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Abstract
Risk assessment is routinely applied in forensic decision-making. Although relative risk 
information from risk scales is robust across diverse samples and settings, estimates of the absolute 
probability of sexual recidivism are not. Nonetheless, absolute recidivism estimates are still 
necessary in some evaluations. This paper summarizes research and offers guidance on evidence-
based practices for assessing the probability of recidivism, organized largely around questions 
commonly asked in court. Overall, estimating the probability of sexual recidivism is difficult and 
should be undertaken with humility and circumspection. That being said, research favours 
empirical-actuarial risk tools for this task, more structured scales, and the use of multiple scales. 
Professional overrides of risk scale results should not be used under any circumstances. 
Paradoxically, however, professional judgement is still required in some circumstances. Risk scales 
do not consider all relevant risk factors, but the added value of external risk factors reaches a point 
of diminishing returns and may or may not be incremental (or worse, can degrade accuracy). There 
are reasons actuarial risk scales may both underestimate recidivism (e.g., undetected offending, 
short follow-ups) and overestimate recidivism (e.g., inclusion of sex offences not of interest in some 
referral questions, data on declining crime and recidivism rates, newer studies demonstrating 
overestimation of recidivism). Given all these considerations and the need for humility, in the 
absence of exceptional circumstances, I would not deviate too far from empirical estimates.
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Highlights
• Evidence-based guidance for the difficult task of estimating the probability of sexual 

recidivism
• Research favours use of actuarial, structured, and multiple risk scales
• Discussion of the role and added value of professional judgement
• Review of ways risk assessment scales may both overestimate and underestimate 

recidivism

Virtually all decisions impacting people charged or convicted of a sexual offence should 
heavily consider their risk to reoffend; the risk principle of effective correctional practice 
tells us that greater reductions in recidivism will be achieved by prioritizing our treat
ment, supervision, and management resources proportionate to risk (Bonta & Andrews, 
2017). For almost all decisions (e.g., resource allocation, treatment/supervision intensity), 
relative risk information is sufficient to inform such evidence-based decision-making (G. 
T. Harris et al., 2015; Helmus, 2018). This is useful, as it appears as though structured 
risk scales are robust in assessing relative risk (a.k.a., discrimination; for brief review, see 
Helmus, 2018).

In contrast, structured risk scales do not appear consistent across samples in iden
tifying the absolute probability of recidivism (calibration; Helmus, 2018). Nonetheless, 
decision-makers have an affinity for them (Blais & Forth, 2014; Chevalier et al., 2015) 
and in some assessment contexts, such as civil commitment in the United States, they 
may even be legally required (Association for the Treatment of Sexual Abusers [ATSA] & 
Sex Offender Civil Commitment Programs Network [SOCCPN], 2015). As of 2015, 20 U.S. 
states and the District of Columbia have established some form of civil commitment; in 
roughly half of these states (ATSA & SOCCPN, 2015). The exact legislative criteria vary 
by state, but most have some form of criteria that imply an absolute threshold of risk 
(e.g., “likely” to reoffend), with some having fairly specific criteria in law or case law, 
such as “more likely than not,” which can be defined as a probability of recidivism that 
exceeds 50% (e.g., in Washington state, see re Detention of Brooks, 145 Wn.2d 275, 36 
P.3d 1034, 2001).

It is ironic that one of the most liberty-restricting decisions (i.e., preventative in
voluntary detention post-sentence) is most strongly tied to the least reliable piece of 
information that risk scales can provide (recidivism probabilities). As I have previously 
argued, given the instability of recidivism estimates, evaluators should be “humble and 
circumspect when reporting absolute recidivism probabilities (if they report them at all), 
with a cautionary note indicating that research demonstrates that recidivism estimates 
may not generalize well across diverse samples and settings” (Helmus, 2018, p. 3).

Despite the limitations of absolute probability estimates, professionals conducting 
risk assessments are often still required to opine on this issue. Consequently, it is crucial 
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that evaluations are as evidence-based as possible, while always acknowledging the 
limitations of current evidence. Humility and circumspection are important principles, 
but additional guidance may also be helpful.

The purpose of this paper is to summarize research relevant to estimating the 
probability of sexual recidivism and to offer evidence-based guidance. This includes 
considering factors that may influence recidivism estimates derived from risk scales. 
Much of this paper overlaps with content I have submitted in court cases where I was 
asked to comment on the quality and evidence base of the risk assessment methodology 
employed by a forensic evaluator. Section headings are often titled and organized around 
the most common questions I receive from lawyers, judges, or jurors. I will preface 
the paper with some foundational discussion of sexual recidivism base rates. Then I 
will outline some empirical premises that should inform the basis of all risk assessment 
decisions (with a focus on evidence from sex offence risk assessment). Lastly, I will cover 
some considerations that should inform specific estimates of the probability of sexual 
reoffending.

What Is the Overall Rate of Sexual Offence 
Recidivism?

This is a seemingly simple question, but it lacks a precise answer. Setting aside the issue 
of undetected recidivism (to be discussed further below), the public generally believes 
recidivism rates are higher than the data suggest (Helmus, 2016; Krauss et al., 2018; 
Levenson et al., 2007). One of the earliest and most frequently cited meta-analyses 
(Hanson & Bussière, 1998) found a sexual recidivism rate of 13% among 23,393 men 
charged or convicted of sexual offences across 61 different studies, with an average 
follow-up period between 4-5 years. More recently, examining 7,225 men charged or 
convicted of sex offences across 20 diverse studies, Hanson, Harris, Letourneau, Helmus, 
and Thornton (2018) found 5-year sexual recidivism rates of 9%, 10-year rates of 13%, 
15-year rates of 16%, 20-year rates of 18% and 25-year rates of 18.5%.

