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ALGORITHMIC RISK ASSESSMENT IN 
AUSTRALIAN CORRECTIVE SERVICES 

TAT IA NA  DA N C Y *  

Corrective services in Victoria, New South Wales and the Australian Capital Territory use 
the Level of Service Inventory-Revised (‘LSI-R’) risk assessment tool to predict whether of-
fenders will be re-incarcerated following release. LSI-R informs decisions about prison 
placement, a range of therapeutic and other corrective interventions and parole for several 
thousand offenders across Australia each year. Despite its widespread use, public and pol-
icy scrutiny of LSI-R within Australian corrective services remains sparse, and the variables 
that affect risk scores are not widely published. I unpack LSI-R here, and argue that its 
application to the Australian population, particularly to Aboriginal and Torres Strait Is-
lander persons, may contravene the Guiding Principles for Corrections in Australia: Re-
vised 2018. I argue for rigorous public investigation into the use of LSI-R within affected 
states, and set out guidelines for its scope and content. 
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I   IN T R O D U C T I O N  

Across Australia,1 corrective services use an actuarial risk tool to assess the 
chance that a given offender will be re-incarcerated following release from 
prison.2 In New South Wales (‘NSW’) alone, tens of thousands of offenders re-
ceive scores generated by the Level of Service Inventory-Revised (‘LSI-R’) risk 
assessment tool each year.3 ese scores inform decisions about prison place-
ment, corrective and therapeutic interventions and the timing and supervisory 
conditions of parole.4 

Despite its widespread use and significance for offenders, scrutiny of LSI-R 
in Australia and more widely has largely focused upon questions of predictive 
validity:5 the ‘clear benchmark index used by researchers in order to establish 
the validity of risk assessment instruments’.6 Yet, this work provides only a par-
tial insight into reasons that we might have to be concerned about the use of 
LSI-R within Australian corrective services. Moreover, the factors that affect 
risk scores are not made public by the agencies that use them, and cannot be 
discerned from materials that are freely available online.7 

e LSI-R manual (available for USD142 in hard copy from the United 
States (‘US’))8  reveals a surprising list. LSI-R captures, inter alia: ‘financial 

 
 1 Specifically, in New South Wales (‘NSW’), Victoria and the Australian Capital Territory 

(‘ACT’). 
 2 Don Andrews and James Bonta, LSI-R Level of Service Inventory: Revised User’s Manual (Multi-

Health Systems, 1995) 1. 
 3 Ian Watkins, ‘e Utility of Level of Service Inventory-Revised (LSI-R) Assessments within 

NSW Correctional Environments’ (Research Bulletin No 29, Corrective Services NSW, Janu-
ary 2011) 2 <https://correctiveservices.dcj.nsw.gov.au/documents/research-and-
statistics/rb29-utility-of-level-of-service-inventory-.pdf>, archived at 
<https://perma.cc/73X7-XEE8>. 

 4 Ibid 2, 5–6. 
 5 See, eg, ibid 2; Tracy L Fass et al, ‘e LSI-R and the COMPAS: Validation Data on Two Risk-

Needs Tools’ (2008) 35(9) Criminal Justice and Behavior 1095, 1097. 
 6 Guy Giguère and Patrick Lussier, ‘Debunking the Psychometric Properties of the LS\CMI: An 

Application of Item Response eory with a Risk Assessment Instrument’ (2016) 46 Journal of 
Criminal Justice 207, 208. ere, Giguère and Lussier argue that this focus is true for the Ca-
nadian and US populations too: at ibid. See also Lina Girard and J Stephen Wormith, ‘e 
Predictive Validity of the Level of Service Inventory: Ontario Revision on General and Violent 
Recidivism among Various Offender Groups’ (2004) 31(2) Criminal Justice and Behavior 150, 
153. 

 7 See, eg, Guy Giguère, Sèbastien Brouillette-Alarie and Christian Bourassa, ‘A Look at the Dif-
ficulty and Predictive Validity of LS/CMI Items with Rasch Modeling’ (2023) 50(1) Criminal 
Justice and Behavior 118, 122. 

 8 Don Andrews and James Bonta, ‘LSI-R: Level of Service Inventory-Revised’, Multi-Health Sys-
tems (Web Page) <https://storefront.mhs.com/collections/lsi-r>, archived at 
<https://perma.cc/QV3V-84YL>. 
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problems’; ‘reliance upon social assistance’; living in temporary or ‘unsatisfac-
tory’ accommodation; being part of a violent relationship; having deceased, ab-
sent, or ‘uncaring’ parents; or criminal friends or family.9 Each factor raises an 
offender’s risk score, thereby lowering their chances of transferring into a more 
favourable corrective environment or to open conditions. 

LSI-R was developed from Canadian and substantially non-Indigenous 
population data and its predictive value for Australian Aboriginal and Torres 
Strait Islander persons remains controversial.10 Risk scores are assigned on the 
basis of factors that reflect a narrow and homogenous cultural norm. For in-
stance, an offender who ‘could make better use of time’ scores poorly, whilst 
‘rewarding’ activities include stamp collecting, weekend BBQs and certain for-
mal memberships (eg church or service club).11 

e tool also encompasses certain behavioural indicia, including hostility 
towards authority, rejecting the values of society and claiming to have been tar-
geted by police.12 Given the historic role of police in enforcing deeply damaging 
government policies within Aboriginal and Torres Strait Islander communities 
and the stark over-representation of these populations within Australian pris-
ons,13 the use of variables geared towards anti-authority sentiment seems pro-
foundly inapposite. 

e purpose of this article is to unpack LSI-R and to better understand what 
is at stake for those affected by its outputs. I argue that there are significant 
reasons for concern about the use of LSI-R to make corrective decisions for 
Australian offenders, and that its application to Aboriginal and Torres Strait 
Islander populations may contravene the Guiding Principles for Corrections in 

 
 9 Ibid 8. 
 10 See, eg, Andrew Day et al, ‘Assessing Violence Risk with Aboriginal and Torres Strait Islander 

Offenders: Considerations for Forensic Practice’ (2018) 25(3) Psychiatry, Psychology and Law 
452, 455–6; Ching-I Hsu, Peter Caputi and Mitchell K Byrne, ‘e Level of Service Inventory-
Revised (LSI-R) and Australian Offenders: Factor Structure, Sensitivity, and Specificity’ (2011) 
38(6) Criminal Justice and Behavior 600, 601–2 (‘Factor Structure, Sensitivity, and Specificity’); 
Ching-I Hsu, Peter Caputi and Mitchell K Byrne, ‘Level of Service Inventory-Revised: As-
sessing the Risk and Need Characteristics of Australian Indigenous Offenders’ (2010) 17(3) 
Psychiatry, Psychology and Law 355, 356–7 (‘Assessing the Risk and Need Characteristics’). 

 11 Andrews and Bonta (n 2) 9. 
 12 Ibid 10–12. 
 13 Productivity Commission, ‘Socio-Economic Outcome Area 10: Aboriginal and Torres Strait 

Islander Adults Are Not Overrepresented in the Criminal Justice System’ (Web Page, 30 July 
2025) <https://www.pc.gov.au/closing-the-gap-data/dashboard/se/outcome-area10>, ar-
chived at <https://perma.cc/TV2Y-KFS3>. 
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Australia: Revised 2018 (‘Guiding Principles for Corrections’).14 Some of these 
reasons are egalitarian: they relate to unjustified differences between the way in 
which offenders are treated.15 Others are not: they concern the value of having 
corrective outcomes turn upon how we behave when we have adequate choices 
about what to do.16 

I argue that, if actuarial risk tools have predictive value in this context, we 
should think carefully about the corrective interventions that they inform and 
the input variables that count towards punitive outcomes. is includes demo-
graphic and situational characteristics that diminish an offender’s ability to in-
fluence corrective outcomes and may create or sustain stigmatising differences 
in status.17 

As a practical next step for affected jurisdictions,18 I argue for rigorous and 
widespread public investigation into the operation of LSI-R across Australian 
corrective populations. Any such investigation should address, inter alia: pre-
dictive performance (accuracy and the distribution of predictive error, dis-
aggregated by Indigenous status); the scope of the predictive enquiry (which 
factors do and should influence corrective decisions); and the corrective (eg 
punitive or therapeutic) context. 

II   LSI-R 

In this brief opening section, I explain what LSI-R is and how it is used to make 
corrective decisions. is work lays the foundation for the analytical focus of 
this article: what is at stake for those affected by LSI-R outputs and the conclu-
sions that we should draw from this assessment. 

A  Risk Tools 

For the purposes of this article, actuarial risk tools are a subset of predictive 
algorithms — a set of rules for computers or humans to follow — which assess 
the likelihood of some (typically undesirable) outcome. Risk tools are 

 
 14 Corrective Service Administrators’ Council, Guiding Principles for Corrections in Australia: Re-

vised 2018 (Report, February 2018) 4, 6 <https://www.corrections.vic.gov.au/guiding-
principles-for-corrections-in-australia>, archived at <https://perma.cc/69GR-945Y> (‘Guid-
ing Principles for Corrections’). 

 15 See below Part IV. 
 16 See below Part V. 
 17 Advancing Pretrial Policy Research, Collecting Race and Ethnicity Data: Guidelines for Com-

munity Supervision Agencies (Report, May 2025) 1 <https://advancingpretrial.org/improving-
pretrial-justice/appr-resources/>, archived at <https://perma.cc/7FKV-37JR>. 

