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In this stu amined the use of an actuarial risk assessment tool—the Ohio Youth

Assess tem-Disposition Tool (OYAS-Disposition Tool)—with juvenile sex offenders.
Specifi ain goals of the study were to (a) examine the predictive validity of the tool
with sex offenders and (b) explore the nature of the use of professional discretion used to

override 1%7‘ he sample consisted of 3,235 youth from a large juvenile county court in

the Midw

option ]ﬂng general recidivism for sex offenders than it was for non—sex offenders.

esults indicated that the OYAS-Disposition Tool was a significantly better

©

The too wis a ssan effective method for predicting sexual recidivism. Most importantly,
however, professional overrides significantly reduced the ability of researchers to

apply the redict new court petitions and adjudications to nonsignificant levels.
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Finally, several justifications were commonly used for overrides. treatment needs, offense

seriousness, and use of an alternative sex-offender—specific assessment.

L

Policy Implications
The findin udy highlight several important policy implications that would improve
|

|
the assessgient process for juvenile sex offenders. First, agencies using specialized risk

assessmenighdesigned for sex offenders may consider applying a general risk assessment tool
to identify der set of criminogenic needs and to predict risk of general recidivism.
Second, t s dineed to evaluate policies and practices that allow for the use of

professionaz Els%tion with sex offenders given that they reduce the predictive validity of the

risk tool ev. . The high rate of overrides for juvenile sex offenders and justification for
their use st best practices in corrections. For instance, overrides were often justified

based on @zriousness; however, focusing on evidence-based criminogenic risk factors

ccuracy in predicting future offending. In this study, we call into question

allow for overrides based on crime type or based on a practitioner’s

professional judgment concerning a juvenile’s level of service needs. Last, agencies should
consider \Sidation research within their agency before full adoption of a general risk

assessme@ quell concerns about the use and accuracy of a tool for special
ns

populatio Juvenile sex offenders.

-
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The succ ervision and treatment of juvenile sex offenders depends on the ability to
predict with accuracy the risk that they pose for reoffending (Worling & Langstrom, 2008) as

it is estimated that approximately 20% of sex offenses are committed by persons younger
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than 18 years of age in any given year (Barbaree & Marshall, 2008). Significant
improvements in risk prediction have been made in the past several decades. In fact, actuarial
risk ass#s been demonstrated to be one of the best methods of assessing

criminoge smarais & Singh, 2013). Debate continues, however, about the most
effectiv-e \smesign actuarial tools used by researchers to predict recidivism among
juvenile seggoffiegders. Moreover, the amount of research pertaining to juvenile sex offenders
is sparse re to the amount pertaining to their adult counterparts.

TWS from the research available have shown that juvenile sex offenders
possess di@criminogenic risk factors that are much less common among nonsex
offenders (P & Righthand, 2003; Worling & Langstrom, 2008). For example, deviant

ﬁ a risk factor among juvenile sex offenders, which is not the case for

sexual int

nonsex offen Worling & Curwen, 2000). For this reason, some scholars have questioned

d

the efft f risk assessments that were not designed with sex offenders in mind

(Tully, Chou rowne, 2013). Contrary to this argument, some research findings also
indicate that risk assessment tools designed to aid in predicting recidivism for general types
of offendimid in predicting recidivism for sex offenders as well (Olver, Stockdale, &
Wormith, @agusa-Salemo, Ostermann, & Thomas, 2013). These inconsistencies
demonstrate the importance of continued research into the effectiveness of generally designed
risk assessgnt tools with sex offenders (Baldwin, 2014).

Mmt aspect of this research topic that requires continued investigation is the
distinction@ the prediction of sexual and nonsexual recidivism. Researchers have
suggested th ite societal perceptions about sex offenders, they are less likely to
specializ?(ifending and are more likely to be generalists in terms of offending
behavior (Caldwell, 2010). For instance, Caldwell (2010) found that juvenile sex offenders

were more likely to recidivate with a nonsexual offense (43%) than with a sexual offense
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(7%). Scholars researching adult samples found similarly lower sexual recidivism rates as

compared with nonsexual recidivism rates, which shows that this pattern is consistent

regardless o (Hanson & Bussiere, 1998; Helmus, Hanson, Thornton, Babchishin, &
Harris, 20& reason, use of risk assessment tools that can aid researchers in
predictiz mxual and nonsexual recidivism is important. Understanding the prediction
of both ouggomasg has significant implications for the use of risk assessment tools with sex
offenders b ¢ effective case management is best informed by a tool that can be used to
predict bOW’ﬂeS equally well. Alternatively, separate tools could be used to predict
recidivism@cused on predicting sexual recidivism and one focused on predicting
general recidivism. Using this strategy may lead to better prediction and identification of
criminogeﬁs than the use of only one tool.

Omat was designed for general use across a diverse offender population is the

sment System-Disposition Tool (OY AS-Disposition Tool; Latessa, Lovins,

& Ostrowski ). Although scholars have yet to examine the efficacy of this tool with sex
offenders, 1t 1s still widely used for this purpose, such as statewide in several locations (e.g.,
Ohio, Ariina, Texas, and Indiana) and by numerous other county-level jurisdictions around
the Unite Latessa et al., 2013; Lovins & Latessa, 2013; McCafferty, 2013).

Furt ore, more research is also needed to understand the role that professional

h

discretion s in the assessment of sex offenders because past research findings have shown

t

that ris t users report low trust in the efficacy of risk assessment with sex

offenders as a resmlt of their beliefs that sex offending cannot be predicted (Carns & Martin,

Ll

2011). As a > Carns and Martin (2011) found that professionals are more likely to

override ssment used with sex offenders. Overrides in risk assessment take place

A

when a user of the tool decides to change some outcome of the risk assessment, such as

adjusting the risk level produced by the tool to match what the user feels is a more accurate
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risk level. Research results have shown, however, that professional discretion typically leads
to a reduction in the efficacy of risk assessment (Guay & Parent, 2017; Wormith, Hogg, &
Guzzo, 20 | ﬁs a result, in this study, we will also explore the ways in which professionals

justify usi s with sex offenders and the impact that overrides have on the ability to

use the OBAS-Disposition Tool to predict recidivism with accuracy.