These long-term findings suggest two things. Firstly, long-term rates of recidivism 
(e.g., 20-25 years) are roughly double the rate of 5-year estimates, although the gap 
reduces as risk increases (Thornton et al., 2021). Secondly, recidivism is most likely to 
occur in the early years of release. The longer someone stays sex-offence free in the 
community, the less the likelihood of sexual recidivism. After 10-15 years of release, 
most individuals charged or convicted of sexual offences pose no more risk of sexual 
recidivism than people with a criminal history but who have no known sexual offences 
(for more detailed analyses and generation of lifetime residual risk calculations, see 
Thornton et al., 2021).

One of the complications in assessing sexual recidivism base rates from the above 
reviews is that the rates vary across studies. Obviously longer follow-ups are associated 
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with higher recidivism, but the variability extends beyond that. In addition to random 
chance, studies differ on so many different factors, such as where they came from (e.g., 
what country, what setting – such as prison or probation sample), how they define 
recidivism (e.g., charges, convictions, the types of criminal records they obtained), and 
what types of individuals were included in that sample (e.g., more high risk cases, or 
more low-risk cases).

Overall, previously cited meta-analyses and reviews are likely to overestimate detec
ted recidivism rates. The reason for this is because we tend to conduct more research 
on higher risk samples. This is often due to practicalities: settings with higher risk 
individuals (e.g., prisons, lengthier and more intensive treatment programs, individuals 
under intensive supervision, screened for civil commitment) tend to collect more detailed 
and richer information, which is a better source of data for researchers. For example, the 
recidivism norms for Static-99R (Hanson et al., 2016) have samples of routine/representa
tive cases, and samples of people preselected as high risk/needs, but there is no collection 
of samples preselected to be low risk. This is because little to no research is conducted on 
these types of samples; if anything, they are often diverted away from settings where we 
would obtain detailed risk assessments on them (notably, this is consistent with the risk 
principle; Bonta & Andrews, 2017).

So what are the base rates of recidivism if we examine studies that are more repre
sentative of the population of all individuals convicted of sexual offences? Restricting 
it to more representative samples (12 studies, n = 7,244), the 5-year sexual recidivism 
rate is closer to 7% (Lee & Hanson, 2021), rather than the 9-13% range presented above. 
More recent studies tend to find even lower rates. For example, a study of over 17,000 
men convicted of sexual offences in Texas found that 4% were re-arrested for a sexual 
offence within 5 years (Boccaccini et al., 2017). Internationally, a 5-year sexual recidivism 
rate of 6% was found for a population-based sample of inmates in Austria (the propor
tion of individuals convicted for sexual offences who are not incarcerated is unknown; 
Rettenberger et al., 2015).

Consequently, answering the question “what is the recidivism rate” depends on a lot 
of factors. Our most precise way of estimating this is to consider things like the length 
of follow-up, and the risk level of the individual (while also ensuring we understand 
how most studies define and measure recidivism, which is discussed further below). 
Recidivism estimates from actuarial risk scales consider both follow-up length and the 
individual’s risk factors, and tend to provide the best estimates.

As an example, Figure 1 presents the 5-year recidivism rates based on their Static-99R 
(Helmus, Thornton, et al., 2012) scores across a collection of fairly routine and represen
tative samples (Hanson, Thornton, et al., 2016). Here, recidivism refers to new charges 
or convictions for sexual offences. Higher Static-99R scores are associated with higher 
recidivism rates. Depending on their score, expected recidivism rates are as low as 
1% and as high as 53%. Even with this breakdown, however, the recidivism estimates 
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per score vary significantly across different samples in ways that are not yet fully 
understood (Hanson, Thornton, et al., 2016). In other words, the probability of recidivism 
associated with a Static-99R score of 2 was not consistent across samples and it’s hard 
to know why. Helmus (2009) found that some common methodological differences (e.g., 
year of release, type of offence, recidivism criteria) did not meaningfully explain the base 
rate variation. Although many factors likely contribute small amounts to the variation, 
Hanson, Thornton, et al. (2016) have concluded that the most likely explanation refers to 
the density of dynamic risk factors. Specifically, for individuals with a Static-99R score of 
2, for example, higher recidivism rates will be found for individuals with higher levels of 
dynamic risk.

Figure 1

Five-Year Recidivism Estimates per Static-99R Score

Empirical Premises of Recidivism 
Risk Assessment

This section discusses four evidence-based principles for conducting risk assessment, 
including my recommendations within these topics.

1) The More Structured, the Better
Research finds that the most accurate approaches to predicting behaviour are empir
ical-actuarial. Following Meehl’s (1954) definition, actuarial prediction scales are me
chanical methods where the items are explicitly identified, with a clear algorithm for 
computing total scores, and probabilities of the outcome (e.g., recidivism) are provided 
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for each total score. Hanson and Morton-Bourgon (2009) have further clarified that 
empirical-actuarial scales are ones in which the scale items are supported by research.

