Official .32 
  484 144 Caucasian Male General GSIR Any Official .46 
177 Mills et al. 

(2003) 
485 77 Caucasian Male General SAQ  Conviction .32 

  486 77 Caucasian Male General GSIR Conviction .39 
178 Mitchell & 

MacKenzie 
(2006) 

487 159 Black Male General SAQ  Arrest .02 

179 Monahan et al. 
(2017) 

488 7350 Mixed Mixed General PCRA Arrest .40 

180 Morgan et al. 
(2013) 

489 133 Mixed Male General DRAS  Any Official .04 

181 Morrow (2001) 490 152 -- -- General TPRA  Conviction .27 
  491 152 -- -- General TPNA  Conviction .28 
  492 152 -- -- General SASSI-2 COR  Conviction .22 
182 Nafekh & 

Motiuk (2002) 
493 6881 Caucasian Male General SIR-R1 Incarceration .36 
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  494 342 -- Female General SIR Proxy Incarceration .32 
  495 1211 Indigenous  Male General SIR Proxy Incarceration .32 
  496 6881 Caucasian Male General SIR Proxy Incarceration .36 
  497 6881 Caucasian Male General SIR Recalibrated Incarceration .44 
  498 342 -- Female General SIR Recalibrated Incarceration .49 
  499 1211 Indigenous  Male General SIR Recalibrated Incarceration .38 
183 Neves et al. 

(2011) 
500 158 Other Male General HCR-20 Incarceration .58 

  501 158 Other Male General HCR-20 Incarceration .59 
  502 158 Other Male General PCL-R Incarceration .51 
184 Nicholls et al. 

(2004) 
503 75 Mixed Female Forensic HCR-20 Any Official .26 

  504 90 Mixed Female Forensic PCL:SV Any Official .31 
  505 117 Mixed Male Forensic HCR-20 Any Official .20 
  506 146 Mixed Male Forensic PCL:SV Any Official .22 
  507 146 Mixed Male Forensic VSC  Any Official .23 
  508 93 Mixed Female Forensic VSC  Any Official .05 
185 O'Byrne (2002) 509 667 Caucasian Male General SPRA  Conviction .41 
  510 1560 Indigenous Male General SPRA  Conviction .33 
186 Olver & Wong 

(2006) 
511 156 Mixed Male Sexual VRS: SO -SD  Conviction .25 

  512 156 Mixed Male Sexual PCL-R Conviction .34 
187 Olver et al. 

(2013) 
513 171 Indigenous Male Violent PCL-R Conviction .25 

  514 264 Caucasian Male Violent PCL-R Conviction .30 
188 Olver, Beggs-

Christofferson et 
al. (2014) 

515 539 -- Male Sexual Static-99 Conviction .41 

  516 539 -- Male Sexual VRS: SO Conviction .31 
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189 Olver, 

Nicholaichuk et 
al. (2014) 

517 676 Mixed Male Sexual Static-99 Conviction .45 

  518 676 Mixed Male Sexual VRS: SO Conviction .31 
190 Olver, Kingston 

et al. (2014) 
519 252 Mixed Male Sexual BIDR  Conviction .09 

  520 219 Mixed Male Sexual SoARS: SO  Conviction .09 
  521 219 Mixed Male Sexual SoARS: OP  Conviction .03 
  522 217 Mixed Male Sexual SoARS: VH  Conviction .02 
  523 217 Mixed Male Sexual SoARS: MOT  Conviction .00 
  524 217 Mixed Male Sexual SoARS: Just  Conviction .00 
  525 217 Mixed Male Sexual SoARS: Accept  Conviction .11 
  526 227 Mixed Male Sexual Bumby Molest Conviction .16 
  527 232 Mixed Male Sexual Bumby Rape Conviction .00 
  528 246 Mixed Male Sexual UCLA Loneliness 