Literature w

Those thaw sex crimes garner special attention as a group of offenders. They are
commonly@et of policies and practices that are exclusive to them (Levenson, 2008).
For exampl states have policies designed to make the public aware of youth who have
committeﬁrimes (e.g., sex offender registries). As of 2015, 15 states have juvenile

sex offenries in which the name, address, and photograph of youth adjudicated for

sex cri lished on the Internet (Pew Charitable Trust, 2015). These policies have

the effect of r stigmatizing individuals that have committed a sex crime and increase

perceptions of fear held among members of the public (Barbaree & Marshall, 2008;
Levensonmn, Fortney, & Baker, 2007).

Be@ecial interest by the public and policy makers, researchers have also shown
a special in in sex offenders. In terms of risk assessment research, more attention has
been speng; sex offenders as a specialized group when compared with any other specialized
groups Mders with psychopathy; Worling & Langstrom, 2008). Nevertheless,
disagreement renjains about the most effective means of assessing criminogenic risk with this
group (Baldyau#?014). Many tools lack validation research in which their efficacy with
specialﬁ of offenders, such as sex offenders, has been examined. This research is
important because findings show that the predictive validity of risk assessment tools can vary

depending on the background of an offender (e.g., offense type or demographics; Campbell,
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Papp, Barnes, Onifade, & Anderson, 2018; Olver et al., 2009). As a result, we lack enough

evidence to implement a consistent set of procedures to assess sex offenders in the criminal

{

and juveni ice systems.

]
General Risk Assessment Tools

Diverse risigassggsment tools were designed for general use by practitioners seeking to

G

improve th essment practices. In fact, with so many options available, researchers have

S

published esgantended to aid practitioners in the selection of a risk assessment tool

(Bonta, 2002; ssa & Lovins, 2010). Some examples of these tools include the Youth

U

Level of Servi ase Management Inventory (YLS/CMI; Hoge, & Andrews, 2011), Youth

1

Assessme reening Instrument (Y ASI; Orbis Partners, 2007), and OY AS-Disposition

Tool (Latg§s ., 2009). The results of validation research have shown that each of these

d

tools ¢ o predict reoffending (Baird, Healy, Johnson, Bogie, Dankert, &

Scharenbroc 3; McCafferty, 2016; Schwalbe, 2007).

M

Many risk assessment tools designed for general use measure a similar set of

criminogeflic risk factors. For example, the three tools mentioned previously all measure

4

what are r o as the “Central Eight” risk factors for recidivism. Bonta and Andrews

Q

(2016) argu at the Central Eight are the most empirically well-supported risk factors for

h

recidivis hey created this list by compiling the results from eight meta-analyses in which

predict nality were examined. Using these results, they estimated a mean-weighted

{

effect size of the Best predictors from the meta-analyses reviewed. Thus, the following eight

Gl

risk factors e best predictors of criminogenic risk: (1) history of antisocial behavior

A

(offense (2) antisocial personality, (3) antisocial cognition, (4) antisocial associates,
(5) family/marital problems, (6) problems at school/work, (7) lack of prosocial

leisure/recreation, and (8) substance abuse. Furthermore, Bonta and Andrews (2016)
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suggested that the utility of these predictors extends to diverse groups of offenders, including
juvenile offenders and sex offenders.

Mn general risk assessment tools that use the Central Eight has produced
findings t port for the use of these constructs in risk assessment. Several meta-
analyse: l*!mn done on the topic. For instance, Olver and colleagues (2009) found a
mean-weigltedig{fect size of » = .32 between the total score of the Level of Service Inventory
(LS andgrecidivism, whereas Schwalbe (2007) produced a mean weighted area
under the UC) statistic of .64 for the relationship between the total score of the
YLS/CMTI and g@geral recidivism. In a follow-up study, Schwalbe (2008) also showed that
the prediEity of the YLS/CMI was consistent across male (» =.26) and female (» =

.27) yout antly, Olver and colleagues (2009) found that the total score of the LSI was

a signiﬁctor of sexual recidivism (» = .20), which indicates that the utility of the

t extend to the prediction of sexual recidivism as well. The evidence is

limited, how oncerning whether general risk assessment tools are less predictive of
sexual recidivism than of general recidivism (Campbell, Anderson, & Papp, 2018). One such
tool is the®@'Y AS-Disposition Tool. This tool was constructed using a prospective research
design in Qore than 400 correlates of offending were examined to create the list of

items seen ofr thic tool currently. So far, research on the OY AS-Disposition Tool has

h

produced Its that show support for the validity of the tool and that its ability to predict

general is in line with other well-performing tools. For example, in two studies in

{

which the OY ASEDisposition Tool was examined, scholars found that the total score of the

Gl

tool correlat recidivism at a level between » = .30 and .32 (Lovins & Latessa, 2013;

A

McCafferty8 . Unpublished validity research results also show that this tool is as
predictive of recidivism (Latessa et al., 2009; Latessa, Lovins, & Lux, 2014) as other

commonly used youth risk assessments, such as the YLS/CMI (Schwalbe, 2007). Now that

This article is protected by copyright. All rights reserved.



the OY AS-Disposition Tool has been validated on general populations of juvenile offenders,

the next step is to investigate its utility with specialized offender populations.