There is a large and cross-disciplinary body of research regarding recidivism and 
many other outcomes, suggesting that mechanical prediction schemes outperform un
structured professional judgement (Ægisdóttir et al., 2006; Bonta et al., 1998; Dawes et 
al., 1989; Grove et al., 2000; Hanson & Morton-Bourgon, 2009; Mossman, 1994). As I have 
discussed previously (Lehmann et al., 2016), this cross-disciplinary literature contradicts 
the intuitive belief that the expertise of professionals should be better equipped to 
handle complex situations and case-specific factors (e.g., Boer et al., 1997). Paradoxical
ly, it appears to be simultaneously correct that although level of expertise matters in 
predicting many outcomes (e.g., experts generally outperform novices), actuarial decision 
algorithms outperform experts, but only under some conditions (Kahneman & Klein, 
2009; Shanteau, 1992). An important question, then, is under what conditions?

In summarizing the decision-making and cognitive science literature, Shanteau (1992) 
found evidence for good expert performance in weather forecasters, livestock judges, 
astronomers, test pilots, soil judges, chess masters, physicists, mathematicians, account
ants, grain inspectors, photo interpreters, and insurance analysts. Poor professional 
judgements were noted for clinical psychologists, psychiatrists, student admissions eval
uators, court judges, behavioural researchers, counselors, personnel selectors, parole offi
cers, polygraph judges, intelligence analysts, and stock brokers. Mixed performance was 
found for nurses, physicians, and auditors. Shanteau (1992) proposed a variety of task 
features that were associated with poorer performance from experts. He concluded that 
human behaviour is inherently more unpredictable than physical phenomena, and that 
decision-making is particularly difficult for unique tasks, when feedback is unavailable, 
and when the environment is intolerant of error.

Kahneman (2011) provided a more updated summary of the performance of experts 
across a variety of tasks, with similar conclusions. According to Kahneman and Klein 
(2009), expert opinion can be expected to outperform actuarial decisions when the envi
ronment is regular (i.e., highly predictable), the expert has considerable practice, and 
there are opportunities to get timely feedback on decisions to learn from errors or false 
cues. These conditions are generally not present in recidivism risk assessment. The sheer 
number of diverse predictors of recidivism (e.g., see Bonta & Andrews, 2017; Hanson & 
Morton-Bourgon, 2005) suggest that criminal behaviour is not highly predictable. The 
number of contingencies are infinite (Hanson, 2009) and evaluators typically receive 
no feedback on their decision, much less timely feedback. Additionally, risk assessment 
environments are arguably one of the most risk-averse and least tolerant of error.

Given these general and well-replicated findings supporting mechanical deci
sion-making, I recommend using empirical-actuarial approaches, wherever valid scales 
exist. Additionally, the more structured, the better (e.g., scales with more detailed scoring 
rules). More structured scales will decrease (but not eliminate) variability in scores and 
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predictive accuracy across evaluators and settings and they will increase transparency 
and objectivity, all of which are beneficial for high stakes decisions. More structure in the 
scale’s coding rules is particularly helpful in cases with extensive file information, where 
it becomes increasingly difficult for clinical judgement to focus on the most relevant 
information. As an example of more structure reducing variability, studies examining 
Structured Professional Judgement (SPJ) scales have found that variability in the accura
cy of the scales is higher when the final assessment is presented as a professional opin
ion as opposed to a total score (Hanson & Morton-Bourgon, 2009; Helmus & Bourgon, 
2011). Additionally, higher interrater reliability, which is often a byproduct of structured 
scoring guidelines, has been generally related to higher predictive accuracy (Hanson & 
Morton-Bourgon, 2009; Smid et al., 2014).

Additionally, actuarial risk scales provide more precise quantitative risk communica
tion information than other methods, such as SPJ scales. For example, SPJ scales cannot 
provide empirically validated recidivism probability estimates, reducing their utility for 
civil commitment evaluations. As another example, research has found that Static-99R, 
which has a very structured and detailed coding manual, was much less susceptible 
to adversarial allegiance biases (i.e., scores that tend to favour the side that retained 
the evaluator) than the Psychopathy Checklist-Revised (PCL-R; Hare, 2003), which is 
structured, but still has much more open-ended and subjective scoring criteria (Murrie et 
al., 2013).

There is one important caveat to this suggestion: This section presumes that the 
empirical-actuarial scales are being applied to appropriate populations (i.e., individuals 
broadly similar to the types of cases that were included in the development and valida
tion research on the scale). If this precondition is not met, alternative risk assessment 
methods may be required. For example, there are currently no actuarial risk assessment 
tools validated for females who have sexually offended; consequently, professional judge
ment is the best option available.

2) More Scales Are Better (But the Best Way to Combine Them 
Isn’t Clear)
No single risk assessment scale captures all relevant information, and no single scale 
has been consistently demonstrated to be superior to any other scale (Hanson & Morton
Bourgon, 2009, with the exception that the RRASOR is statistically inferior to several 
other scales). In other words, there are multiple scales available, with different strengths/
weaknesses/purposes, with no clear winner.

A more comprehensive and balanced assessment would consider multiple risk assess
ment scales. Meta-analyses have found that dynamic risk scales add incrementally to 
static risk scales, and more specifically, Static-99R and STABLE-2007 add incrementally 
to each other (Brankley et al., 2021; Van den Berg et al., 2018). Even highly similar 
static risk scales for individuals charged or convicted of sexual offences add unique 
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information in predicting sexual recidivism (Babchishin et al., 2012; Lehmann et al., 2013; 
note that Seto, 2005 did not find incremental validity but this study was insufficiently 
powered).