Scale 
Conviction .05 

  529 254 Mixed Male Sexual Miller Social Intimacy 
Scale 

Conviction .09 

  530 231 Mixed Male Sexual AQ  Conviction .16 
  531 220 Mixed Male Sexual Global Empathy Scale: 

Children/Women 
General 

Conviction .05 

  532 221 Mixed Male Sexual Global Empathy Scale: 
Child/Woman Victim 

Conviction .05 

  533 220 Mixed Male Sexual Global Empathy Scale: 
Child/Woman Own 
Victim 

Conviction .00 

  519 252 Mixed Male Sexual BIDR  Conviction .09 
  520 219 Mixed Male Sexual SoARS: SO  Conviction .09 
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191 Olver & Jung 

(2017) 
534 300 Mixed Male Domestic 

Violence 
SARA Conviction .48 

  535 300 Mixed Male Domestic 
Violence 

ODARA Conviction .43 

  536 300 Mixed Male Domestic 
Violence 

FIVR  Conviction .35 

192 Olver & Wong 
(2015) 

537 247 Mixed Male General PCL-R Any Official .21 

193 Olver (2003) 538 321 Mixed Male Sexual Static-99 Conviction .14 
  539 321 Mixed Male Sexual VRS: SO Conviction .14 
194 Ostermann & 

Salerno (2016) 
540 3006 Black Male General LSI, LSI-R Any Official .16 

  541 876 Caucasian Male General LSI, LSI-R Any Official .23 
  542 845 Hispanic Male General LSI, LSI-R Any Official .24 
  543 2641 Black Female General LSI, LSI-R Any Official .20 
  544 1579 Caucasian Female General LSI, LSI-R Any Official .17 
  545 507 Hispanic Female General LSI, LSI-R Any Official .28 
195 Palmer & Hollin 

(2007) 
546 96 Caucasian Female General LSI, LSI-R Conviction .53 

196 Palmer & Hollin 
(2004) 

547 174 -- Male General PICTS: Confusion Conviction .01 

  548 174 -- Male General PICTS: Defensiveness Conviction -.19 
  549 174 -- Male General PICTS: Mollification Conviction .09 
  550 174 -- Male General PICTS: Cut-Off Conviction .10 
  551 174 -- Male General PICTS: Entitlement Conviction .09 
  552 174 -- Male General PICTS: Power 

Orientation 
Conviction .09 

  553 174 -- Male General PICTS: Sentimentality Conviction -.01 
  554 174 -- Male General PICTS: Superoptimism Conviction .23 
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  555 174 -- Male General PICTS: Cognitive 

Indolence 
Conviction .05 

  556 174 -- Male General PICTS: Discontinuity Conviction .12 
  557 174 -- Male General PICTS: Current Conviction .09 
  558 174 -- Male General PICTS: History Conviction .17 
197 Parent et al. 

(2011) 
559 503 Caucasian Male Sexual VRAG Any Official .35 

  560 503 Caucasian Male Sexual SORAG Any Official .30 
  561 503 Caucasian Male Sexual RRASOR Any Official .04 
  562 503 Caucasian Male Sexual Static-99 Any Official .21 
  563 503 Caucasian Male Sexual Static 2002 Any Official .21 
  564 503 Caucasian Male Sexual Risk Matrix 2000 Sex Any Official .18 
  565 503 Caucasian Male Sexual Risk Matrix 2000 

Violence 
Any Official .35 

  566 503 Caucasian Male Sexual RM2000 (Combined 
Total) 

Any Official .35 

  567 503 Caucasian Male Sexual MnSOST-R Any Official .25 
  568 503 Caucasian Male Sexual SVR-20 Any Official .25 
  569 503 Caucasian Male Sexual PCL-R Any Official .31 
198 Patrick et al. 

(2013) 
570 3276 Mixed Mixed General SPRA  Conviction .32 

199 Pedersen, 
Rasmussen et al. 
(2010) 

571 107 Mixed Male Forensic HCR-20 Conviction .40 

  572 107 Mixed Male Forensic HCR-20 Conviction .41 
200 Pedersen, Kunz 

et al. (2010) 
573 96 Mixed Male Forensic PCL:SV Conviction .33 

  574 96 Mixed Male Forensic CAPP  Conviction .36 
201 Peerson et al. 