 18 NSW, Victoria and the ACT. 
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developed on the basis of statistical observations — patterns in some dataset 
that is representative of the target population.19 We tend to use them when the 
knowledge that we need to answer a question well is incomplete. For instance, 
how will a patient respond to medical treatment? Will this counterparty default 
on their loan? Where will crime occur in a given geographic area? 

In answering questions of this nature, our goal is to determine which facts 
within a pool of data correspond to some target variable. To do this, we need 
adequate controls, representative data (and enough of it) and a statistically sig-
nificant pattern. If each of these elements is in place, we may be able to reduce 
our observations to a decision-making tool — an algorithm that can generate a 
prediction when fed facts that correlate to the target variable. 

ese tools have long been used across a range of sectors and can help us to 
make good — sometimes life-saving — decisions about what to do.20 In the last 
two decades, the use of these tools has increased across a rapidly expanding 
range of domains, including recruitment;21 education and standardised school 
assessment; 22  public resource allocation;23  immigration; 24  and criminal jus-
tice.25 e focus of this piece is upon the latter, in particular upon the applica-
tion of LSI-R to corrective decisions within Australia. 

 
 19 Hsu, Caputi and Byrne, ‘Assessing the Risk and Need Characteristics’ (n 10) 355. 
 20 For instance, American doctor Virginia Apgar created the Apgar risk tool in 1952 with the goal 

of standardising postnatal risk assessment for newborn babies: Virginia Apgar, ‘A Proposal for 
a New Method of Evaluation of the Newborn Infant’ (1953) 32(4) Current Researches in Anes-
thesia and Analgesia 260, 260. 

 21 Brian Merchant, ‘Predictim Claims Its AI Can Flag “Risky” Babysitters. So I Tried It on the 
People Who Watch My Kids’, Gizmodo (online, 6 December 2018) 
<https://gizmodo.com/predictim-claims-its-ai-can-flag-risky-babysitters-so-1830913997>, 
archived at <https://perma.cc/VV38-SB6S>. See also Drew Harwell, ‘Wanted: e “Perfect 
Babysitter”. Must Pass AI Scan for Respect and Attitude’, e Washington Post (online, 23 No-
vember 2018) <https://www.washingtonpost.com/technology/2018/11/16/wanted-perfect-
babysitter-must-pass-ai-scan-respect-attitude/>, archived at <https://perma.cc/BZD9-9YC3>. 

 22 Louise Amoore, ‘Why “Ditch the Algorithm” Is the Future of Political Protest’, e Guardian 
(online, 19 August 2020) <https://www.theguardian.com/commentisfree/2020/aug/19/ditch-
the-algorithm-generation-students-a-levels-politics>, archived at <https://perma.cc/7XSJ-
XKMV>. 

 23 CEA, ‘Street Bump: Crowdsourcing Better Streets, but Many Roadblocks Remain’ (Blog Post, 
30 October 2015) <https://d3.harvard.edu/platform-digit/submission/street-bump-
crowdsourcing-better-streets-but-many-roadblocks-remain/>, archived at 
<https://perma.cc/L5W3-K7XZ>. 

 24 Wendy Yang, ‘Risky Business of Using Algorithms in Immigration Detention’, LSJ Online 
(online, 10 April 2024) <https://lsj.com.au/articles/risky-business-of-using-algorithms-in-
immigration-detention/>, archived at <https://perma.cc/5YHH-SLLR>. 

 25 Kathleen McGrory and Neil Bedi, ‘Targeted’, Tampa Bay Times (online, 3 September 2020) 
<https://projects.tampabay.com/projects/2020/investigations/police-pasco-sheriff-targeted/>, 
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B  Risk Tools in Criminal Justice 

Many early forms of risk assessment relied heavily upon the judgment of ex-
perts — forensic psychologists tasked with making predictions about reoffend-
ing.26 ese first-generation risk assessments lacked predictive accuracy, and 
oen produced particularly poor outcomes for groups that did not share ma-
jority demographic characteristics.27 In their second generation, actuarial risk 
assessments — predictions drawn from statistical inferences — were much 
more reliable.28 However, they were limited to ‘static’ factors about the of-
fender’s history, and could not take into account changes in the offender’s char-
acteristics and circumstances that might affect an individual’s need for support 
and likelihood of reoffending.29 

LSI-R, which is the focus of this article, belongs to a broad category of actu-
arial tools that generate assessments about ‘psychologically informed risk’,30 
and was developed iteratively in response to a perceived need to capture both 
static and dynamic (change-related) factors in a manner that could produce 
sufficiently reliable predictions to support corrective decision-making.31 

In the late 1970s, Canadian criminologist Don Andrews conducted a series 
of interviews with probation offers in Canada, which were geared towards 

 
archived at <https://perma.cc/C72K-85N9>; Melissa Hamilton and Pamila Ugwudike, ‘A 
“Black Box” AI System Has Been Influencing Criminal Justice Decisions for over Two Decades: 
It’s Time To Open It Up’, e Conversation (online, 26 July 2023) 
<https://theconversation.com/a-black-box-ai-system-has-been-influencing-criminal-justice-
decisions-for-over-two-decades-its-time-to-open-it-up-200594>, archived at 
<https://perma.cc/TQ3B-SCT4>. 

 26 See Ching-I Hsu, Peter Caputi and Mitchell K Byrne, ‘e Level of Service Inventory-Revised 
(LSI-R): A Useful Risk Assessment Measure for Australian Offenders?’ (2009) 36(7) Criminal 
Justice and Behavior 728, 728 (‘A Useful Risk Assessment Measure’); James Bonta, ‘Risk-Needs 
Assessment and Treatment’ in Alan Harland (ed), Choosing Correctional Options at Work 
(Sage, 1996) 18, 19. 

 27 Todd R Clear and Kenneth W Gallagher, ‘Probation and Parole Supervision: A Review of Cur-
rent Classification Practices’ (1985) 31(3) Crime and Delinquency 423, 428–9, 433, 438; Klaus-
Peter Dahle, ‘Strengths and Limitations of Actuarial Prediction of Criminal Reoffence in a 
German Prison Sample: A Comparative Study of LSI-R, HCR-20 and PCL-R’ (2006) 29(5) In-
ternational Journal of Law and Psychiatry 431, 440–1; Stefanía Ægisdóttir et al, ‘e Meta-
Analysis of Clinical Judgment Project: Fiy-Six Years of Accumulated Research on Clinical 
versus Statistical Prediction’ (2006) 34(3) Counseling Psychologist 341, 369. 

 28 See Hsu, Caputi and Byrne, ‘A Useful Risk Assessment Measure’ (n 26) 729. 
 29 See, eg, Peter Raynor et al, ‘Risk and Need Assessment in Probation Services: An Evaluation’ 

(Research Study No 211, Home Office (UK), 2000) 3, 43 <ojp.gov/ncjrs/virtual-
library/abstracts/risk-and-need-assessment-probation-services-evaluation>, archived at 
<https://perma.cc/8WMC-83WV>. 

 30 Kelly Hannah-Moffat, ‘Algorithmic Risk Governance: Big Data Analytics, Race and Infor-
mation Activism in Criminal Justice Debates’ (2019) 23(4) eoretical Criminology 453, 457. 

 31 Giguère, Brouillette-Alarie and Bourassa (n 7) 119. 
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understanding reoffending better.32 His goal was to define a list of factors to 
shape supervision and parole recommendations.33  Over the years that fol-
lowed, those factors were whittled down to a set of rules, which became the 
Level of Supervision Inventory (‘LSI’).34 LSI was published in 1982 as an algo-
rithm to guide decisions about the nature and extent of non-carceral supervi-
sion, and it was adopted by the community division of Ontario’s correctional 
services shortly thereaer.35 

roughout the 1980s, a research team led by James Bonta refined LSI, 
demonstrating predictive successes across various types of misconduct, includ-
ing parole violations and post-release reoffending.36 LSI-R was published by 
Andrews and Bonta in 1995,37 and adopted by the institutional division of On-
tario correctional services in 1996.38 Two decades later, LSI-R and its soware 
counterpart (the Level of Service/Case Management Inventory (‘LS/CMI’)) are 
the dominant corrective risk tools in Canada.39 

LSI-R captures 54 datapoints that relate to the offender’s characteristics and 
circumstances.40 Some of these datapoints concern the offender’s ‘criminal his-
tory’ (eg prior convictions, institutional misconduct, and violence).41 But many 
do not. For instance, LSI-R also encompasses: ‘financial problems’; underem-
ployment and dissatisfaction at work; low school performance; frequent 
changes of address and ‘unsatisfactory accommodation’; being part of a hostile, 
unhappy, indifferent, and/or violent domestic relationship; having deceased, 
absent, or uncaring parents; social isolation, or having friends or family in-
volved in crime or drugs and a preference for hobbies that do not involve for-
mal organisation.42 

 
 32 James Bonta, ‘Twenty-Five Years of the Level of Service (LS) Instruments’ (LinkedIn, 15 July 

2018) <https://www.linkedin.com/pulse/twenty-five-years-level-service-ls-instruments-
james-bonta/>, archived at <https://perma.cc/6MUY-GP26> (‘Twenty-Five Years’). 

 33 Ibid. 
 34 DA Andrews, e Level of Supervisory Inventory (LSI): e First Follow-Up (Report, 1983) 3 

<https://www.ojp.gov/pdffiles1/Digitization/89859NCJRS.pdf>, archived at 
<https://perma.cc/32N5-Q642>. 