Specialize@ssment Tools

A substgn@ction of juvenile risk assessment tools were also specifically designed for
use with sgasoffignders. Two examples include the Juvenile Sex Offender Assessment
Protocol (mPrentky & Righthand, 2003) and the Estimate of Risk of Adolescent
Sexual O cidivism (ERASOR; Worling, 2004). Risk assessment tools have been
designed s@lly for juvenile sex offenders because research findings show that they
possess a uni et of risk factors. For instance, sex-offender—specific risk assessments are
typically n factors such as deviant sexual preoccupation and interests. These unique
risk factomessed on juvenile sex offender risk assessments because models of sex
offendi i from more general theories of offending. For instance, Knight and Sims-
Knight (2003 out a model with three pathways into sexual offending, which include
physical and verbal abuse that leads to callousness and disinhibited sexual drive, sexual abuse
that leads Wto disinhibition of sexual drive, and early antisocial behavior and

aggressio ds to callousness/lack of emotion and ultimately sexual offending. These

factors are 1 ant to sexual reoffending, but it would be missed on a general assessment

h

not design@d to assess risk for sexual recidivism. These factors, however, would be measured

on Sex-

1

ecific assessments, which makes it important to consider using both types

of assessments. i
In addigi@h to measuring risk factors specific to sex offenders, some specialized risk
assessme 1so used to measure some Central Eight risk factors commonly found on

general tools. For instance, the JSOAP measures factors related to substance abuse, school

problems, peer relationships, and attitudes and beliefs. In the manual for the tool, the creators
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stated that the JSOAP is intended to determine risk for both sexual and nonsexual recidivism,

which is why the tool includes this wide range of risk factors. In this way, the JSOAP and

other sex 0 r risk assessments are similar in some ways to general risk assessment tools,
with the a x offender risk factors.

%hs?dings from validation research on specialized risk assessments have shown
that these t@gols age significant predictors of both sexual and general reoffending. In a meta-
analysis, \QMordell, and Beneteu (2012) found that both JSOAP and ERASOR predict
sexual re ing (AUC = .67 and .66, respectively) and general reoffending (4UC = .66
and .59, respectively) at levels significantly better than chance (even though an AUC of .59
would be &d poor performance for a risk assessment). Also, several Central Eight

factors pe just as well as sex-specific risk factors in terms of predicting sexual

recidivisnmtance, impulsivity/antisocial behavior shared a similar association with

sexual (r=.14) compared with sexual drive/preoccupation (» =.12) as measured

on the JSOA ddition, psychological functioning and family/environment were
significant predictors of sexual reoffending (» = .13 and .11, respectively), whereas sexual
interests, si've, and preoccupation were not significant predictors of sexual recidivism on the
ERASOR indings demonstrate the utility of the Central Eight for predicting both

sexual and al recidivism. For this reason, risk assessment tools designed for general use,

such as th! ;YAS, may have utility with sex offenders and therefore require investigation
Professiona etion and Sex Offenders
Both th and criminal justice professionals carry strong beliefs about sex offenders

that stigmatize and marginalize this group. For example, many believe that nearly all sex

into un their predictive validity with this specialized group of offenders.

offenders are at a high risk to reoffend and therefore pose a substantial threat to public safety
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(Levenson et al., 2007) even though most research findings show this group tends to score
much lower on general risk assessment tools compared with nonsex offenders (Campbell et
al., 2018). t: tance, Sahlstrom and Jeglic (2008) found that sex offenses committed by

juvenile o considered to be just as serious as those committed by adults. In

ins
addition, many believe that the criminal and juvenile justice systems should focus on a

retributive@phy for sex offenders (Comartin, Kernsmith, & Kernsmith, 2009).

Researcher even shown that adult sex offenders who have committed serious crimes

(e.g., rapeWerving of the death penalty (Mancini & Mears, 2010).

This harsk philosophy surrounding sex offenders has important implications for the
way that s&ders are managed in the criminal and juvenile justice systems. As it relates

to risk ass research, the findings from two studies have shown that sex offenders are

more likeive discretionary overrides (Carns & Martin, 2011; Wormith, Hogg, &

Guzzo iscretionary overrides occur when a user of a risk assessment tool decides to

supersede th ome of the assessment and adjust the risk assessment in accordance with
his or her professional opinion.'

Ma@§t importantly, the results of past research on the use of professional discretion
show that nders make up the group most likely to receive overrides. Wormith and
colleagues found that among a sample of 26,450 adult offenders in Canada, 35.1% of
sex 0ffen£; received an override on the Level of Service/Case Management Inventory
(LS/Cmrast, 15.1% of offenders convicted of something other than a sex crime
received a@!e. In another study, Carns and Martin (2011) found that juvenile sex

re likely to receive overrides on the YLS/CMI. What is more, Carns and

Allowing ov in risk assessment can turn assessment into a process that resembles structured professional
judgment. Using this method, evaluators follow a general set of guidelines of how to conduct an assessment.
Then the evaluator must make decisions based on the information that they gather. Research findings show that
this method is favored by practitioners because it still provides them with the ability to use their professional
judgment (Judge, Quayle, O’Rourke, Russell, & Darjee, 2014) and is significantly better at predicting
reoffending versus random chance (Lawing, Childs, Frick, & Vincent, 2017).
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Martin (2011) conducted follow-up interviews with officers to gather more information about
the nature of the use of overrides. These interviews led to the important finding that users of
the YLS/ orted using overrides with sex offenders at a high rate because they did not
believe th MI was able to predict sexual recidivism. For this reason, the officers
N . . : .
reported that they felt it was necessary to use their discretion more widely during the
assessmentgof sag offenders.
Alt the findings from the two studies discussed provide important insights into

the use o 1d€s with sex offenders, further research is still needed to answer vital

S

questions about gyerrides used with sex offenders that could have important implications for

U

policy. Firs ars need to investigate further the ways in which risk assessment users