(2004) 
575 321 -- Male General ODQ  Conviction .27 
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201   321 -- Male General SDQ  Conviction .13 
201   319 -- Male General GCS  Conviction -.08 
201   321 -- Male General GSS  Conviction .28 
202 Pettway (2002) 579 616 Mixed Mixed General CH/RSI  Incarceration .20 
203 Prell et al. (2016) 580 1961 Mixed Male General IVVI: Violence Conviction .25 
  581 1961 Mixed Male General IVVI: Victimization  Conviction .25 
204 Ragusa-Salerno 

et al. (2013) 
582 19696 Mixed Male General LSI, LSI-R Arrest .22 

  583 1602 Mixed Male Sexual LSI, LSI-R Arrest .38 
  584 697 Mixed Male Sexual LSI, LSI-R Arrest .51 
  585 905 Mixed Male Sexual LSI, LSI-R Arrest .24 
205 Ratansi & Cox 

(2007) 
586 2539 Mixed Male General SFS  Arrest; 

Incarceration 
.26 

206 Raynor et al. 
(2000) 

587 948 Caucasian Male General LSI, LSI-R Conviction .35 

  588 948 Caucasian Male General OGRS-2 Conviction .39 
  589 903 Caucasian Male General ACE  Conviction .27 
  590 903 Caucasian Male General OGRS-2 Conviction .36 
207 Miles & Raynor 

(2004) 
591 1170 -- Male General LSI, LSI-R Conviction .29 

  592 210 -- Female General LSI, LSI-R Conviction .30 
208 Reisig et al. 

(2006) 
593 50 Mixed Female General LSI, LSI-R Any Official .24 

  594 155 Mixed Female General LSI, LSI-R Any Official .13 
  595 30 Mixed Female General LSI, LSI-R Any Official .41 
209 Rettenberger & 

Eher (2006) 
596 81 -- -- Sexual Static-99 Conviction .41 

  597 81 -- -- Sexual RRASOR Conviction .29 
210 Rettenberger & 

Eher (2013) 
598 66 Caucasian Male Sexual ODARA Conviction .28 
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  599 66 Caucasian Male Sexual PCL-R Conviction .26 
  600 66 Caucasian Male Sexual DVRAG  Conviction .36 
211 Rettenberger et 

al. (2010) 
601 394 -- Male Sexual RRASOR Conviction .28 

  602 394 -- Male Sexual Static-99 Conviction .35 
  603 394 -- Male Sexual SORAG Conviction .43 
  604 394 -- Male Sexual SVR-20 Conviction .30 
  605 394 -- Male Sexual PCL-R Conviction .30 
212 Rettinger & 

Andrews (2010) 
606 411 Mixed Female General LS/CMI Gen 

Risk/Need 
Conviction .63 

  607 411 Mixed Female General LSI, LSI-R Conviction .63 
213 Rodrigues et al. 

(2016) 
608 121 Caucasian Male Forensic LS/CMI Any Official .38 

  609 121 Caucasian Male Forensic SAQ  Any Official .41 
  610 121 Caucasian Male Forensic MCAA: Both Parts Any Official .40 
214 Ruiz et al. (2014) 611 124 Mixed Mixed General PAI-ANT Any Official .26 
  612 124 Mixed Mixed General PAI-AGG Any Official .23 
  613 124 Mixed Mixed General PAI-DOM Any Official .07 
  614 124 Mixed Mixed General PAI-BOR  Any Official .16 
215 Salisbury et al. 