 35 Bonta, ‘Twenty-Five Years’ (n 32). 
 36 Ibid. 
 37 Andrews and Bonta (n 2). 
 38 Ibid 1. 
 39 See Bonta (n 32). 
 40 Janet T Davidson, ‘Gender and the Level of Service Inventory’ in Frances P Bernat and Kelly 

Frailing (eds), e Encyclopedia of Women and Crime (Wiley, 2019) 1, 1; Watkins (n 3) 2. 
 41 Ibid 5–12. 
 42 Ibid. 
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e LSI-R toolkit has waxed and waned in global influence. From 1996–
2000, LSI-R was widely used across United Kingdom (‘UK’) and Channel Is-
lands probation services, and still remains in operation in Jersey.43 LS/CMI has 
been used throughout Singapore’s Prison Service since 2011, and the tool com-
petes with others (notably the Correctional Offender Management Profiling for 
Alternative Sanctions (‘COMPAS’)) for influence in the US.44 

In NSW, Victoria, and the Australian Capital Territory (‘ACT’), LSI-R is 
used to make risk assessments that form the basis for case planning for several 
thousand offenders each year.45 e first LSI-R assessment for a given offender 
either forms part of a full pre-sentence report requested by the court or may be 
completed whilst the offender is being assessed in court,46 and is updated peri-
odically during a sentence that has more than six months remaining.47 LSI-R 
scores affect security classification and prison placement (eg within a high se-
curity unit) and guide preparation of the pre-release report, which informs de-
cisions about whether and under what conditions an offender should be 
granted parole.48 

LSI-R also influences the administration of a range of ‘high intensity inter-
ventions’ that aim at therapeutic treatment. 49  For instance, LSI-R is used 

 
 43 Raynor et al (n 29) 12. 
 44 Tim Brennan, William Dieterich and Beate Ehret, ‘Evaluating the Predictive Validity of the 

COMPAS Risk and Needs Assessment System’ (2009) 36(1) Criminal Justice and Behavior 21, 
22. 

 45 Watkins (n 3) 2. 
 46 Auditor-General’s Office (Vic), Managing Community Corrections Orders (Report,  

8 February 2017) 25 <https://www.audit.vic.gov.au/report/managing-community-
corrections-orders?section=>, archived at <https://perma.cc/6R46-HVAT>. 

 47 Unless a current and valid LSI-R assessment already exists: ‘Risk Assessment: Information 
How Prison Staff Decide What Kind of Risk a Prisoner Is’, Victoria Legal Aid (Web Page,  
17 March 2025) <https://www.lawhub.vla.vic.gov.au/risk-assessment>, archived at 
<https://perma.cc/27R4-EQMD>. 

 48 New South Wales Law Reform Commission, Discretionary Parole Decision Making (Parole 
Question Paper No 3, September 2013) 14 [3.44], 15 [3.46] 
<https://lawreform.nsw.gov.au/documents/Completed-projects/2010-
onwards/Parole/question-papers/qp_3_-_discretionary_parole_decision_making_final.pdf>, 
archived at <https://perma.cc/5AQL-2B39>. 

 49 Alessandra Raudino et al, ‘e Community Triage Risk Assessment Scale (Community 
TRAS): A Statistical Model for Predicting Recidivism among Community-Based Offenders’ 
(Research Bulletin No 38, Corrective Services NSW, October 2018) 1, 4 
<https://correctiveservices.dcj.nsw.gov.au/documents/research-and-statistics/rb38-
community-tras.pdf>, archived at <https://perma.cc/SM7Z-XZD7>; Department of Justice 
and Regulation (Vic), Offending Behaviour Programs: Service Delivery Manual (Report, 17 July 
2015) 38 
<http://rcfv.archive.royalcommission.vic.gov.au/CustomData/Exhibits/AR%202/WIT.3008.0
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explicitly to ‘match services and programs to peoples’ needs’ across Victorian 
corrective services.50 is includes formal programs of psychological therapy, a 
graduated handover process between institutional and extra-institutional su-
pervision to ‘enhance continuum of care’ and multi-service case review meet-
ings.51 

e degree of latitude accorded to legal officers with LSI-R assessments in 
hand can vary according to the nature of the corrective question. In NSW, LSI-
R results inform the pre-release report and parole recommendation produced 
by Community Corrections, which in turn form part of what the State Parole 
Authority terms an ‘“instinctive synthesis” assessment of the risks posed by an 
offender’.52 By contrast, offenders with an LSI-R score of medium or above will 
automatically receive ‘enhanced community supervision’ if they are granted pa-
role.53 In Victoria, the LSI-R report compiled by Corrections Victoria provides 
the basis for prisoner classification and placement,54 and a given risk rating au-
tomatically qualifies an offender for a range of supervisory, behaviour manage-
ment and prisoner programming interventions.55 In NSW, ‘the level of super-
vision required to be administered under parole is determined by the LSI-R 
risk score’ (calculated as close as possible to the parole release date).56 

Other jurisdictions across the world have adopted different actuarial risk 
tools which have been the subject of widespread public and academic attention. 

 
01.0104_R.pdf>, archived at <https://perma.cc/CPQ8-HXPJ> (‘Offending Behaviour Pro-
grams’). 

 50 Department of Justice and Community Safety (Vic), Correctional Practice Framework (Report, 
October 2024) 35 <https://files.corrections.vic.gov.au/2025-03/Correctional-Practice-
Framework.pdf>, archived at <https://perma.cc/HP3S-G7L3>. 

 51 Ibid 36. 
 52 Discretionary Parole Decision Making (n 48) 15 [3.46]. 
 53 James Beaufils, Chris Cunneen and Sophie Russell, ‘Exploratory Research into Post-Release 

Community Integration and Supervision: e Experiences of Aboriginal People with Post-Re-
lease Parole Supervision and Reintegration in NSW’ (Research Report No 63, Jumbunna In-
stitute for Indigenous Education and Research, University of Technology Sydney, 2021)  
23 [1.4.2] <https://correctiveservices.dcj.nsw.gov.au/documents/research-and-
statistics/exploratory-research-into-post-release-community-intergration-and-supervi-
sion.pdf>, archived at <https://perma.cc/FC5T-PV5N>. 

 54 Auditor-General’s Office (Vic), Addressing the Needs of Victorian Prisoners (Report No 52, No-
vember 2003) 30 [3.13] <https://www.audit.vic.gov.au/sites/default/files/20031119-
Addressing-the-Needs-of-Prisoners.pdf?>, archived at <https://perma.cc/LR69-3M8C>. 

 55 Offending Behaviour Programs (n 49) 11. 
 56 Ey Stavrou, Suzanne Poynton and Don Weatherburn, ‘Parole Release Authority and Re-Of-

fending’ (Research Bulletin No 194, Bureau of Crime Statistics and Research (NSW), July 
2016) 10 <https://bocsar.nsw.gov.au/documents/publications/cjb/cjb151-200/cjb194-report-
parole-release-authority-and-reoffending-2016.pdf>, archived at <https://perma.cc/MQN7-
8VH2>. 
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In the UK, the Offender Assessment System (‘OASys’) is used to inform deci-
sions about sentencing, corrective interventions and parole.57 OASys was de-
veloped from three pilot studies performed in the late 1990s and early 2000s, 
and rolled out as a single electronic system in 2013.58 OASys now forms an ‘in-
trinsic part of the UK justice system’59 — a systematic way for probation officers 
and judges to make decisions about the type, duration and discontinuation of 
criminal punishment. e predictive outputs of OASys are based on a range of 
factors about an individual’s history and circumstances, and comprise part of 
the pre-sentence report and parole dossier.60 A case can be withheld from pro-
gression to parole review by the Public Protection Casework Section, or parole 
may be denied by the Parole Board altogether, because of a high/very high 
OASys score.61 

Policies that implement OASys across corrective and probationary services 
have recently come under fire by researchers who allege that claims of predic-
tive accuracy have not been independently validated, that the tool displays 
marked potential for ‘racially biased decision making’62 and that there has been 
a systematic lack of transparency at all stages of implementation.63 Researchers 
have argued in particular that ‘there is a clear need for more information on the 
effectiveness and accuracy of these tools and their impact on gender, race, dis-
ability and other protected characteristics’.64 

In the US, the Correctional Offender Management Profiling for Alternative 
Sanctions (‘COMPAS’) system includes three reoffending risk scales that guide 
multiple stages of the criminal justice process,65 including: pre-trial plea nego-
tiations; ‘jail programming’ requirements; community referrals; sentencing, 

 
 57 Justice Data Lab, Ministry of Justice (UK), Incorporating Offender Assessment Data to the Jus-

tice Data Lab Process: Methodology (Report, January 2016) 4 
<https://assets.publishing.service.gov.uk/media/5a7f158d40f0b6230268d574/oasys-
methodology.pdf>, archived at <https://perma.cc/H2VX-XM2A>. 