1

justify the verrides for sex offenders. There could be numerous reasons used in

jurisdictin@je of where Carns and Martins’ (2011) study took place that impact the

sessment users invoke professional discretion. For example, other

jurisdictions ave a policy in which the use of overrides with sex offenders is required. It
could also be possible that some jurisdictions carry a more retributive philosophy and use
overrides si'th sex offenders as a means of exacting sanctions that require increased
supervisio atment.” Second, it is important to examine the influence of overrides on
the predicti 1dity of risk assessment because researchers have found that predictive
validity of€a tool is usually harmed when overrides are used to adjust the risk score or level of
arisk amGuay & Parent, 2017; Wormith et al., 2012). Overrides may be especially
harmful for pred1itive validity when examining sex offenders because of their high rate of

use with thi (Carns & Martin, 2011; Wormith et al., 2013). Moreover, a scant amount

of researc errides has been conducted with youth risk assessment. In fact, in the studies

? No data were collected in this study directly measuring the policies, procedures, or overarching
treatment/punishment philosophy of the jurisdiction in this study in relation to the use of overrides. Therefore,
few assumptions can be made prior to the analyses conducted as follows. Rather, any information about policies,
procedures, or philosophy must be gleaned from the results from the content analysis.
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that were reviewed by Guay and Parent (2017) and Wormith and colleagues (2013), the
researchers used adult samples. They were reviewed here, though, to give a sense of what has
been foh research and to show the paucity of research that exists with youth
samples. Q?

is research is necessary and important for informing policy that

monitors 2sd controls the use of overrides as it may improve the ability to predict offending

for sex ofﬂ@y reigning in professional discretion.

Method

Procedure:

Data for thi were collected primarily from court records held at a large juvenile court
in a midw unty. The county the court is located in has a population of approximately

1.3 milliomng to 2010 decennial U.S. Census estimates. Of the county’s residents,
most a .2%) or non-Hispanic White (63.4%). There are few Hispanics (5.5%) or
other racial . The county has a mixture of urban, suburban, and rural areas with the
largest, mostly urban, city comprising approximately three quarters of the population. Finally,
Uniform @ime Reporting (UCR) data from 2010 indicate that crime rates are higher in the

county co@with the national average (i.e., 512 and 5,276 for violent and property

crimes, resp ely, per 100,000 residents in the county as compared with 404 and 2,945

wds were sampled based on several inclusion criteria. First, youth had to

receive an OY ASaDisposition Tool assessment between January 1, 2010 and December 31,
2016. The begi g date of the study was chosen because it closely coincides with the full
implemﬁhe OYAS-Disposition Tool in the court in the study, and the end date was
chosen because it is around the time when the records were pulled from the court’s digital

databases. Most importantly, the follow-up period was chosen because it allowed for a fairly
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long period for tracking recidivism (Latessa, Listwan, & Koetzle, 2014). The second
inclusion criterion was that only a youth’s initial OY AS-Disposition Tool assessment during
the field peri f the study was included. Any follow-up assessments were excluded.
Finally, al e required to have a follow-up period of 2 years to track recidivism
(r601d1VISI! past the age of majority was included in this study for youth that aged out during
the study).AAnylgouth that were not tracked by the court for at least 2 years were excluded
from the s is important to note that the collection of recidivism data extended to

October 2

S

aximize the number of youth that had a 2-year follow-up period for

recidivism.

hu

Study Pa

Table 1 pg@videsWescriptive statistics for the youth in this sample. This table includes
p p

a

informati ense type, recidivism (measured as new petition), age, race, sex, and
OYAS-Dis Tool total and domain scores. Moreover, it lists this information
separately for the full sample, subsample of sex offenders, and subsample of nonsex
offenders.mof 3,235 youth were included in the sample. As shown, ~9% of youth had
committe@ffense. Less than half (48%) of the youth in the full sample received a new
petition in € within 2 years of their OY AS-Disposition Tool assessment. In terms of
demogragg ;: the majority of the sample was Black (66%) and male (79%) and the average
age wawrs old. The average total score on the OY AS-Disposition Tool was 12.04
(which fal@ne moderate-risk category on the tool). Finally, all youth received
probation, d programming, or a combination thereof as their disposition; none of the
offenders d an institutional disposition but were placed under community supervision
and supervised by juvenile probation officers.

[Insert Table 1 Here]
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Table 1 also provides the same descriptive statistics for the subsample of sex and

nonsex offenders. In addition, the final column in the table provides #-values or chi-square

statistics t! ¢ estimated to examine variation across sex offender subgroups. Notably,
there was variation between sex and nonsex offenders in every relationship

. — ) :
examined gl hese results showed that sex offenders were less likely to receive a new court
petition, yomngeg, more likely to be White, and more likely to be male (the bivariate

relationshi een these two subgroups for the OY AS-Disposition Tool will be examined

S

in the Res egfion).

Measurem
Recidivis idi vism was measured in this study in two ways: as a new petition filed in

court and m adjudication. A court petition is a formal document filed seeking
interveﬁ court. Court petitions in juvenile court can be filed by several interested
parties such ice, prosecutors, parents, victims, and so on. Both of these measures of
recidivism were cut off at 2 years so that all youth had an equal follow-up period.
Atsdvantage of this study is that there are two measures of recidivism, which is
important there is considerable debate in the literature about the best way of

measuring r vism (Harris, Lockwood, & Mengers, 2009). Therefore, it is beneficial to

have mult‘é measures of recidivism available because convergence of results adds

confidcHegprem@alidity of the findings.

Offense Eioe. Two steps were taken to code offense type in this study. First, only a

youth’s mos us charge was coded as his or her initial offense because many youth had
multiple on their initial petitions in court. Second, every youth’s most serious offense

was categorized into one of two categories: sex and nonsex offenses. Sex offenses included
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crimes such as rape, sexual assault, molestation, and gross sexual imposition. Nonsex
offenses included all other crimes.