(2009) 
615 134 Mixed Female General LSI, LSI-R Any Official .21 

216 Schaap et al. 
(2009) 

616 45 -- Female Forensic HCR-20 Any Official .07 

  617 45 -- Female Forensic PCL-R Any Official .18 
  618 45 -- Female Forensic HCR-20 Any Official .14 
217 Schlager & 

Simourd (2007) 
619 333 Black Male Forensic LSI, LSI-R Conviction .11 

  620 112 Hispanic Male Forensic LSI, LSI-R Conviction .04 
218 Scott et al. 

(2014) 
621 624 Black Female General LCSF  Any Official .03 
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  622 624 Black Female General PICTS Any Official .02 
219 Serin et al. 

(2001) 
623 68 -- Male Sexual PCL-R Any Official .28 

220 Seto & Eke 
(2015) 

624 266 -- Male Sexual CPORT  Any Official .28 

221 Simourd (2009) 625 800 Mixed Mixed General LSI, LSI-R Conviction .18 
222 Simourd (2006) 626 129 Mixed Male General LSI, LSI-R Conviction .31 
223 Skeem et al. 

(2016) 
627 7155 Mixed Female General PCRA Arrest .38 

  628 7155 Mixed Female General PCRA Arrest .41 
224 Smeth (2013) 629 210 Caucasian Male Sexual Static-99R Parole/Probation 

Violation 
.24 

  630 193 Caucasian Male Sexual DRAOR: Total  Parole/Probation 
Violation 

.31 

  631 210 Caucasian Male Sexual Static-99R Parole/Probation 
Violation 

.21 

  632 206 Caucasian Male Sexual Stable 2007 Parole/Probation 
Violation 

.19 

  633 205 Caucasian Male Sexual ACute 2007 Parole/Probation 
Violation 

.21 

225 Snowden et al. 
(2007) 

634 996 Mixed Male Forensic VRAG Any Official .42 

  635 996 Mixed Male Forensic OGRS-2 Any Official .45 
226 Sowden (2013) 636 180 Mixed Male Sexual Static-99 Conviction .17 
  637 180 Mixed Male Sexual Static-99R Conviction .29 
  638 180 Mixed Male Sexual VRS: SO Conviction .30 
  639 180 Mixed Male Sexual Stable 2007 Conviction .20 
  640 180 Mixed Male Sexual TRRG: SV Read  Conviction .21 
  641 180 Mixed Male Sexual TRRG: SV Resp  Conviction .23 
  642 180 Mixed Male Sexual TRRG: SV Gain  Conviction .20 
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227 Stadtland, 

Kleiniends et al. 
(2005) 

643 258 Caucasian Male General PCL-R Conviction .11 

228 Stadtland, 
Hollweg et al 
(2005) 

644 134 Caucasian Male Sexual PCL-R Arrest; 
Conviction 

.26 

  645 134 Caucasian Male Sexual HCR-20 Arrest; 
Conviction 

.30 

  646 134 Caucasian Male Sexual SVR-20 Arrest; 
Conviction 

.32 

  647 134 Caucasian Male Sexual Static-99 Arrest; 
Conviction 

.40 

229 St. Amand 
(2002) 

648 159 Mixed Male General SIR-R1 Any Official .41 

  649 159 Mixed Male General PCL-R Any Official .48 
  650 232 Mixed Male General SIR-R1 Any Official .35 
  651 232 Mixed Male General PCL-R Any Official .33 
230 Stevens et al. 