In these studies, however, the incremental validity tended to be small in magnitude. 
Consequently, just because multiple scales significantly improve accuracy does not nec
essarily mean that the improvement provides sufficient practical gains in accuracy to 
warrant the added time involved in using multiple scales; this is a separate consideration 
that requires weighing the extra time/resources required, practical considerations, and 
the consequences of the decision both to individual liberty and public safety. Nonethe
less, given these findings, Babchishin et al. (2012) recommended that for high stakes 
decisions such as civil commitment, both Static-99R and Static-2002R should be used. If 
different scales each predict the same recidivism outcome and measure at least some 
different things (or measure those things differently, or weight them differently), then we 
would expect value added in using multiple risk scales. Multiple scales converging with 
similar information should increase our confidence in the assessment results. Multiple 
scales providing meaningfully different results should encourage us to be more cautious 
in our assessments and necessitate thoughtful analysis and interpretation.

What is not yet fully established in the research literature is exactly how the results 
of different risk scales should be combined. Conceptual arguments could be made for 
methods such as trusting the highest risk estimate (i.e., being most cautious), trusting 
the lowest (i.e., giving the individual the benefit of the doubt), and trying to identify 
the best scale (although research demonstrates that there likely is no “best” scale). 
Assuming all scales are relatively equal, an averaging approach makes the most sense 
psychometrically; each scale assesses risk with some error, and averaging them should 
provide a better, more reliable assessment. This assumption, however, cannot be taken 
for granted.

For combining Static-99R and Static-2002R, the findings of Babchishin et al. (2012) 
broadly supported an averaging approach but without specific guidance on how to do 
so; the Lehmann et al. (2013) study found the best approach was from averaging (their 
method involved averaging risk ratios). The averaging approach, however, is unlikely 
to be ideal in some situations, such as one scale meaningfully predicting better than 
another1, one scale having lower quality recidivism estimates, or a greater mismatch be
tween the individual being assessed and the validation research (e.g., a person >60 years 
old assessed on a scale that does not do a good job accounting for age, an Indigenous 
individual assessed with multiple risk scales demonstrating considerable variability in 
cross-cultural validity)

1) For example, in the case of static risk factors substantially outpredicting dynamic risk factors, a scale that combines 
the two without giving much less weight to the dynamic factors may lead to degradation in accuracy (Helmus et al., 
2019).
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3) Professional Overrides Degrade Accuracy
As I have previously discussed (Helmus & Quinsey, 2020), it is well known (and more
over, obvious) that actuarial risk scales do not include all relevant/possible risk factors. 
Does that mean that predictive accuracy could be improved by adjusting actuarial results 
based on external, empirical risk factors not included in the scale? This seems intuitively 
defensible, but research has consistently found that overriding actuarial results degrades 
their predictive accuracy. In their meta-analysis, Hanson and Morton-Bourgon (2009) 
found three studies showing degradations in predictive accuracy when clinicians were 
allowed to override risk scale results based on what they considered to be important for 
that case.

In a subsequent and impressively large study, Wormith et al. (2012) examined the 
accuracy of the Level of Service/Case Management Inventory (LS/CMI, one of the most 
frequently used actuarial risk scales for general recidivism; see Bonta & Andrews, 2017) 
in predicting general, violent, and sexual recidivism among individuals convicted for 
non-sex offences (N > 24,000) and sexual offences (N > 1,900). The results were the same 
for both offence types and all three recidivism outcomes: the overrides degraded the 
accuracy of the scale. Interestingly, the degradations were consistently more pronounced 
for individuals convicted of sexual offences. Similar results were found for juveniles 
convicted of sexual and non-sexual offences, with the largest degradations in predictive 
accuracy found for overrides when trying to predict sexual recidivism (Schmidt et al., 
2016). Even when staff in one jurisdiction were trained on the research regarding over
rides and requested to use them judiciously (e.g., no more than 5% of cases), predictive 
accuracy was still lower when overrides were applied, compared to the original actuarial 
estimates (Guay & Parent, 2018).

A further study on overrides examined 441 individuals released from Minnesota 
prisons in 2012 (Duwe & Rocque, 2018). Corrections staff scored cases on the MnSOST-3. 
Additionally, an End of Confinement Review Committee assigned a risk level. This 
multi-stakeholder committee consists of the prison warden, a law enforcement officer, a 
sex offender treatment professional, a caseworker experienced in supervising individuals 
convicted of sex offences, and a victim services professional. This process is unique 
in that risk level decisions are made jointly by this diverse committee representing 
different stakeholders in risk management for those convicted of sexual offences. They 
considered actuarial risk assessment scales combined with other information they con
sidered relevant. The risk level determined solely by the MnSOST-3 risk assessment 
scale was strongly related to sexual rearrests. However, the risk level determined by 
consensus from this multi-disciplinary committee showed little to no relationship with 
sexual rearrest and was substantially worse than the results of the risk scale.

If we know that actuarial risk scales do not incorporate all relevant information, then 
why don’t overrides work? There are many potential reasons for this. Although some 
evaluators may be capable of identifying empirically-supported risk factors external to 
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the scale, they may not be good at integrating this information. Perhaps the additional 
risk factors already correlate with existing information in the scale such that the new 
information does not add incremental accuracy (i.e., does not provide any meaningful 
improvement in accuracy above the information already considered). Or perhaps they 
overweight the new information – given how much is already included in the risk scales, 
additional relevant factors may make only a tiny additional contribution to what is 
already measured, in most cases not changing the individual’s risk category.