 58 National Offender Management Service, A Compendium of Research and Analysis on the Of-
fender Assessment System: 2009–2013 (Ministry of Justice Analytical Series, July 2015) 3 
<https://assets.publishing.service.gov.uk/media/5a7f676fed915d74e33f6380/research-
analysis-offender-assessment-system.pdf>, archived at <https://perma.cc/LUQ3-RTHG>. 
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supervision, and probation recommendations; and the frequency and nature of 
post-release contact with the justice system.66 Since 1998, COMPAS has been 
used to process more than four million defendants across five states and 11 
counties within the US.67 

COMPAS has been the subject of extensive academic writing about algo-
rithmic justice, with particular attention paid to the questions of: (i) how well 
the tool’s predictive outputs correspond to rates of reoffending across the target 
population as a whole; and (ii) how predictive error is distributed amongst that 
population.68 We will see below that COMPAS has been the subject of a debate 
about algorithmic fairness that centres on whether the tool produces unjusti-
fied disparate outcomes for black and white offenders (eg higher rates of false 
positives for black persons).69 

Research addressing LSI-R has primarily focused upon the predictive valid-
ity of the tool,70 with additional thought paid to the question of whether each 
of the predictive subscales (and variables therein) has equivalent predictive 
utility across the relevant population.71 ere are important insights to draw 

 
 66 See ibid; Monika Zalnieriute, Lyria Bennett Moses and George Williams, ‘e Rule of Law and 

Automation of Government Decision-Making’ (2019) 82(3) Modern Law Review 425, 437, 452. 
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Politics (online, 13 September 2020) <https://stanfordpolitics.org/2020/09/13/ai-prediction-
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used/>, archived at <https://perma.cc/G4PW-BWNF>. 

 68 Taylor (n 67). 
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(2019) 46(2) Criminal Justice and Behavior 210, 214–15; Day et al, ‘Assessing Violence Risk 
with Aboriginal and Torres Strait Islander Offenders: Considerations for Forensic Practice’ 
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from this research about the applicability of LSI-R to a range of cultural con-
texts.72 Yet, this work provides only a partial insight into the reasons that we 
might have to be concerned about the use of LSI-R within Australian corrective 
services and beyond. e goal of this article is to shed light on those reasons, 
and to consider precisely what is at stake for those whose corrective journeys 
are shaped by LSI-R. 

I deal first with the threshold requirement that a predictive tool must gen-
erate predictions that correspond reliably to some target variable, a valuable 
policy goal. Second, I turn to concerns that have been raised under the heading 
of ‘equality’. ird, I consider a broader set of concerns that relate to individual 
choice — the value of having corrective decisions turns upon how people 
choose to behave, rather than their socio-economic or interpersonal felicity. 
Finally, I consider the implications of this analysis for the use of LSI-R within 
Australian corrective services, and make practical recommendations for af-
fected states to bridge the gap between public knowledge about the operation 
of LSI-R and a justified approach to the use of actuarial risk tools in corrective 
services. 

III   RAT I O NA L I T Y  

is part considers the first and simplest standard to which we might hold LSI-
R: is the algorithm good at doing what it was designed to do? is is a threshold 
requirement: as Guy Giguère and Patrick Lussier have put it, ‘risk assessment 
methods are of limited value if the scores produced by the instrument do not 
predict future criminal behaviour’ and if we do not have robust corrective 

 
(2014) 41(2) Criminal Justice and Behavior 196, 200; Hsu, Caputi and Byrne, ‘Factor Structure, 
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Alexander M Holsinger, Christopher T Lowenkamp and Edward J Latessa, ‘Ethnicity, Gender 
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techniques to apply these conclusions towards the goals that putatively justify 
a system of criminal punishment.73 

ere have been multiple attempts to ‘validate’ LSI-R — to figure out just 
how accurate its predictions of reoffending are.74 Our question here is a related 
one which isolates the goal served by making accurate predictions about 
reoffending: is there sufficient rational alignment between LSI-R and the policy 
goal of keeping people safe and their property secure? Where a justified policy 
achieves some valuable goal by minimising or promoting some target variable, 
any algorithm that is used to help satisfy this requirement must generate pre-
dictions that correspond reliably to that variable. I unpack this threshold re-
quirement here, and situate it within a broader set of claims about whether sta-
tistical tools can deliver ‘individualised’ justice. 

Justice is oen described as an ‘individualistic’ exercise, concerned with the 
‘assessment of individual outcomes by individualized criteria’.75 is looks like 
a very poor fit for statistics, which is the practice of amassing numerical data 
about population subsets to draw inferences about the wider population that it 
represents. When we use statistics to make decisions about how to treat people, 
we must base that decision upon facts about people other than the decision-
subject — facts about the group to which they belong, with whose characteris-
tics they share. And in TM Scanlon’s words: ‘statistical facts about the group to 
which a person belongs do not always have the relevant justificatory force’.76 

is tension between statistical generalisations and individualised decision-
making — decision-making that is appropriately tailored towards the charac-
teristics or circumstances of individuals — formed one leg of the defendant’s 
due process challenge to the sentencing decision in Wisconsin v Loomis 
(‘Loomis’).77 Loomis concerned an appeal to the Supreme Court of Wisconsin, 
by an appellant (Eric L Loomis) whose sentence had been overtly shaped by a 
COMPAS risk assessment.78 Loomis made two due process arguments, the sec-
ond of which concerned the relationship between statistical generalization and 

 
 73 Giguère and Lussier (n 6) 207–8; Christopher Baird, A Question of Evidence: A Critique of Risk 
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 74 See, eg, Watkins (n 3) 2; Fass et al (n 5) 1098, 1106. 
 75 Jeremy Waldron, ‘e Primacy of Justice’ (2003) 9(4) Legal eory 269, 284. 
 76 See, eg, TM Scanlon, Why Does Inequality Matter? (Oxford University Press, 2018) 27. 
 77 State of Wisconsin v Loomis, 881 NW 2d 749, 753 [6]–[7] (Bradley J) (Wis, 2016) (‘Loomis’). 
 78 Ibid 755–6 [16]–[22] (Bradley J). 
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individual decisions. 79  Loomis argued that ‘reliance on the COMPAS [sic] 
amount[ed] to sentencing … Loomis not based on his unique character and 
crime, but rather on membership in a class’, which was ‘not an individualized 
sentence’.80 

is objection requires some clarification. We are oen justified in making 
decisions about how to treat people according to characteristics that the deci-
sion-subject shares with some wider group — information about the ‘general 
population’ to which the defendant belongs. For instance, a doctor making 
treatment decisions will consider patient characteristics (eg their pathology, 
any comorbidities, allergies and so on) that are known to correlate to good (or 
poor) treatment outcomes. ese are characteristics that the patient shares with 
the wider population which bear directly upon the decision at hand. 

e task of assessing individual outcomes by individualised criteria clearly 
does not require us to ignore facts about third parties (people other than the 
individual who is the subject of the decision) that are rationally related to the 
social benefit at which we aim. Nor does it require us to consider information 
about the decision-subject that is unrelated to that goal: physicians, for in-
stance, need not take account of their patient’s musical preferences or artistic 
skills in making treatment decisions. Rather, decision-making policies and 
practices must simply capture facts that are relevant to the justification for a 
particular policy, pitched at a level of granularity that can capture both individ-
ual reasons for action and the systemic effects of adopting a particular policy. 

Part of that justification relates to the objective of algorithmic decision-
making: a policy that allocates some benefit or burden is only justified if it helps 
to achieve some valuable goal (eg delivering lifesaving treatment); the facts ac-
cording to which the allocative decision is made must be relevant to that goal. 
But ‘relevant’ here does not require a causal explanation for why those criteria 
help to achieve the goal in question. Indeed, this is precisely the epistemic gap 
that we oen seek to fill when we turn to statistics. Rather, we show that a fact 
is relevant when we show that a decision made by incorporating it does in fact 
help us to achieve that goal (eg that taking into account certain comorbidities 
when making treatment decisions results in better patient wellbeing). Or, ab-
sent evidence of this kind, relevant criteria may be those that correlate to a 
higher incidence of some cost that we have a reliable strategy for avoiding (eg 

 
 79 e first related to the status of COMPAS as a proprietary algorithm, the contents of which 
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 80 Ibid 757 [34], 764 [67] (Bradley J). 
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that these comorbidities correspond to poor wellbeing, which appropriate 
treatment can oen prevent). 

e aim of incorporating tools like LSI-R into corrective decisions is to re-
duce rates of reoffending, or to keep rates of reoffending on par with non-algo-
rithmic decisions whilst reducing the time that offenders spend behind bars.81 
e underlying goal of this intervention is to keep people safe and their prop-
erty secure, and to provide the reassurance that comes with making this pro-
tection available.82 What we really need to know is whether: (i) a policy of keep-
ing those with higher LSI-R risk scores behind bars for longer and in higher-
security corrective environments has the effect of reducing rates of reoffending; 
or (ii) LSI-R predicts reoffending accurately, given some reliable strategy for 
reducing rates of reoffending (and I cannot interrogate here, though others 
have doubted, whether criminal punishment is such a strategy).83 If we can 
demonstrate (i) or (ii), we can show that the ‘statistical facts’ captured by the 
policy do have ‘the relevant justificatory force’.84 

Of course, there are other aspects to the justificatory task: the goal to which 
these facts relate must also be achievable (in this way) without imposing unac-
ceptable costs upon those affected. I turn to these costs in what follows. For 
now, it suffices to emphasise the point that has been central to this part: infer-
ence is sufficiently ‘individualistic’ just when it captures facts about the individ-
ual that are relevant to the justification for using the algorithm. And as that 
justification includes the goal for which the policy of algorithmic decision-
making was adopted, statistical facts and rules developed by statistical infer-
ence ‘have the relevant justificatory force’ when they help to achieve that goal.85 

is is easy to state in the abstract, but there are many reasons to exercise 
caution when gathering and interpreting data about how predictive algorithms 
function in the context of criminal justice. First, and perhaps most importantly, 
we have already seen that we cannot measure the likelihood of reoffending di-
rectly; instead, we must use proxies (eg arrest or conviction): LSI-R predicts re-

 
 81 Jon Kleinberg et al, ‘Human Decisions and Machine Predictions’ (2018) 133(1) Quarterly Jour-
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incarceration following release’; 86  OASys predicts rates of re-conviction; 87 
whilst COMPAS captures any ‘finger-printable arrest involving a charge and 
filing for any uniform crime reporting (UCR) code’.88 Each of these proxies de-
pends upon prior policing decisions, such as where to concentrate surveillance, 
who to investigate and when to pursue an arrest and/or charge. Accordingly, 
the picture of criminality that is revealed by actuarial tools like LSI-R may tell 
us just as much about policing practices as they do about the actual incidence 
of crime. In this way, any validation of LSI-R as a method for predicting re-
incarceration is two significant steps removed from proof of any link between 
LSI-R outputs and the reduction of crime per se. 