Hosition Tool. The OY AS-Disposition Tool (Latessa et al., 2009) is a 32-
item actuﬁessment tool designed for use with a general population of offenders.
Crimin:gsm is measured across a total of seven domains that include both historical and
dynamic itgms.#he seven domains include (1) juvenile justice history; (2) family and living
arrangemcg peers and social support network; (4) education and employment; (5) pro-
social skills; bstance abuse, mental health, and personality; and (7) values, beliefs, and
attitudes. @s of items in each domain include the number of previous adjudications,
follows par egiver’s rules, importance of friends, quality of relationship with current
school pey r employer, pro-social decision-making skills, recent alcohol use, and pro-
criminal ss. Thirty-one of the thirty-two items are scored dichotomously with the
remainiag.d red as a trichotomy. The total score of the tool is created by summing the
score of the s on the tool. Finally, the total score is categorized into one of three risk
levels: low, moderate, or high. Cut-off scores differ for males and females. The cutoffs for
males are @ follows: low risk = 0—11, moderate risk = 12—18, and high risk = 19-33. For
females, t ow risk = 0—12, moderate risk = 13—18, and high risk = 19-33.

Sco e OYAS-Disposition Tool requires collecting information from several
sources, lg ;rimary method to collect information is a face-to-face semistructured
intervieHators of the tool provide an interview guide that can be used to structure the
intewiew.@formation is also collected in the form of a self-report survey filled out by
the offender iew of any available file information, and collection of collateral

informati arties close to the offender (e.g., parents or teachers). Users of the tool are

encouraged to triangulate information by applying multiple sources to ensure its accuracy.

This article is protected by copyright. All rights reserved.



In addition, the OY AS-Disposition Tool permits users to override the risk level of the
tool. Overrides are left to the discretion of the officer conducting the assessment. Overrides of
risk level ¢ cur in whichever direction the user sees fit (up or down), and there is no limit
on the mame override that can be used (i.e., regardless of the risk level provided
by the t-oosmer can override to whichever other risk level he or she pleases). What is
more, wheggoffigers use an override, they are required to provide written explanation to
justify theQ[.

Cettificatddn is required to use the OY AS-Disposition Tool in practice. Two days of
training an@ssing of a final exam are needed. The final exam involves a written exam

on the written exam and score the tool based on the video within a certain

as well as scoring the tool based on a video of a fictitious interview. To pass, trainees must
score at leﬁ

margin ofmthe “true” score. Research findings show that trained officers can reliably

score t entirety (Krippendorf’s Alpha =.81) and all seven domains individually

(the lowest ndorf’s Alpha of any domain being .73; Latessa, Lux, & Papp, 2018).

Hypothess

Based on rch reviewed and the methods that have been discussed, the following
hypotheses fered:
1. SeXoffenders will have significantly lower OY AS-Disposition Tool risk scores

mith those of nonsex offenders.

2. The OY§-DiSposition Tool will significantly predict reoffending for sex and nonsex

offe ’
3. isposition Tool users will justify their use of discretionary overrides on the

basis of the serious nature of sex crimes, departmental policy, and need to increase

supervision/treatment dosage.
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4. Discretionary overrides will reduce the predictive validity of the OY AS-Disposition

Tool.

T

Analytic Q

In this stug, we primarily used AUC statistics and multinomial logistic regression to
examine twtive validity of the OY AS-Disposition Tool. AUC is a frequently used
statistic in sessment research (Singh, Desmarais, & Van Dorn, 2013). Similar to

logistic rew, it is used by researchers to examine dichotomous dependent variables to

determine the pragictive power of a continuous independent variable. This analysis is

advantageous in risk assessment because it is robust to low base rates and is nonparametric
(Singh, Dﬂ, & Van Dorn, 2013). AUC statistics range from 0 to 1. Values less than or

equal to m that the variable’s predictive power was less than or equal to chance,

ater than .5 indicate prediction above chance levels.

, multinomial logistic regression will be used for analyses in which direct
comparisons are being made between the prediction of sexual and general recidivism, as
compared@ith no recidivism (which will serve as the reference category). Multinomial
regressio for the prediction of dependent variables that comprise more than two

discrete out; s, making it ideal for comparisons of multichotomous outcomes.

h

Multingmfal logistic regression is used because it will allow for direct and clear comparisons

to be m n the predictive validity of the tool for sexual and general recidivism.

ul

Results

The first alyses included a series of #-tests and chi-square statistics to examine

A

variation in the OY AS-Disposition Tool total and domain scores across subgroups of sex and

nonsex offenders. These results are presented in Table 1 along with Cohen’s D effect sizes.
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Consistent with prior research findings, the results show that sex offenders scored

significantly lower in terms of the total score and on all seven domains (all at a p <.001
level). The t relative difference between sex and nonsex offenders was in the total score
(Cohen’s ex offenders scored an average of 7.56 compared with 12.66 for nonsex

N _ , .
offenders.gnother large difference was in the peers domain where nonsex offender nearly

{

doubled (l@) the score of sex offenders (M = 1.39), which resulted in a Cohen’s D of
.87.

)
Recidivism Predigtion
Next, AUC statistics were estimated to examine the strength of the relationship between the
total and ﬁcores of the OY AS-Disposition Tool and general recidivism (measured as
a new petm‘in 2 years of the initial offense). Note that only the results for new petition
are pre use the results for new adjudication as the outcome were substantively
similar. Gen cidivism is measured here as a simple dichotomy of whether a youth
received any new petition within 2 years of the date that he or she was assessed with the
OYAS-DiWn Tool. Table 2 presents the AUC statistics for the whole sample, nonsex
offenders,@ offenders. The first two columns of Table 2 provide the AUC statistics and
95% confi intervals (Cls) for the whole sample. An AUC statistic of .63 for the total
score shows that the OY AS-Disposition Tool predicts general recidivism at ~13% above
chance Hreover, the education domain shared the strongest association with general
recidivism@ .63), and the juvenile justice history domain shared the weakest
association v neral recidivism for the full sample (4UC = .56).