(2016) 
652 218 Mixed Male Sexual ABCS  Conviction .05 

  653 218 Mixed Male Sexual HTW  Conviction .03 
  654 218 Mixed Male Sexual RMAS  Conviction .14 
  655 218 Mixed Male Sexual WSFQ-E  Conviction .11 
  656 218 Mixed Male Sexual WSFQ-IN  Conviction .08 
  657 218 Mixed Male Sexual WSFQ-Im Conviction .09 
  658 218 Mixed Male Sexual WSFQ-S Conviction .09 
  659 218 Mixed Male Sexual BDI Conviction .12 
  660 218 Mixed Male Sexual STAI-S Conviction .02 
  661 218 Mixed Male Sexual STAI-T Conviction .04 
  662 218 Mixed Male Sexual STAXI-S Conviction .00 
  663 218 Mixed Male Sexual STAXI-T Conviction .07 
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  664 218 Mixed Male Sexual STAXI-E Conviction .04 
  665 218 Mixed Male Sexual STAXI-P Conviction .08 
  666 218 Mixed Male Sexual STAXI-C Conviction .03 
  667 218 Mixed Male Sexual SSEI Conviction .04 
  668 218 Mixed Male Sexual AIRP Conviction .01 
  669 218 Mixed Male Sexual FIS Conviction .06 
  670 218 Mixed Male Sexual UCLA Loneliness 

Scale 
Conviction .11 

  671 218 Mixed Male Sexual AnSIE  Conviction .08 
231 Stewart (2011) 672 101 Mixed Female General LSI, LSI-R Conviction .42 
  673 101 Mixed Female General LS/CMI Conviction .47 
  674 101 Mixed Female General VRS Conviction .48 
  675 101 Mixed Female General SIR-R1 Conviction .54 
232 Sturup et al. 

(2016) 
676 26 -- Male Violent PCL-R Arrest; 

Conviction 
.30 

  677 26 -- Male Violent HCR-20 Arrest; 
Conviction 

.21 

233 Tarescavage et 
al. (2014) 

678 70 Caucasian Male General MMPI-Agg Parole/Probation 
Violation 

.13 

  679 70 Caucasian Male General MMPI-Psychoticism Parole/Probation 
Violation 

.16 

  680 70 Caucasian Male General MMPI-Disconstraint Parole/Probation 
Violation 

.27 

  681 70 Caucasian Male General MMPI-Neg. 
Emotionality 

Parole/Probation 
Violation 

.09 

  682 70 Caucasian Male General MMPI-Introversion Parole/Probation 
Violation 

-.10 

234 Ternowski 
(2004) 

683 267 Mixed Male Sexual Static-99 Arrest; 
Conviction 

.26 
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235 Thomson et al. 

(2008) 
684 135 -- Male Forensic Krawiecka  Conviction .22 

  685 135 135 -- Male PYPS  Conviction .21 
  686 135 135 -- Male H-10 HCR-History 

only 
Conviction .44 

  687 135 135 -- Male VRAG Conviction .45 
  688 135 135 -- Male PCL-R Conviction .39 
236 Tillyer & Vose 

(2011) 
689 5027 Caucasian Male General LSI, LSI-R Conviction .28 

237 Turner et al. 
(2016) 

690 229 -- Male Sexual SAPROF Total Conviction .23 

238 Ulmer (2015) 691 268 Mixed Male General ODARA Any Official .07 
  692 97 Mixed Male General LSI, LSI-R Any Official .45 
239 van der Knapp et 

al. (2012) 
693 14635 Mixed Male General RISc  Conviction .33 

  694 1691 Mixed Female General RISc  Conviction .28 
240 van Voorhis et 

al. (2007) 
695 158 Mixed Female General LSI, LSI-R Arrest .36 

  696 32 Mixed Female General TRAiler Arrest .31 
  697 313 Mixed Female General Gender Esponsive 

Risk/Needs 
Assessment 

Incarceration .30 

  698 313 Mixed Female General TRAiler Incarceration .28 
241 VanMeter et al. 

(2015) 
699 85 Mixed Male Domestic 

Violence 
SASSI-3 Any Official .02 

242 Viljoen et al. 
(2011) 

700 48 Mixed Female Forensic START 
(Vulnerability) 

Incarceration .47 

  701 48 Mixed Female Forensic START (Strength) Incarceration .29 
243 Villeneuve et al. 

(2003) 
702 48 -- Male Forensic SAQ  Incarceration .50 
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  703 273 -- Male Forensic SAQ  Incarceration .42 
244 Vose (2008) 704 2448 Caucasian Male General LSI, LSI-R Conviction .19 
  705 401 Caucasian Female General LSI, LSI-R Conviction .20 
245 Wakeling et al.  