The ability to override results may exacerbate a punitive or risk-averse tendency in 
evaluators, which is seen in findings that evaluators are far more likely to use overrides 
to increase than to decrease an individual’s risk score (Hanson et al., 2015; Schmidt et al., 
2016; Wormith et al., 2012), although in one study where staff used overrides judiciously, 
they were used roughly equally in both directions (Guay & Parent, 2018). Furthermore, 
Wormith et al. (2012) found preliminary evidence that, unlike overrides to increase risk, 
overrides to decrease risk may have merit, although so few cases were overridden down 
to make strong conclusions. This suggests that evaluators may not be good at assessing 
circumstances that would increase risk, but they may be able to assess circumstances that 
decrease risk.

Additionally, where subjectivity is increased, so is the potential for bias. Consequent
ly, it is probable that overrides are influenced at least to some extent by factors irrelevant 
to recidivism risk. This may also explain why degradation in accuracy is strongest for 
people convicted of sexual offences, where there is a strong negative emotional reaction 
to their offences (colloquially referred to as the “ick factor”). This “ick factor” would 
explain why evaluators were more likely to upgrade risk excessively for individuals 
convicted of sex offences compared to non-sexual offences (Wormith et al., 2012). In 
addition to increasing the potential for bias, subjectivity also increases unreliability. 
With so many possible reasons to override, it is not surprising that Hanson et al. (2007) 
found near-chance levels of agreement in override decisions (ICC = .15). This alone could 
explain the lack of predictive value of overrides; if evaluators cannot agree on when and 
why to override, the overrides are unlikely to predict outcomes.

Regardless of the reason for the degradation in accuracy, the research findings are 
clear that actuarial results should not be adjusted. These findings are also consistent 
with the broader literature in other areas of decision-making involving predictions of 
human behaviour, whereby mechanical prediction approaches outperform professional 
judgement.

4) A Paradox: Professional Judgement Degrades Accuracy, But Is 
Still Necessary
Paradoxically, even though research supports mechanical approaches to prediction over 
professional judgement, and that professional overrides degrade the accuracy of actuarial 
risk scales, this does not remove professional judgement and expertise from the task 
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of risk assessment. As discussed above, risk assessment scales do not incorporate all 
relevant information. Additionally, rarely is a risk assessment scale specifically designed 
to assess the referral question in a legal case, particularly when it comes to civil commit
ment.

So where does this leave the conscientious evaluator who knows that all relevant 
information is not included in the risk scale, but trying to adjust the scale will only 
make things worse? It is important to remember that a risk assessment scale is one 
piece of information that is used in case management decisions. It is an important piece 
of information, but it is not the sole piece of information. As noted by Hanson (2009), 
“scoring an actuarial risk tool is not a risk assessment” (p. 174).

Even when actuarial scales are used, professional expertise is needed to pull every
thing together in the risk assessment. It is needed to determine whether any unique 
factors exist that may reduce confidence in the application of a particular risk scale 
with a particular case. For example, for perhaps the person is not representative of the 
samples used to develop/validate the scale, or there is an important construct not meas
ured in the scale that has demonstrated incremental accuracy in predicting the relevant 
outcome. Professionals must synthesize and interpret discrepant results of risk scales, 
which may involve considering the amount of empirical support, the purpose, and the 
construct validity and composition of the various scales. Lastly, professionals must make 
extrapolations and form an overall opinion given that risk scales rarely provide a yes/no 
answer to the specific referral question (e.g., particularly in civil commitment, there are 
differences in the outcome relevant to the legal criteria compared to the outcome being 
predicted by the scale).

For example, a risk assessment scale like Static-99R can tell you (with important 
limitations) the probability of an individual with this score being charged or convicted 
of any new sexual offence (including non-contact sex offences) within five years. And 
this information should not be altered via professional judgement. However, this is not 
the same as indicating the lifetime probability of an individual committing (detected or 
undetected) a new predatory act of sexual violence (if that is the criterion of civil com
mitment). Consequently, some professional judgement is required in using information 
from actuarial risk scales to inform the specific referral question. Given these considera
tions and the general findings supporting the higher accuracy for mechanical prediction 
approaches, I recommend that empirical-actuarial risk scales should be given the most 
weight in predicting likelihood of recidivism, and that professional judgement needs 
to be incorporated, but sparingly and with humility, and separately from the actuarial 
results.

Helmus 11

Sexual Offending: Theory, Research, and Prevention
2021, Vol. 16, Article e4283
https://doi.org/10.5964/sotrap.4283

https://www.psychopen.eu/


How Much Should Factors Outside Structured Risk Scales Influence Overall 
Conclusions About Recidivism Probability?

Given that no structured risk scales consider all relevant risk factors, overrides degrade 
accuracy, but some professional judgement is still required, I am often asked how much 
consideration should be given to external, evidence-based risk factors. The challenging 
part in forming an overall evaluation of risk is to understand how much this external 
information should influence your overall evaluation. My basic opinion is absent the 
truly exceptional case (i.e., the person who tells you his plan to reoffend; severe mobi
lity impairments), some but not a lot. Here, it’s important to add some comments on 
incremental validity, which refers to how much the new information adds to existing 
information in predicting recidivism.