[Insert Table 2 Here]

Table 2 also shows important differences in terms of predictive validity across

subgroups. As can be seen, the AUC statistics for the total score was higher for the subsample
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of sex offenders (AUC = .71) compared with for the subsample of nonsex offenders (AUC =

.63). In addition, the difference in these two effect sizes was statistically significant at a level

of p <.05, which means that the OY AS-Disposition Tool is a much better predictor of
general re sex offenders than for nonsex offenders [the formula from Hanley and
McNeil (1882) was used to calculate a Z-statistic to test significance]. In addition, most

domains VQ significantly stronger predictors of general recidivism for sex offenders
no

than for ffenders (all at least at a p < .05 level). These domains included history,
peers, edu nprosocial, substance, and values.

Table ws the percentage of youth that recidivated by risk level for the whole

US

sample, no enders, and sex offenders. These distributions are used to illustrate how
the OYASﬁjﬁon Tool is outperforming for sex offenders. These results showed that the
low-risk sers had by far the lowest recidivism rate at 11.3% compared with 37.3%
for no rs and 35.4% for the total sample, which is significant because sex
offenders in mple were low risk (81.8%). The recidivism rate of moderate- and high-
risk sex oftenders (50.0% and 75.0%, respectively) is more comparable with that of nonsex

offenders SS.9% and 68.6%, respectively).

Q [Insert Table 3 Here]
We the last set of analyses on the predictive validity of the OY AS-Disposition

Tool to ex@8mine the ability of the tool to predict sexual versus general recidivism. As this

h

was at no recidivism, sexual recidivism, and general recidivism), multinomial

t

logistic regressiofl was used. Table 4 presents the results. In this table, nonrecidivists are the

Ui

reference gr. r the dependent variable. After controlling for age and race (sex was

omitted

A

model because no females recidivated for a sexual offense), it can be seen
that the total score of the OY AS-Disposition Tool is an effective predictor of both sexual

[odds ratio (OR) = 1.22] and general recidivism (OR = 1.26) for sex offenders. The total
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score, however, was only significantly predictive of general recidivism (OR = 1.10) for the
subsample of nonsex offenders. It is important to note, though, that these findings should be
entire sa

approache! ﬁ caution because of the very low base rate of sexual reoffending (out of the

youth reoffended with a sexual offense).

I
s [Insert Table 4 Here]

Override isigus

Next, ove planations were examined to understand the ways officers justified using

them. Bewssing these explanations, it is important to note that 100% of overrides

occurred in an upgvard direction. Therefore, all justifications that will be discussed were used

to explain officers believed the OY AS-Disposition Tool was underestimating risk.
Twiomi endent coders examined overrides and created coding schemes. A meeting

was then he coders to discuss these themes. Once a unified coding scheme was

rs independently coded the responses. The initial kappa value on the

independent g was .8. The authors then met once more to discuss the discrepancies in
coding decisions.
In s%ard to the explanations, some common themes were mentioned frequently. The
most com ed justification was the need for increased treatment dosage and/or the
need for se nder treatment. This was mentioned in 58.7% of all override justifications.
The next &;t common justification was that the officer had also conducted a risk assessment
designewlly for sex offenders. This justification appeared in 49.1% of overrides.
Some officers (7;%) further justified using a supplemental specialized assessment tool by
mentioning e OYAS-Disposition Tool had not been validated on sex offenders.
Officers using the JSOAP and ERASOR as the specialized sex offender assessment

tools. The nature of the offense was also mentioned as justifying the need for an override. For

instance, 24.6% of officers cited the sexual nature of the offense as justifying the use of an
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override. Another 12.6% of officers mentioned the seriousness of the offense while not
specifically stating that it was a sex offense. Finally, in a few instances (3.2%), the officer
mentiom override was needed because the youth lacked remorse and/or denied
responsibmor her actions.

T?i WWas important to examine the frequency of overrides with sex offenders and
the impactghat @gerrides had on the predictive validity of the tool. Most sex offenders
received ane (57.3%), and there was evidence to suggest that this practice harmed the
predictivew of the OY AS-Disposition Tool when predicting general recidivism. For
example, only % of low-risk sex offenders who received an override to moderate risk
recidivated, which is substantially less than the 55.9% recidivism rate of moderate-risk
nonsex of&Also, as shown in Table 5, the AUC statistic dropped in size when
examinintionship between risk level and general recidivism for sex offenders who
did not i override (AUC = .71) compared with those who did receive one (AUC =
.59). The AU tistic of .59 for overridden cases was nonsignificant, which means that
using overrides for sex offenders pushes the ability of the overridden risk level to predict
general remn down to no better than chance levels. Moreover, the AUC statistic for the
relationsh@en overridden risk level and sexual recidivism was nonsignificant at .48,
which furth

ows that overrides are not accurately predicting recidivism.

[Insert Table 5 Here]

th

Discussion and linplications for Policy

u

Correspondi h the study’s hypotheses, the results indicated that the OY AS-Disposition

Toolis a ant predictor of nonsexual recidivism for both sexual and nonsexual

A

offenders. In fact, the OY AS-Disposition Tool significantly predicted sexual recidivism for

sex offenders, although this was not the case for nonsexual offenders. What is more, the total
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score of the OY AS-Disposition Tool was a better predictor of general recidivism for sex

offenders than it was for nonsex offenders. The findings from this study also corroborate

{

those of pri1 earch, which indicates that juvenile sex offenders score significantly lower
than nons on general risk assessments.
N E—

The findings in this study are consistent with those of past research showing that

general riskgass@gsment tools have utility with sex offenders (Seto & Lalumiere, 2010). If

G

further rese esults continue to support this finding, then the OY AS-Disposition Tool

S

should se rigdictions interested in predicting general recidivism for sex offenders. The

findings also s partial support for the tool’s utility at predicting sexual recidivism and,

U

therefore, haye important implications for both policy and research on the topic of sex-