Second, much existing validation data relates to the performance of actuar-
ial tools as a whole, or to certain broad categories of reoffending.89 Yet, even 
within offence sub-types for which specialist tools have been developed, there 
can be marked variations in reoffending prevalence, which can have a dispro-
portionate influence upon predictive insights drawn at dataset level.90 

ird, there is very little consistency in judicial practice regarding the use of 
risk assessment tools, even within jurisdictions in which those tools are man-
datory.91 e output of algorithms can play a largely determinative role in de-
cision-making, or may be (or understood by the decision-maker to be) merely 
one non-determinative factor in the exercise of judicial discretion.92 

Finally, intermediate variables, including the experience of criminal pun-
ishment itself, can influence whether someone will reoffend.93 e question 
posed by researchers seeking to validate predictive tools is oen: ‘Did these 

 
 86 Andrews and Bonta (n 2) 1–3, 12. 
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offenders actually go on to commit crime?’.94 e unknown counterfactual is: 
‘Would these offenders have gone on to commit crime if they had not been 
classified as high risk?’. Accordingly, it is very difficult to provide adequate con-
trols, which can isolate the value of predictive variables that relate to an indi-
vidual’s history and pre-detention circumstances. 

Within these important limitations, researchers have reached conflicting 
conclusions about the success of LSI-R. Some studies have demonstrated an 
‘encouraging pattern, with proportionally more recidivists in the high risk cat-
egories and proportionally more non-recidivists in the lower risk categories’.95 
Indeed, LSI-R has been described as ‘one of the best predictors’ of reoffending 
and other patterns of criminal wrongdoing amongst actuarial tools.96 Others 
have demonstrated that LSI-R does not ‘contribute substantial predictive 
power’ to assessments otherwise made on the basis of criminal history, age, sex 
and current offence.97 

Specific concerns have been raised about the ‘cross-cultural mobility of the 
LSI-R’ with respect to the Australian population.98 ese include long-standing 
concerns about the application of ‘generic risk assessments’ that draw from ex-
ternal populations with differing offender characteristics, penal and forensic 
procedures to the Australian population.99 For instance, Stephen Mihailides, 
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Belinda Jude and Eric Van den Bossche have argued persuasively that ‘the in-
mate composition of prison systems will vary by context, due to forensic, 
macro-social and cultural factors’, such that norms developed for a Canadian 
population ‘may not apply to Australian contexts’.100 Heidi Gordon, Sally F 
Kelty and Roberta Julian conclude that there is now powerful evidence that ‘the 
underlying constructs of the Level of Service inventories may differ for, or not 
apply to, Australian offenders’.101 

ese studies have also highlighted that the tool has limited predictive va-
lidity for certain key sub-groups of the Australian population, including Abo-
riginal and Torres Strait Islander peoples.102 is points to a second concern, 
which relates to the distribution of predictive error: if the algorithm is good in 
the round, are its predictive failures concentrated on particular groups in the 
population? If they are, why does this matter? In what follows, I turn to these 
questions: first to the way in which the risk of error is borne by the target pop-
ulation, and second to a wider set of concerns that relates to the signal that 
certain characteristics are criminogenic. 

IV  EQ UA L I T Y  

A great deal has been written about the discriminatory effects of algorithms,103 
particularly in relation to decisions made on the basis of algorithmic outputs 
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that are informed by data (eg arrest or conviction) that depend upon human 
discretion.104 e goal of this section is to map these concerns and others onto 
egalitarian reasons to be concerned about the use of LSI-R within the Austral-
ian corrective context. 

I begin with two egalitarian reasons that we might have to object to a given 
policy: reasons of equal status, to resist policies that engender practices of dis-
crimination; and reasons of equal concern, which require states to have and 
show equal regard for the interests of citizens. Applied to LSI-R, I argue that 
these are reasons to object to the use of a tool that captures: (i) variables that 
lack predictive validity or cross-cultural suitability for Aboriginal and Torres 
Strait Islander peoples; and (ii) a set of socio-economic indicia that link harsher 
criminal punishment to poverty, residential instability and underemployment. 

For want of a better synonym, I use the terms ‘offender’ and ‘reoffender’ 
throughout this article to refer to a person who has been convicted of a(nother) 
criminal offence. Yet, I will caveat that linguistic decision here; we have already 
seen that this label — the outcome to a criminal justice process — can obfuscate 
the ways in which that process can be shaped by a range of institutional ineq-
uities that will be the focus of this part. Accordingly, a degree of caution is nec-
essary when reflecting upon the burdens that we require any given ‘offender’ to 
bear, in the context of broader assessments of justified decision-making. 

A  Two Kinds of Equality 

In this section, I consider two distinct categories of egalitarian reason that we 
might have to object to a particular policy that affects us. e first comprises 
reasons of equal status, which are reasons to resist policies that engender prac-
tices of discrimination — the denial of benefits to some people on the basis of 
systemic and unfounded beliefs about the characteristics of those groups. e 
second comprises reasons of equal concern, which require states to pay equal 
heed to the interests of all those who fall within its sphere of allocative respon-
sibility. 

e wrongfulness of discrimination lies in the practice of denying individ-
uals access to benefits on the basis of characteristics (eg race, nationality, sex or 
gender) that cannot support the attitudes and behaviours that the practice 
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involves.105 When these attitudes and behaviours are stable, individuals experi-
ence a stigmatising loss of status, which may cause them to be denied access to 
important benefits across the breadth of their personal and professional lives.106 
Call this ‘equal status’: there are reasons to want policies that engender and re-
flect an equality of status amongst citizens, and (vice versa) to reject policies 
that do not. 

It bears emphasis that this concern does not end with particular decisions 
or particular policies. For instance, our opinions of those characteristics which 
make someone worthy (or not) of a particular role or opportunity are oen 
formed from their prior experience of individuals performing those roles;107 
this is precisely the observation that underpins policies of affirmative action.108 
us, the systematic exclusion of certain types of people from a particular op-
portunity can have a long-term downstream impact upon the ability of those 
individuals to access benefits of this kind.109 Vice versa, the systemic allocation 
of burdens to certain types of people can have an equally significant long-term 
effect on the ability of those individuals to avoid these burdens.110 

e second kind of egalitarian reason that we might have to object to a pol-
icy relates to the special position of states, and others who owe duties to provide 
some good to all members of a particular group. e duty of ‘equal concern’ 
requires that states give equal weight to the interests of citizens when they make 
decisions about how to provide healthcare, social support, education and so 
on.111 It does not require equal treatment, but rather good reasons for the dif-
ferences in treatment that might exist — vaccination programs that prioritise 
the vulnerable, social support for the most needy, special educational facilities 
for neurodivergent pupils and so on.112 

We oen use the language of inequality, such as the ‘international life ex-
pectancy gap’,113 to describe differences between the lifespan of people across 
the world. ose differences can be vast — some 60 years in Mali versus 78 in 

 
 105 Scanlon, Why Does Inequality Matter? (n 76) 26. 
 106 Ibid. 
 107 Ibid 27. 
 108 Ibid 48. 
 109 ese are the objections that give weight to policies of affirmative action in this sphere, involv-

ing policies that give hiring preference (so-called ‘positive discrimination’) to those who be-
long to less well-represented groups: see ibid. 

 110 Ibid 43, 48–9. 
 111 Ibid 13–14. 
 112 Ibid. 
 113 Ibid 11. 
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the US.114 Yet, it is not clear that the gap between the figures is the problem. 
Certainly, the higher life expectancy in the US shows us that life expectancy 
could be much higher in Mali if the conditions were better. But this is a reason 
to be concerned about the conditions that lead to low life expectancy in Mali 
per se, rather than a reason to be concerned about the difference between life 
expectancy in Mali and the US.115 e concern would remain even if the gap 
were made smaller by a declining life expectancy in the US. 

Compare another example. In the US in 2021, Alaska Natives and black peo-
ple had a shorter life expectancy (65.2 and 70.8 years respectively) than white 
people (76.4 years).116 Black infants were also more than twice as likely as white 
infants to die in infancy.117 ese figures raise concerns of inequality to the ex-
tent that they owe their explanation to the fact that public institutions discharge 
their duties to provide healthcare more extensively with respect to certain 
groups than to others.118 

e contrast between these examples reveals a special feature of the dy-
namic between citizens and states which can make inequality objectionable. 
States are obliged to provide certain benefits (eg healthcare, education, infra-
structure and legal resources) to citizens and those with a sufficient claim to 
remain within state borders.119 is comes with an absolute requirement: states 
must meet a minimum threshold in providing these goods. But it also has an 
egalitarian component. Where states are not (or not always) obliged to make 
sure that all citizens have the same access to important goods, they are obliged 
to give the interests of citizens equal weight.120 Accordingly, they must also be 
able to justify differences between the levels of access that citizens have to the 
goods provided. 