(2011) 
706 1344 Caucasian Male Sexual RM2000 (Combined 

Total) 
Any Official .43 

  707 1344 Caucasian Male Sexual OGRS-3 Any Official .35 
246 Wallinius et al. 

(2012) 
708 61 -- Male Forensic PCL-R Conviction .48 

247 Walters (2009a) 709 107 Mixed Male General PICTS Any Official .25 
  710 107 Mixed Male General PCL:SV Any Official .01 
248 Walters (2009b) 711 146 Mixed Male General PICTS Conviction .15 
249 Walters (2011) 712 178 Mixed Male General LSI:SV Any Official .11 
  713 178 Mixed Male General PICTS Any Official .20 
250 Walters & 

Duncan (2005) 
714 91 Mixed Male Forensic PCL-R Arrest .22 

  715 91 Mixed Male Forensic PAI-ANT Arrest .26 
  716 91 Mixed Male Forensic PAI-AGG Arrest .33 
251 Walters et al. 

(2015) 
717 322 Mixed Male Sexual Static-99R Arrest .22 

  718 322 Mixed Male Sexual PICTS Arrest .16 
252 Walters & 

Lowenkamp 
(2016) 

719 21965 Mixed Male Sexual PICTS Arrest .21 

  720 26226 Mixed Female Sexual PICTS Arrest .21 
253 Watkins (2011) 721 7555 Caucasian Male General LSI, LSI-R Incarceration .34 
  722 614 Caucasian Female General LSI, LSI-R Incarceration .33 
  723 2465 Indigenous Male General LSI, LSI-R Incarceration .27 
  724 417 Indigenous Female General LSI, LSI-R Incarceration .17 
254 Wexler et al. 

(2004) 
725 679 Mixed Male General SFS  Incarceration .08 
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  726 679 Mixed Male General LCSF  Incarceration .08 
255 Williams (2012) 727 3569 Mixed Mixed Domestic 

Violence 
DVSI-R Total Score Arrest .27 

  728 3569 Mixed Mixed Domestic 
Violence 

DVSI-R Risk to 
Victim 

Arrest .28 

  729 3569 Mixed Mixed Domestic 
Violence 

DVSI-R Risk to Others Arrest .29 

256 Witte et al. 
(2006) 

730 60 -- Male Sexual CSS  Conviction .39 

  731 60 -- Male Sexual Static-99 Conviction .26 
  732 60 -- Male Sexual GSIR Conviction .48 
257 Wong (2011) 733 103 Caucasian Male Sexual Static 2002 Arrest .30 
258 Wong & Gordon 

(2006) 
734 918 Mixed Male General VRS Conviction .43 

259 Wormith et al. 
(2007) 

735 60 Caucasian Male General LS/CMI Conviction .21 

  736 60 Caucasian Male General PCL-R Conviction .26 
260 Wormith et al. 

(2012) 
737 1905 Mixed Male Sexual LS/CMI Gen 

Risk/Need 
Arrest .47 

  738 24545 Mixed Male General LS/CMI Gen 
Risk/Need 

Arrest .43 

  739 1905 Mixed Male Sexual LS/CMI Specific 
Needs 

Arrest .37 

  740 24545 Mixed Male General LS/CMI Specific 
Needs 

Arrest .32 

261 Wormith & 
Olver (2002) 

741 93 Mixed -- Violent SIR  Arrest .51 

262 Wright et al. 
(2008) 

742 150 Mixed Female General LSI, LSI-R Arrest .23 

  743 233 Mixed Female General LSI, LSI-R Arrest .31 
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  744 233 Mixed Female General TRAiler Arrest .34 
263 Zhang et al. 

(2014) 
745 25009 Mixed Male General COMPAS Risk Arrest .31 

  746 25009 Mixed Male General COMPAS Violence Arrest .29 
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