We know that many risk factors on their own (i.e., if that’s the only risk factor 
you consider) have a small to moderate effect in predicting recidivism (e.g., Hanson & 
Morton-Bourgon, 2005). By combining risk factors together into an overall scale, you can 
get moderate to large predictive accuracy. But risk factors are not purely additive. They 
tend to be related to each other, so someone who has one risk factor (e.g., a risk factor 
not included in the risk scale you’re using), likely has other related risk factors, which 
likely will be captured in existing risk scales (Brouillette-Alarie & Hanson, 2015). In other 
words, the unique value of a risk factor above and beyond risk scales is generally much 
smaller than the value of that information if that was the only thing you considered (i.e., 
you did not use any risk scales).

Consequently, adding more risk factors will reach a point of diminishing returns. 
That’s generally why most risk scales stop after including 10-20 items. So even a factor 
that predicts well on its own and is not included in a risk assessment scale may add little 
to nothing in predicting recidivism after you account for the risk scale. This is probably 
part of why overrides don’t work: because without structured scales developed from 
research, people do not have an easy, intuitive way to consider the unique, added value 
of a new risk factor above and beyond all the risk factors they have already considered 
in their risk assessment scales, and so they tend to give too much weight to the external 
information.

Example: Number of Sex Offence Victims

The most common example I see in risk assessment reports is evaluators opining that 
the risk scale underestimates the individual’s risk because it considered their charges 
or convictions for sex offences but did not take into account a large number of sex 
offence victims, including unadjudicated victims. This argument makes a number of 
assumptions: a) that having more sex offence victims than what is reflected by charges or 
convictions is unusual or noteworthy; b) that the number of victims predicts recidivism; 
c) that it is not adequately addressed by other methods of accounting for criminal 
history; and d) that it adds incrementally to existing risk scales. I have seen cases where 
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it seems the number of victims is given equal (if not more) weight than the risk scale 
results in the evaluator’s final opinion of risk, but looking at these assumptions it seems 
the threshold for a factor like this to appreciably change the risk assessment results is 
actually quite high.

It is not uncommon for individuals with a history of sex offending to have more 
victims than their criminal record captures. Findings vary but individuals convicted of 
sexual offences typically report on average, between 2-10 times as many sex offence 
victims as their official criminal records would indicate (Ahlmeyer et al., 2000; Emerick & 
Dutton, 1993; Groth et al., 1982; Weinrott & Saylor, 1991). In a recent study, the number 
of sex offence victims was significantly related to sexual recidivism (Stephens et al., 
2018), although it is unknown whether this variable would add to predictive accuracy 
above and beyond existing risk scales and factors, and if so, how much.

Whether victim count adds incrementally to existing risk scales has not been directly 
tested, but this relates to the issue of whether it is an optimal method of measuring 
criminal history. In analyses leading to the development of Static-2002R, Hanson and 
Thornton (2003) found that the number of offences in the current sentencing occasion 
for sex offences was not related to sexual recidivism. In other words, looking at the 
most recent sex offence charges/convictions, individuals who were convicted of multiple 
offences were not more likely to reoffend than individuals convicted of one offence. 
When capturing sexual offending history, the number of sentencing occasions was 
slightly more predictive than the number of charges or the number of convictions (where 
the latter two would be more sensitive to the number of offences committed or the 
number of victims). This suggests that when predicting recidivism, it is better to count 
the number of sentencing occasions rather than the number of offences/victims/charges.

This result may seem counter-intuitive. The number of victims is not included in 
most risk scales and it feels important. One possible reason for this finding is that sexual 
offending behaviour might be very different for people who have not been detected 
versus those who have been detected by the criminal justice system. People are more 
likely to continue bad behaviour if they are not experiencing consequences for it. From 
that perspective, the number of occasions sanctioned would be far more informative 
about risk than the number of victims, particularly the number of victims before being 
caught for the first time.

This example demonstrates that a seemingly intuitive position (“this scale underesti
mates risk because it does not take into account these undetected victims”) rests on a 
number of assumptions which could contribute to degradations in accuracy. That being 
said, of course further research could always suggest improvements and structured ways 
to consider this information. For example, although it can be presumed that people 
convicted of sexual offences have more victims than what is noted on their criminal 
record, perhaps there is some threshold for victim count that really does override risk 
scale results. Where this threshold resides, however, is unknown and would need to be 
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empirically investigated. Overall, this example illustrates the potential danger of placing 
much emphasis on risk factors not incorporated in risk scales.

How Good Are Absolute Recidivism Estimates 
From Actuarial Scales? Do They Over-Estimate 

or Under-Estimate Recidivism?
Empirically derived recidivism estimates from empirical-actuarial risk scales are the 
strongest and most defensible way of making predictions about an individual’s likelihood 
of reoffending. That being said, however, this does not mean that recidivism estimates 
are without error. It is important to acknowledge the strengths and limitations of 
the recidivism estimates and any assessment measure used (American Psychological 
Association, 2013), consider how the estimates map on to the outcome of interest for a 
particular case or jurisdiction, and to consider the likely direction of external factors (e.g., 
would they result in the recidivism estimates over-estimating or under-estimating the 
outcome of interest?).

Importantly, research has consistently found that although risk assessment scales 
are fairly consistent across diverse samples and settings in terms of ranking individuals 
according to their relative risk to reoffend, the exact probability estimates of recidivism 
tend not to generalize as well (Hanson, Thornton, et al., 2016; Helmus, Hanson, et al., 
2012; Helmus & Thornton, 2016; Mills et al., 2005; Olver et al., 2014; Snowden et al., 
2007). Often, there are empirically based reasons why recidivism estimates from existing 
actuarial risk scales may be too low in predicting this outcome, but also other reasons 
that they may be too high.