 
 114 National Center for Health Statistics, ‘Life Expectancy’, Centres for Disease Control and Preven-

tion (Web Page, 5 June 2025) <https://www.cdc.gov/nchs/fastats/life-expectancy.htm>, ar-
chived at <https://perma.cc/G7DE-Q2TW>; ‘Life Expectancy at Birth, Total (Years): Malawi, 
Mali’, World Bank Group (Web Page) 
<https://data.worldbank.org/indicator/SP.DYN.LE00.IN?locations=MW-ML>, archived at 
<https://perma.cc/YUU8-XL2A>. 

 115 See, eg, Scanlon, Why Does Inequality Matter? (n 76) 11–12. 
 116 ‘e Importance of Health Education in Reducing Health Disparities’, Purdue Global (Blog 

Post, 7 March 2024) <https://www.purdueglobal.edu/blog/health-sciences/health-education-
can-reduce-health-disparities>, archived at <https://perma.cc/M7CY-EEVN>. 

 117 Nambi Ndugga, Latoya Hill and Samantha Artiga, ‘Key Data on Health and Health Care by 
Race and Ethnicity’, KFF (Web Page, 11 June 2024) <https://www.kff.org/racial-equity-and-
health-policy/report/key-data-on-health-and-health-care-by-race-and-ethnicity/>, archived 
at <https://perma.cc/SM7Y-K4QV>. 

 118 Scanlon, Why Does Inequality Matter? (n 76) 12. 
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 120 Ibid 13. 
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is duty of ‘equal concern’ permits (indeed, oen requires) differences in 
treatment, as long as those differences can be justified.121 For instance, at the 
height of the global COVID-19 pandemic, many states had to distribute vac-
cines amongst the relevant population.122 Faced with a sustained shortage of 
vaccines relative to population need and demand, a justified policy of vaccine 
distribution required states to triage — to prioritise vulnerable patients for vac-
cination (eg older patients and those with certain comorbidities).123 Under this 
heading, we have reasons to object to policies that treat people differently with-
out justification, or which treat people in the same way when different treat-
ment is merited. 

e two kinds of egalitarian reasons considered here — equal concern and 
equal status — need not coincide. States can breach the duty of equal concern 
by actions that fall short of outright discrimination, and discrimination need 
not depend upon any prior allocative duty. But a failure to show equal concern 
is oen precipitated by enduring and unjustified attitudes towards certain 
groups, which can in turn be formed and sustained by public ratification — 
laws and policies that marginalise the interests of some.124 

I turn now to the way in which these egalitarian reasons apply to policies 
that use LSI-R to make corrective decisions within the Australian context. 

B  Equality and LSI-R 

It is widely understood that algorithms can ‘[codify] discrimination’.125 For in-
stance, if there is a prevailing belief amongst police officers that crime occurs 
in certain areas of a given city, and they therefore patrol those areas more oen, 
there are likely to be higher arrest and conviction rates in those areas that owe 
at least part of their explanation to policing practices.126 If policing or correc-
tive decisions are made on the basis of observations about a link between resi-
dential location and ‘crime’ (measured by rates of arrest or conviction), the bur-
dens thereby allocated may not be justified by the incidence of crime. Put 

 
 121 Ibid 13–14. 
 122 Ana Tanasoca and John S Dryzek, ‘Determining Vaccine Justice in the Time of COVID-19: A 

Democratic Perspective’ (2022) 36(3) Ethics and International Affairs 333, 333–4. 
 123 Ibid 336. 
 124 Ibid 335, 348. 
 125 O’Neil (n 106) 201. ese policies embed ‘human prejudice, misunderstanding, and bias into 

the soware systems that increasingly manage our lives’: at 2. 
 126 See, eg, Vicki Sentas and Camilla Pandolfini, Policing Young People in NSW: A Study of the 

Suspect Targeting Management Plan (Report, 1 January 2017) 51 <https://www.piac.asn.au/wp-
content/uploads/2017/10/17.10.25-YJC-STMP-Report.pdf>, archived at 
<https://perma.cc/XX62-S8DQ>. 
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simply, if the inputs to a predictive algorithm are biased, decisions that are 
based upon its outputs may be too. 

is section maps general claims about algorithmic inequality within crim-
inal justice onto specific reasons that we might have to object to the use of  
LSI-R to make decisions that affect the course of an offender’s corrective jour-
ney. ese include reasons of equal concern for wanting our policies of criminal 
justice to be shaped by predictive tools that produce reliable results for all  
affected sub-populations and reasons of equal status for objecting to the  
signals that we send about the ‘criminogenic’ quality of certain characteristics 
and circumstances. 

Research within this sphere has largely focused upon the distribution of pre-
dictive error — how the sort of practice described above can lead to a concen-
tration of inaccuracies upon certain groups.127 For instance, in 2016, ProPub-
lica reported the results of a two-year study of some 10,000 defendants in 
Broward County, Florida, for whom COMPAS risk assessments were pro-
vided.128 ey found that the false positive rate was much worse for black de-
fendants than it was for white defendants: twice as many of those who 
COMPAS classified as highly likely to commit another crime, and who did not 
go on to do so, were black.129 By contrast, the false negative rate was much 
worse for white defendants.130 

e apparent purchase of these concerns may depend upon the measure 
used to reflect predictive disparities. Equivant, the company that owns 
COMPAS, has argued that any population data displaying meaningful differ-
ences in incidences of the target variable amongst individuals should be as-
sessed according to ‘predictive parity’:131 the predictive values for two different 
groups should be the same given a high risk score. Other researchers have ar-
gued that the best approach may be to aim at a balance in error rates without 
predictive parity, or to facilitate predictive parity by allowing the risk threshold 
at which rates are compared to differ amongst groups.132 

 
 127 See, eg, Samantha A Zottola et al, ‘Evaluating Fairness of Algorithmic Risk Assessment Instru-

ments: e Problem with Forcing Dichotomies’ (2021) 49(3) Criminal Justice and Behavior 
389, 389–90; Taylor (n 67). 

 128 Larson et al (n 69). 
 129 Ibid. 
 130 Ibid. 
 131 William Dieterich, Christina Mendoza and Tim Brennan, COMPAS Risk Scales: Demonstrating 

Accuracy Equity and Predictive Parity (Northpointe, 2016) 9. 
 132 Ibid 9–10. 
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Similar, and similarly controversial, concerns about race, ethnicity, gender 
and indigeneity have been raised with respect to LSI-R.133 In particular, a range 
of measures have been used to show that LSI-R, which was developed on the 
basis of datasets that did not include or did not disaggregate Indigenous popu-
lations, may have lower predictive value for Native American persons in the US 
and Canada, and Aboriginal and Torres Strait Islander persons in Australia 
‘than when used with dominant culture offenders’.134  us, the tool, which 
measures ‘relatively poor[ly]’ against ‘standard discrimination indices’ may not 
‘be a cross-culturally fair risk assessment instrument for Australian individu-
als’.135 ese concerns go to the predictive power of LSI-R overall, and to the 
predictive power of particular correlation coefficients — the variables that cor-
relate to criminal activity.136 

In this respect, it bears emphasis that specific variables captured by LSI-R 
may lack cultural relevance for communities that do not conform to dominant 
culture norms. 137  For instance, under ‘Leisure/Recreation’, LSI-R assesses 
whether the offender ‘could make better use of time’.138 Acceptable ‘highly re-
warding’ activities are listed in the LSI-R manual: stamp collecting; weightli-
ing; martial arts; dances; weekend BBQs and active engagement in a formal 
organisation (eg union, service club, sports club or team, or church).139  It 
hardly bears emphasis that this list of activities and groups demonstrates poor 
cross-cultural validity, and researchers have demonstrated corresponding 

 
 133 See, eg, Day et al (n 10) 453–6; Hannah-Moffat, ‘Actuarial Sentencing’ (n 72) 279–81; Hsu, 

Caputi and Byrne, ‘A Useful Risk Assessment Measure’ (n 26) 737–8; Holsinger, Lowenkamp 
and Latessa (n 71) 310–11; Andrew J McGrath, Anthony P ompson and Jane Goodman-
Delahunty, ‘Differentiating Predictive Validity and Practical Utility for the Australian Adapta-
tion of the Youth Level of Service/Case Management Inventory’ (2018) 45(6) Criminal Justice 
and Behavior 820, 821–2. 
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predictive weakness for these indicia within Aboriginal and Torres Strait Is-
lander sub-populations.140 

Ching-I Hsu, Peter Caputi and Mitchell K Byrne also emphasise that the use 
of predictive variables that focus on traditional educational attainment may be 
inapt for at least some Indigenous communities, for whom school-based learn-
ing may play a less important role than ‘storytelling and passing down teachings 
from one generation to the next’.141 Rather than drawing sweeping conclusions 
about inter- and intra-group relevance, researchers argue that any education-
oriented variable should take into account how education is perceived and 
practiced within a given community.142 

e concerns that arise from the use of a narrow cultural norm are evi-
denced in an acutely concerning way by certain examples of high-risk behav-
ioural indicia captured by LSI-R. An individual who ‘rejects the underlying val-
ues of society’ and/or ‘expresses acceptance of the common rationalisations or 
justifications for law violations’ (eg ‘the cops were always on me for some-
thing’)143 is treated as high risk under ‘attitude/orientation’, whilst ‘hostility’ is 
listed as an ‘emotional/personal’ red flag.144 Given the historical role of police 
in enforcing deeply damaging government policies within Aboriginal and 
Torres Strait Islander communities, and the well-documented and stark over-
representation of these populations within Australian prisons,145 applying a 
tool that includes variables of this nature to Aboriginal and Torres Strait Is-
lander populations is profoundly concerning. 