1

offender r sment. First, past research on the efficacy of the model of the Central Eight

was suppafte % a result of this study. As was predicted by the creators of the model (Bonta

a

, the usefulness of risk assessment tools based on the Central Eight extend

beyond gene enders and predict offending for specialized offenders as well. Even more
interesting, the results in this study indicate that the Central Eight have utility in predicting

sexual reoffending for sex offenders. This finding is important given the unique criminogenic

[

risks and t factors measured on specific juvenile sex offender assessments (e.g.,

0O

sexual drive,S€Xual aggression, and sexual victimization history). Ultimately, more research

h

is needed t@ understand possible improvements that could be made to the prediction of sexual

{

recidivi

As it pertdins to overrides, the hypotheses were also supported in regard to ways users

Gl

of the OYA osition justified overrides. For instance, the most common justification for

the use o es with sex offenders was the perceived need for increased treatment

A

dosage. Interestingly, though, to date, no research findings indicate that sex offenders require

increased treatment hours solely as a result of the nature of their offenses. The officers in the
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study, however, often used overrides for the sake of increasing treatment dosage for a
subsample of youth made up mostly of low-risk offenders. Unfortunately, this goes against

best practicgsgn corrections, which follow the belief that treatment should not be provided (or
provided m) to low-risk offenders (Lowenkamp, Latessa, & Holsinger, 2006).
Therefo-regmonary practice has a negative impact on outcomes for youth and requires
further resgarchago understand how overrides influence outcomes in treatment and this effect
on recidivg

Tl‘w most common justification for overrides was the use and consideration of
the results ot a s@pplemental specialized sex offender assessment. What is more, some
officers menti that the OY AS-Disposition Tool had not been validated on sex offenders,
which is wanted to supplement with a tool that had been. This is encouraging
because ome taking into consideration research findings to inform their decision-

tely, there are few findings available that can help inform the practice of

assessments. For instance, no evidence would indicate exactly how

multiple risk assessments could be incorporated to produce the best outcomes for youth.

Furtherm as the field of risk assessment evolves, researchers and practitioners should

move tow ing the information provided on risk assessments to specific programs and
treatment plafts; which may be difficult with multiple assessments that contain conflicting
informati

Mpothesized, the predictive validity of the OY AS-Disposition Tool was
substantiv@ced by the use of overrides. Overrides pushed particularly low-risk
offenders intgai®K categories in which they were much less likely to reoffend compared with
other offe hose actual risk scores fell within those categories. This gives a false sense
of the true risk that overridden youth pose for reoffending. These findings are unsurprising

given that prior research results have consistently shown that actuarial methods far surpass
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other methods of assessment, especially professional judgment (Dawes, Faust, & Meehl,

1989). Therefore, departmental policies designed to reign in professional discretion by

{

rip

careful mo g may improve assessment and case management processes because the

results fro showed no clear benefit of using overrides.

Limitatio uture Directions

G

As this wa rst examination of the OY AS-Disposition Tool for juvenile sex offenders,

studies in

S

isdictions should be conducted in an attempt to determine the

generalizability Of the findings presented here. First, further research should also be aimed at

U

examining of overrides in other jurisdictions. As mentioned, justifications for the use

1

of overrid ary significantly by jurisdiction because of prevailing policies and

department p ‘W ophies/cultures. Second, the base rates for sexual recidivism in this study

d

had an ct on the results. Future research should be designed to prioritize large

samples to o nough sexual recidivists to create stable analyses. Finally, in this study,

M

we could not examine overrides that were from a higher risk level to a lower risk level as a

result of tRE absence of this phenomenon in the data. Studies aimed at examining the extent to

i

which thi override is used with the OY AS-Disposition Tool or other tools may help

0

build an un nding of the practice of overrides. Furthermore, in the event that overrides to

h

a lower risk level are uncommon, techniques such as deviant case analyses exist to bolster

L

knowle ommon outcomes.

Implication ractice

The find1 this study have several important policy implications that can be used to

Au

improve the assessment process of juvenile sex offenders. First, risk assessment practices can

benefit from the adoption of general risk assessments that have been validated on specialized
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groups of offenders because general risk assessment tools typically assess a more diverse set
of criminogenic risk and need factors (e.g., the Central Eight risk factors). Therefore, the case
manageme cess is improved by giving practitioners more targets for treatment and more
informati dosage of treatment needed, which is important as the findings from

. W ) .. :
this and oger studies show that sex offenders have a diverse range of criminogenic needs

(Hanson oftgn-Bourgon, 2005). Practitioners would be allowed to make more informed
case mana decisions by giving them information about the full range of criminogenic
needs.

Followingthe first recommendation is also important because research results show

that this practice improves the likelihood that practitioners will follow other best practices in
correction, ent, such as abiding by the principles of the risk—need—responsivity model
(Lowenkafinp , 2006). It is important to note, though, that caution should be taken against

the use and specialized risk assessment tools in tandem as there was no evidence in
this study to g the efficacy of this approach. Continued research is needed on this topic
because past findings are mixed about the effectiveness of combining the results of multiple
actuarial rsthods as a result of the complexity that it can add to the decision-making process
(Parent, G ight, 2011; Seto, 2005).

Secontd; Changes are needed to reduce the negative impact that overrides had in this
study. On&improvement would be to restrict the proportion of sex offense cases that can be
overridWrch findings indicate that offense seriousness is not positively correlated
with risk to reofES‘rd (Baglivio, Greenwald, & Russell, 2018; Latessa & Lovins, 2010). In

addition, sp raining could be implemented that targets increasing a risk assessment

2

user’s kn of the use of a general assessment with specialized groups of offenders.

Teaching risk assessment users how to negotiate the potential ambiguity in assessments is an
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integral next step in bridging the gap between practitioners and academia as it pertains to risk
assessment training.

Thit encies should consider validation research on specialized groups of offenders
before ful ation of a tool. Examination of the justifications for overrides in this
study u:c!mkepticism by OY AS-Disposition Tool users about the utility of the tool
with sex offen because they were aware that the tool had not been validated with this
group. Tthhe negative effect of increasing the rate of overrides for sex offenders
likely res I Clearly, this would not have been the case had officers been presented with
informatio@ng that the tool is predictively valid for sex offenders. Implementing policy
requiring m ensive validation research may increase officer buy-in and ultimately
improve tﬁmentaﬁon of the tool in practice.