Reasons Why Actuarial Recidivism Estimates May Be Too Low
Underreporting

This is an obvious one and almost universally (and appropriately) mentioned. All recid
ivism estimates from evidence-based risk tools are based on new charges and/or convic
tions for a sexual offence and they will be an underestimate of true recidivism because 
sexual offences are notoriously underreported. The challenge, however, is that we do 
not know how much this underreporting might influence officially detected recidivism 
estimates.

Combined across many victimization surveys, a reasonable estimate is that approxi
mately 10% of sex crimes may be reported to police (for review, see Hanson et al., 2003), 
although this information is becoming dated and reporting rates are likely to change 
over time (e.g., after the #MeToo movement). Taking 10% as a heuristic, however, that 
does not mean that real recidivism rates are 10 times higher than observed recidivism 
rates. There are several reasons for this.
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Firstly, over 95% of individuals arrested for sexual offences have no detected sex 
offence history (Sandler et al., 2008), so it is hard to generalize from overall rates of 
reported crime to a small subset of already-detected individuals. In other words, those 
already detected and convicted for sex offences might be much more likely to be caught 
for future offences than perpetrators who are unknown to the criminal justice system. 
Additionally, many individuals who reoffend will commit multiple sex offences, increas
ing their likelihood of being detected overall. They may not get caught for their first 
or second victim, but if they keep reoffending, they will likely be caught eventually, 
regardless of low detection rates. This means that the detection rate per offence is 
lower than the detection rate per individual (whereby the detection rate per individual is 
influenced by the number of victims they have, as well as other factors).

Consequently, understanding how underreporting will impact recidivism estimates 
requires considering reporting rates and the average number of victims per offender, 
as well as potential differences between individuals who haven’t been caught versus 
those who have. An additional complication is that higher risk offenders are more likely 
to be higher-frequency offenders, which means that they may be more likely to be 
eventually detected for recidivism. And yet another complication is that some types 
of offences have higher detection rates (e.g., violent stranger rapes or attempted rapes 
versus exhibitionism or incest; Hanson et al., 2003).

One example of research that attempts to quantify this effect is a 2003 conference 
presentation from Hanson and colleagues. Examining empirically derived estimates of 
plausible detection rates as well as offence frequency rates, depending on an individual’s 
risk level, their probability of being detected for a sexual recidivism incident could be 
as low as 5% (in which case observed recidivism rates would severely underestimate 
real recidivism) or as high as 90% (in which case the underestimation may only be very 
small).

More recently, Scurich and John (2019) explored undetected sex offending with a 
variety of different statistical modeling assumptions and suggested that the gap between 
detected and real sexual offending may be quite large. Unfortunately, there is insufficient 
evidence to evaluate many of the assumptions of their models (e.g., Kelley, 2019; note 
that some of these limitations would be shared in the Hanson et al., 2003 estimates as 
well). For example, Scurich and John’s (2019) analyses presume that reporting rates, suc
cessful prosecution rates, frequency of offending rates, etc., do not meaningfully differ 
for individuals who have never been caught vs those already known to the system. Their 
modeling also assumed these factors would be similar across risk levels and offence types 
(e.g., contact versus non-contact offences), which is unlikely. Their models also assumed 
100% of allegations are substantiated. While false reports are hopefully uncommon, they 
do exist.

Their analyses also assumed frequency of offending per individual does not change 
over time, which contradicts key literature on desistance (Hanson, 2018). Much of the 

Helmus 15

Sexual Offending: Theory, Research, and Prevention
2021, Vol. 16, Article e4283
https://doi.org/10.5964/sotrap.4283

https://www.psychopen.eu/


recidivism research they relied upon came from out-of-date and non-representative sam
ples. Some of these timing issues may be critically important as detection rates could 
change considerably over time with cultural shifts. For example, Canada has witnessed 
increases in sex offending reporting rates in the 1980s (along with increases in the 
legal definition of what constitutes a sex offence; Kong et al., 2003) and again since the 
#MeToo movement started in 2017 (Rotenberg & Cotter, 2018).

Where does this leave us? Scurich and John’s (2019) models indicate that the gap 
between detected and undetected offending varies considerably based on these unknown 
parameters. So in other words, we really don’t know with confidence what this gap is 
until we develop better research on the underlying parameters. This research should be 
sensitive to time (i.e., length of follow-up, changes in sex offending rates and detection 
over time), case features (type of offences, frequency of offending), and differences 
between individuals never detected vs detected (and for the latter group, differences 
prior to and post-detection). For example, based on the parameters used by Scurich 
and John (2019), for an overall recidivism base rate of 15% after 5 years, estimates of 
actual reoffending range as low as 19% to as high as 82%. Based on the limitations of 
their analyses, the gap is unlikely to be as large as they fear. But there is still much 
unknown. Given the large number of factors and assumptions influencing these types of 
estimates, we do not yet have a sufficient empirical basis to provide reliable structured 
extrapolations to undetected recidivism. But we can identify certain principles, such as 
for those who offend with higher frequency, the gaps between detected and undetected 
offending will be smaller. In other words, high rates of underreporting do not necessarily 
mean high rates of undetected recidivists; it is possible that many unreported offences 
are attributed to already-detected recidivists as well as perpetrators completely unknown 
to the criminal justice system.