In its response to the Australian Law Reform Commission’s 2017 report 
Pathways to Justice: An Inquiry into the Incarceration Rate of Aboriginal and 
Torres Strait Islander Peoples, the Australian Institute of Criminology high-
lighted several factors underpinning the ‘deep mistrust’ of police by some Ab-
original and Torres Strait Islander groups, including: over-policing; the role of 
police in implementing former government policies including those relating to 

 
 140 ‘[I]ssues concerning constructive leisure time were relevant for all Indigenous offenders, but 
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child removal; a history of conflict between police and Aboriginal and Torres 
Strait Islander communities and the role of police in Aboriginal and Torres 
Strait Islander deaths in custody.146 ese are all good reasons why an individ-
ual might ‘reject’ the values of society, believe that they have been targeted by 
police or exhibit ‘hostility’ towards legal officers.147 Significant concerns arise 
when these behaviours or beliefs are used to allocate more extensive criminal 
sanctions — high security classification and prison placement, intensive cor-
rective interventions and the denial of parole.148 

ese concerns about the predictive variables used to inform risk assess-
ments that are derived from holistic assessments of offender populations ought 
not to be understood as discrete issues that only arise from, or which arise in a 
homogenous way with respect to, race and indigeneity. Researchers have also 
raised concerns about the use of certain predictive indicia embedded within 
the LSI-R assessment for women, for whom certain variables are more, and 
others less, predictive.149 As Kelly Hannah-Moffat has put it: 

[E]mpirical analyses of risk tools, including the LSI-R, reveal that the criteria for 
establishing levels of risk routinely pay little attention to gender, racial, or ethnic 
differences, or to the differing social, economic, and political contexts in which 
these tools are deployed. Risk assessment does not account for these variables. 
Because the criminogenic factors included in generic risk tools are derived from 
statistical analyses of aggregate (primarily white) male correctional population 
data, their predictive reliability for women and racialized populations is un-
clear.150 

us, an intersectional perspective can reveal some of the nuances to concerns 
about predictive validity: if LSI-R captures variables that lack predictive validity 

 
 146 Australian Law Reform Commission, Pathways to Justice: An Inquiry into the Incarceration 

Rate of Aboriginal and Torres Strait Islander Peoples (Final Report No 133, December 2017) 
360 [11.52] <https://www.alrc.gov.au/publication/pathways-to-justice-inquiry-into-the-
incarceration-rate-of-aboriginal-and-torres-strait-islander-peoples-alrc-report-133/>, ar-
chived at <https://perma.cc/EF8N-ZHF4>, citing Matthew Willis, Non-Disclosure of Violence 
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for Aboriginal and Torres Strait Islander persons, and the relevant predictive 
sub-scales differ for women, female offenders within Aboriginal and Torres 
Strait Islander communities may be particularly vulnerable to predictive fail-
ures.151 

In 2021, the Jumbunna Institute for Indigenous Education and Research 
recommended that Corrective Services NSW engage a community-controlled 
First Nations advisor to evaluate the current LSI-R for ‘cultural relevance’, to 
‘determine whether there are unequal or biased outcomes based on the person’s 
Aboriginality … [and] whether and how problems might be remedied’. 152 
Demonstrating adequate and equal concern for the interests of Aboriginal and 
Torres Strait Islander people requires at least this much — a systematic and 
meaningful enquiry into the distribution of predictive error, the cross-cultural 
suitability of captured variables and consideration of the predictive perfor-
mance of narrower alternatives (algorithmic tools limited to a smaller range of 
variables). Below, I argue that this enquiry should form part of a systematic 
investigation into predictive accuracy and the scope of the predictive en-
quiry.153 

In Canada, the application of actuarial risk tools developed from substan-
tially non-Indigenous population data to Indigenous persons has been found 
unlawful, as a breach of the duty to take all reasonable steps to ensure the ac-
curacy of data that feed into corrective decisions. In Ewert v Canada (‘Ewert’), 
an individual (‘E’) identifying as Métis challenged the use of five psychological 
and actuarial risk assessment tools used by the Correctional Service of Canada 
(‘CSC’) to assess psychopathy and risk of reoffending.154 ese tools included 
the Hare Psychopathy Checklist Revised, 155  the Violence Risk Appraisal 

 
 151 I am very grateful to my third anonymous referee for this point. 
 152 Beaufils, Cunneen and Russell (n 53) 14 [18]. 
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peoples/aboriginal-and-torres-strait-islander-people-census/2021>, archived at 
<https://perma.cc/RY7Z-3ELX>; Australian Bureau of Statistics, Prisoners in Australia (Re-
lease, 19 December 2024) <https://www.abs.gov.au/statistics/people/crime-and-
justice/prisoners-australia/latest-release>, archived at <https://perma.cc/7X2P-ZX76>. 
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Guide156 and the Sex Offender Risk Appraisal Guide.157 E argued that ‘these 
tools had been developed and tested on predominantly non-Indigenous popu-
lations’, and that no robust independent research had demonstrated their valid-
ity for Indigenous persons.158 

Under the Corrections and Conditional Release Act, the CSC must ‘take all 
reasonable steps to ensure that any information about an offender that it uses 
is as accurate, up to date and complete as possible’.159 e Act also mandates 
that the CSC ensure that its policies and programs are suitable for Indigenous 
persons, and take their specific needs and circumstances into account.160 By a 
majority, the Supreme Court of Canada held that the use of these risk tools 
involved a breach of these duties.161 In particular, the majority said: 

[T]he clear danger posed by the CSC’s continued use of assessment tools that 
may overestimate the risk posed by Indigenous inmates is that it could unjustifi-
ably contribute to disparities in correctional outcomes in areas in which Indige-
nous offenders are already disadvantaged. For example, if the impugned tools 
overestimate the risk posed by Indigenous inmates, such inmates may experience 
unnecessarily harsh conditions while serving their sentences, including custody 
in higher security settings and unnecessary denial of parole.162 

Since the Ewert decision, researchers have engaged in close analysis of the tools 
under consideration in that case, and have found that at least one of the tools 
(the Static-2002R) lacked predictive accuracy for Indigenous offenders.163 

In Australia, the outputs of actuarial risk assessments applied to Aboriginal 
persons have been challenged for a lack of forensic validity. In Department of 
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Public Prosecutions (WA) v Mangolamara (‘Mangolamara’) the Western Aus-
tralia Director of Public Prosecutions sought an order of continuing detention 
or a supervision order under the Dangerous Sexual Offenders Act 2006 (WA) 
before the Supreme Court of Western Australia.164 e respondent, a young 
Aboriginal man, challenged (inter alia) the use of evidence derived from cer-
tain risk tools, including the Static-99, Sexual Violence Risk-20 and Risk For 
Sexual Violence Protocol. 165  Justice Hasluck concluded that ‘little weight 
should be given to those parts of the reports concerning the assessment tools’ 
because ‘the tools were not devised for and do not necessarily take account of 
the social circumstances of [I]ndigenous Australians in remote communi-
ties’.166 

In other Australian jurisdictions, judges have been less persuaded by the 
risk posed by a lack of cross-cultural validation. For instance, in A-G (NT) v JD 
[No 4], Barr J considered the decision in Mangolamara and evidence to the ef-
fect that the relevant risk tool (the HCR-20) ‘had not been validated or proven 
to relate to Aboriginal offenders’, and nevertheless concluded that he ‘failed to 
see why it would not be relevant to Aboriginal populations’. 167  us, the  
respondent ‘did not ultimately establish much relevance in the fact that HCR-
20 had not been specifically validated for Aboriginal people’, nor that it was 
inappropriate for psychological experts to utilise the tool to assess the risk  
of reoffending.168 

Australian corrective services are framed by principles that are at once more 
precise than those imposed by the Canadian Corrections and Conditional Re-
lease Act, and less obligatory for states whose actions are governed by them.169 
e Guiding Principles for Corrections provides granular norms for state cor-
rective services.170 is includes the requirement that ‘[a]ccurate, timely and 
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evidence based risk assessments of all prisoners/offenders’171 be undertaken 
that can reflect a clear picture of ‘individual needs’ and support a corrective 
environment ‘specific to their risk of reoffending’.172 It specifically provides that 
‘[i]nterventions for Aboriginal and Torres Strait Islander prisoners/offenders 
[be] culturally specific or adapted to cultural needs’.173 

Unlike the Corrections and Conditional Release Act, these principles do not 
have the status of binding legal obligations in Australia; rather, they ‘represent 
a national intent around which each Australian state and territory will develop 
its practices, policies and performance standards’.174 But they provide a very 
clear and specific set of expectations regarding the use and application of risk 
tools generally, and the development of corrective interventions for Aboriginal 
and Torres Strait Islander prisoners in particular.175 

Given the paucity of evidence surrounding the accuracy of LSI-R with re-
spect to Aboriginal and Torres Strait Islander groups, and the inclusion of var-
iables that are profoundly culturally inappropriate, those expectations have not 
been met by states that use LSI-R to make corrective decisions. Whilst the com-
mon law specifically provides the legal foundation for courts to capture a nu-
anced range of circumstances of Aboriginal and Torres Strait Islander offenders 
at sentencing,176 powerful arguments have been made that we still lack a mean-
ingful way to reflect cultural and social heterogeneity within the actuarial risk 
assessments that inform corrective decisions in Australia.177 

It bears emphasis that this discussion about the impact of LSI-R upon Abo-
riginal and Torres Strait Islander groups is not limited to any given incorrect 
decision. When we use tools that label Aboriginal and Torres Strait Islander 
peoples as higher risk, we send an implicit but important signal to all those 
involved in law enforcement, and to the public more widely: we signal that Ab-
original and Torres Strait Islander peoples are less capable of making the deci-
sions necessary to stay on the right side of the law, less worthy of the benefit of 
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 174 Ibid 4. 
 175 Ibid 23–5. 
 176 See, eg, R v Fernando (1992) 76 A Crim R 58, 62–3 (Wood J); alia Anthony, ‘Sentencing 

Indigenous Offenders’ (Research Brief No 7, Indigenous Justice Clearinghouse, March 2010) 
2–3 <https://www.indigenousjustice.gov.au/publications/sentencing-indigenous-offenders/>, 
archived at <https://perma.cc/SGF6-CULW>. See also Richard Edney, ‘e Retreat from Fer-
nando and the Erasure of Indigenous Identity in Sentencing’ (2006) 6(17) Indigenous Law Bul-
letin 8, 8–9. 