Fiing to the previous recommendation for policy, validation research should

occur ictional level. McCafferty (2016) found that the validity of the OY AS-

Disposition aried across Ohio counties. More specifically, McCafterty found that the
OYAS-Daisposition Tool was significantly more predictive of recidivism in counties with
higher crifiie rates. Other differences across jurisdictions, such as procedural differences (e.g.,

sex offend@raﬁon), may make it important to validate risk assessment tools at the
jurisdiction el so that recommendations for policy can be made. Policies such as sex
offender rgi';tries could be enacted to increase surveillance on sex offenders and make
detectioﬁvism more likely. If a sex offender assessment were validated in a

jurisdiction that ;d not have a similar policy, this approach would be important as it could

potentially i the validity when used in a jurisdiction with different policies (Levenson
& Cotter,

Overall, although risk assessment research and practice have come a long way in the

past several decades, improvements could still be made. Incremental changes to policy would
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improve the risk assessment process by more closely monitoring discretionary decision-
making that we have shown to be detrimental. Reducing the problems with overrides that
were foh study would help to maintain the high levels of predictive validity found
for the O&

ition Tool with sex offenders. Therefore, the case management process

N E— ) . .
would ultighately improve and result in better outcomes for sex offenders involved with the

juvenile j@tem.
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Table 1. Descriptive Statistics and Mean Difference Tests (/V = 3,235)

Variable Full Sample Sex Offenders  Nonsex Offenders
o o 0 2
W Yo SD M Z) SD M Yo sp lorx Cohe
nD
Sex 84 - - - - - - - - -
Offender
[ ]
New — 1.00 - — 291 - — .56 - — -
Petition L
for Sex
Offense
New 482  — — 19.1 - — 504 —  86.04%* .69
Petition 1 7 8 *
for Any
Offense s
_ 664 — — 56.7 - — 67.6 — 13.62%** 23
Black C 0 4 0 %
— 79.3 - - 89.5 — — 79.5 - 16.35%* 28
Male m 0 1 3 %
Ace 15% - 1.5 152 - 1.6 155 — 1.5 3.28%* 21
& 35 38 2
Total - 5.6 17.56 — 45 12.6 - 55 17.86** 1.00
Score 5 0 6 8 *
Domains
) & - 99 58 - .83 .90 - 1.0 6.16%** 35
History 1
) @ - 1.6 1.12 — 1.2 2.14 - 1.6  12.74%** .70
Family 1 5 ) %
5 - 1.7 1.39 — 1.3 2.75 - 1.7 15.78%*%* .87
Peers 4 5 3 %
- 1.0 1.43 — 1.1 2.19 - 1.0 11.27** 71
Educatio 7 0 5 *
n
- 1.1 1.23 — 1.0 1.77 - 1.1 7.74%%** .49
Prosoc 5 9 2
1.76 - 1.2 1.15 - 92 1.85 - 1.2 11.77** .64
Substanc 5 5 *
e
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1.01 - 1.0 .66 .83 1.06 - 1.1 7.59%** 40
Values
9 3
w 286 2,94

" 9
Note. SD Viation.
*p < 03 s 0L **%p < .001.
Table 2. Qtistics Predicting New Petition as Qutcome for Full Sample and by
Subgroum
Variable 3 Full Sample Sex Offenders Nonsex Offenders

S AUC 95% CI AUC 95% CI AUC 95% CI
Total Sco‘ ‘ i O3 HE 61 —.65  T71HE .61-.80 O3 A .60 — .65
History E SoH*E* 5458 .o4%** S55-.74 S6%* 54— .58
Family Sk 57-.61 60H** S1-.69 S58%* .56 — .61
Peers L 60H** S8 —.62 TIE* .62 — .80 S8k .56 — .61
EducationO 63 H** 62 —.65  76%** .69 — .83 o2 %HE .60 — .64
Prosocial ! N okl S59—-.63 .66%** S7-75 S59%* 57 —.62
Substance: S8k S56—-.60  .67FE* S57-.76 SHE .56 —.60
Values 60F** 57— .61 647H%* S55-.73 S59%* S57—-.62
n < 3,235 286 2,949

*p <.05. *¥*p < .01. ***p < .001.
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Table Wtion Rates by OYAS-Disposition Tool Risk Level for Full Sample and

Risk L!v: Full Sample Sex Offenders Nonsex Offenders
Low O 35.4% 11.3% 37.3%
Moderatem 55.1% 50.0% 55.9%
High : 68.3% 75.0% 68.6%

Author Man
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Table 4. Multinomial Logistic Regression Predicting Sexual and General Recidivism (/V

= 3,235)
Variable Q Sex Offenders Nonsex Offenders
I . Sexual General Sexual General
Hecidivism Recidivism Recidivism Recidivism

-‘ OR SE OR SE OR SE OR SE

;.22* .09 .05 .99 .07 1.10%** 01
Total Score
1.26%**

Age : :;7 .26 5% 13 56* 23 No) el .03
Black m)o .58 1.23 44 4.16 1.10  1.48*** 10

n 286 2,949

Note. S

*p < .05. **s <.01. **%p < 001.

Ira error.
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Table 5. AUC Predicting General and Sexual Recidivism

Variable

sC

#uyt

General Recidivism

Sexual Recidivism

AUC 95% CI AUC 95% CI
Full Samp: 63 FF* .61-.65 .50 .39-.61
Original Ejls; ST AE .61-.80 4H* .69-99
Level for
Offenders
Overrié .59 A42-75 48 .00-1.00
Level for Sex
Offenders
General 63 FF* .60—.65 38 .20-.56
*n <.0 **%p <.001.
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