Shortage of Long-Term Follow-Up Studies

Not surprising, it is more difficult and time consuming to conduct long-term recidivism 
studies. Consequently, most actuarial risk assessment scales provide recidivism estimates 
for 5 and/or 10 year follow-up periods. If you were to factor in longer follow-ups (e.g., 
20 years, lifetime recidivism), the cumulative recidivism rates would increase, but it 
is difficult to know exactly by how much (and similar to accounting for undetected 
offending, this pattern would likely differ based on risk levels). For people convicted 
of all types of offences, including sex offences, they are most likely to reoffend shortly 
after release. The longer they are able to remain offence-free, the less likely recidivism 
becomes (Blumstein & Nakamura, 2009; Bushway et al., 2011; Hanson et al., 2014; 
Howard, 2011). A recent and important advance in this area has been the development of 
statistical models to calculate lifetime and residual estimates of sexual recidivism based 
on Static-99R (Thornton et al., 2021).
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Reasons Why Actuarial Recidivism Estimates May Be Too High
Type of Sexual Offences Included (e.g., Non-Contact)

Most current risk assessment scales included non-contact sexual offences in their out
come, which may not be part of some referral questions. For example, indeterminate 
sentences may be based on risk for contact sexual offences, violent sexual offences, or 
even more narrow terms such as “predatory acts of sexual violence” (e.g., Washington 
state RCW 71.09.020(18)). Consequently, the outcome in existing risk scales may overesti
mate of the types of offences in the referral. For example, in a representative sample of 
released inmates from Austria, five-year sexual recidivism rates decreased from 6% to 4% 
when only contact offences were considered (Rettenberger et al., 2015).

Crime Rates and Recidivism Rates Are Declining Over Time

There is considerable research suggesting that crime rates and recidivism rates are 
declining over time. This is true of all crimes, as well as sexual offences specifically (for a 
review, see Helmus, 2009). To obtain 10-year recidivism estimates, any research must be 
examining individuals released at least a decade ago. However, given how long it takes to 
collect and publish data, most current 10-year recidivism studies contain cases released 
at least 15 years ago. Given declining crime and recidivism rates, this may mean that 
research studies perpetually overestimate current recidivism rates.

Some Studies Are Finding That Static-99R Overestimates Recidivism

This is specific to Static-99R (I have yet to see similar research conducted on other 
scales) and could be partly related to the declining recidivism rates over time or may 
reflect other factors such as a shortage of large recidivism studies from the United States 
in the existing Static-99R recidivism norms. Either way, there are two new large field 
studies from the United States, both of which are finding lower recidivism rates per 
Static-99R score compared to the estimates provided by the routine correctional samples. 
In a study of 1,626 individuals convicted of sexual offences in California (Lee et al., 2016) 
and in another study of 17,455 cases released from prison in Texas (Boccaccini et al., 
2017), both studies found that the observed 5-year recidivism rates were approximately 
half of what the Static-99R routine norms would have predicted. A more recent study 
from Minnesota (Duwe & Rocque, 2018) with roughly 500 individuals convicted of 
sexual offences also found sexual recidivism rates were less than half of what would be 
predicted by Static-99R, although they used a 4-year follow-up instead of 5 years. This 
overestimation of recidivism is quite substantial. One thing that is unclear is how well 
the recidivism data in these large studies would capture sexual recidivism. For example, 
if individuals are charged with violent offences for sexually motivated behaviour, or if 
their parole is breached for a new sexual offence but the criminal record only indicates 
“parole revocation,” then these types of sexual recidivism would not be captured. These 
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considerations may mean that the overestimation is not as bad as what was observed, but 
nonetheless, these are still three credible studies that suggest that the routine Static-99R 
norms may be overestimating recidivism in more recent samples in the United States.

Conclusions
Estimating the probability of sexual recidivism is difficult. Empirical-actuarial risk as
sessment scales are currently the only tools that provide evidence-based recidivism 
probability estimates, but they are not without their limitations. In particular, they dem
onstrate significant variability across samples. Nonetheless, they are the best estimate 
we have. For evaluators who need to comment on the absolute probability of sexual 
recidivism, research favours empirical-actuarial risk scales over professional judgement. 
Research also favours more structured scales and the use of multiple scales. Professional 
overrides of risk scale results should not be used under any circumstances. Nonetheless, 
there are still additional factors not included in the risk scales, and there is never a 
perfect match between the risk scale data and the specific referral question in a given 
evaluation. Consequently, evaluators still need to exercise some judgement, and consider 
ways in which actuarial recidivism estimates may both overestimate and underestimate 
recidivism.

Actuarial recidivism estimates will necessarily underestimate recidivism because 
they cannot account for undetected offending, and they also generally do not provide 
long-term (e.g., 15+ years) recidivism estimates, although Static-99R now has lifetime 
estimates. However, the amount of underestimation is difficult to quantify and may not 
be as high as some would think. Additionally, there is also some evidence to suggest 
that they may overestimate officially recorded sexual recidivism in modern samples 
(particularly from the United States), and they would be overestimates of the types of 
offences typically of interest for civil commitment.

Given considerations on both sides of this equation, risk scale estimates are likely a 
plausible mid-range estimate. In the absence of exceptional circumstances, in an overall 
professional opinion, I would not place the estimated likelihood of sexual recidivism too 
far from the range of estimates provided by actuarial risk scales. How far is “too far” 
is difficult to say, and it depends on many factors. I think anything more than plus or 
minus 10 percentage points from the empirical estimate would require a pretty strong 
justification. Such an approach is also consistent with my previous recommendation to 
comment on recidivism probabilities with humility and circumspection (Helmus, 2018).
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