 177 Day et al (n 10) 455. 
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the doubt that we extend to other groups within society and less suited to cer-
tain personal and professional opportunities. 

ese concerns have import for a range of subgroups. e focus of academic 
discussion has been upon indirect racial discrimination — the use of proxies 
or variables that correlate to race in such a way as to produce an unjustified 
number of incarcerated minority racial offenders.178 Yet, LSI-R is far less subtle 
in its labelling of the economically disempowered and underemployed. 179 
Above, I indicated that LSI-R input variables include certain facts that relate to 
socio-economic status, including: financial problems; ‘reliance upon social as-
sistance’; ‘unsatisfactory accommodation’; living in a ‘high crime neighbour-
hood’; frequent changes of address; and underemployment.180 Each factor ele-
vates an individual’s risk score, and (we have seen) can bring about significant 
corrective consequences.181 

When we punish someone simply because they lack financial means or a 
stable source of income, we send certain troubling messages: poor people make 
bad choices, and may find it harder (for a want of alternatives, or by some defect 
of character), to resist the lure of crime. is may be objectionable per se, and 
where it tends to reinforce those stigmatising differences in status, it can lead 
to the unjustified exclusion of individuals from benefits throughout their per-
sonal and professional lives. For if poor people make bad choices, then perhaps 
they make bad employees, professional associates and social partners. is 
tends to perpetuate precisely those cycles of disadvantage that can make it more 
difficult to create and sustain the conditions that enable people to live ‘a satis-
factory life within the law’.182 

I have argued that there are significant egalitarian reasons for concern about 
the use of LSI-R to make corrective decisions within the Australian context, 
which may amount to a failure to comply with the Guiding Principles for Cor-
rections. ese reasons include the predictive validity and cross-cultural suita-
bility of LSI-R for Aboriginal and Torres Strait Islander peoples, and the use of 
socio-economic variables to justify the allocation of more extensive criminal 
sanctions to disadvantaged populations. 

 
 178 Hannah-Moffat, ‘Actuarial Sentencing’ (n 72) 279, 283. 
 179 Ibid 280–2. 
 180 Andrews and Bonta (n 2) 5–12. 
 181 Raudino et al (n 49) 4; Hannah-Moffat, ‘Actuarial Sentencing’ (n 72) 277; Lauren Brinkley-

Rubinstein, ‘Incarceration as a Catalyst for Worsening Health’ (2013) 1(3) Health and Justice 
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 182 Scanlon, What We Owe to Each Other (n 82) 264. 
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V  CH O I C E  

e vast majority of existing literature in the field of ‘algorithmic fairness’ has 
focused upon equality.183 ere are good reasons for this: we have already seen, 
for instance, that algorithms may embed inequalities endemic in institutional 
practices into corrective decisions. But inequality is not all that is at stake for 
those affected by the outputs of LSI-R. In this part, I consider the value of choice 
— of having punishment turn upon the way in which we behave when con-
fronted with meaningful options about what to do.184 I argue that linking risk 
scores to facts like socio-economic circumstance or family criminality denies 
those affected by LSI-R outputs valuable opportunities to avoid or minimise 
punishment by choosing appropriately. 

A  Choice and Criminal Punishment 

ere are many reasons to want what happens to us to be shaped by the actions 
that we take when we have meaningful choices about what to do. Some are in-
strumental: I may, for instance, derive more satisfaction from a relationship 
that I have chosen to forge. But there are also non-instrumental reasons to value 
choice. For instance, we may want to be able to choose a hairstyle or outfit, how 
to celebrate important moments with our loved ones or when and how to pro-
test decisions to which we are opposed. ese ‘representative’185 reasons may 
apply to us even if exercising these choices does not make our lives better, as 
ways of expressing our personality, tastes and preferences.186 

ere are also many situations in which people are expected to make choices 
for themselves, in which denying a choice to some people can reflect (or be 
perceived to reflect) a judgement that those people ‘are not competent or do 
not have the standing normally accorded an adult member of the society’.187 
ese ‘symbolic’ reasons encompass a range of choices that might, depending 
on the cultural and personal context, include: political participation (eg the 
right to vote in a general election or to serve in a jury); how to spend leisure 

 
 183 See, eg, Bui and Noble (n 103) 164–7; Zimmermann, Rosa and Kim (n 103); Eubanks (n 103) 
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 184 See generally Scanlon, What We Owe to Each Other (n 82) 251–6. 
 185 Ibid 252. 
 186 Emmanuel Voyiakis, Private Law and the Value of Choice (Bloomsbury, 2017) 119–20. 
 187 Scanlon, What We Owe to Each Other (n 82) 253. See also ibid 120. 
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time and who to spend it with; which career or faith (if any) to pursue; and how 
to manage (or delegate) financial decisions.188 

is last category of reason can be comparative, and has both an instrumen-
tal and non-instrumental component. e claim is that someone might have 
good reasons to object to a policy that denies them certain opportunities with 
which others are supplied, where this labels them as too ‘immature or incom-
petent’ to make these choices well.189 is can be objectionable on its own 
terms, and where these judgements have the effect of creating unjustified dif-
ferences in status, by signalling that some people are not competent to manage 
important privileges or opportunities.190 

ere are different sorts of reasons to value having outcomes turn upon the 
way in which we behave when we have choices about what to do, many of which 
are not egalitarian in nature. ere can be reasons of each kind to want to have 
the opportunity to avoid the burden of some social policy by choosing appro-
priately, which are at their strongest in the context of criminal punishment. 

One of the key goals of criminal punishment, to keep people safe and their 
property secure, is achieved via a mechanism that subjects some people to a 
burden — which may be relatively small (eg demerit points) or life-changing 
(eg incarceration) for those affected.191 ere are different kinds of reasons to 
want the opportunity to avoid incurring these burdens. e most obvious are 
instrumental:192 criminal punishment in any form is unlikely to make things go 
better for offenders, and can involve the loss of social, political and economic 
rights and privileges that play a key role in their ability to thrive as part of so-
ciety. 193  Making sure that these choices are sufficiently (instrumentally) 
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women suffer any ‘practical inconvenience’ from their exclusion from the political process: 
John Stuart Mill, ‘On the Admission of Women to the Electoral Franchise’ (Speech, House of 
Commons, 20 May 1867) 3–5, 8–17. 
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valuable requires safeguards — a set of clear rules published widely in advance 
of enforcement — and background conditions that provide us with opportuni-
ties to live a meaningful life on the right side of the law.194 

We also have non-instrumental reasons to want criminal punishment to 
turn on the actions that we take when we have meaningful choices about what 
to do. Giving us the opportunity to avoid criminal punishment by choosing 
appropriately signals that we have a certain sort of rational competence: we can 
(whether or not we do) guide our actions in accordance with the rules. By con-
trast, if we deny these opportunities to some people (eg by applying punish-
ment to them regardless of their choices) we signal the opposite: that these peo-
ple are less capable of making the choices necessary to stay within the bounds 
of the law. 

It bears emphasis that the claim here is not that there are reasons to punish 
those who make bad choices. Rather, it is that the provision of sufficiently val-
uable opportunities to avoid or minimise punishment, supported by adequate 
safeguards, is a condition to the justification of policies of criminal justice that 
include it. I have argued that there are powerful instrumental and other reasons 
to want criminal punishment to be responsive to our choices. And there are 
reasons to want to have a range of safeguards that help us to exercise those 
choices well, including a set of clear and comprehensible rules, and background 
conditions that support people to follow them. 

B  Choice and LSI-R 

In what follows, I argue that policies that use LSI-R to make decisions about the 
nature and duration of criminal punishment can deny the opportunities dis-
cussed immediately above — to avoid or minimise punishment by exercising 
sufficiently valuable choices about what to do. 

We have seen that risk scores for individual offenders are generated from a 
range of facts that go far beyond the criminal history of an offender, encom-
passing circumstances that fall (wholly or partly) outside the sphere of their 
rational competence. is includes, inter alia: ‘financial problems’; ‘reliance 
upon social assistance’ (including disability support); ‘unsatisfactory accom-
modation and frequent changes of address; being part of a hostile or violent 

 
 194 Moreover, the choice itself should not require unreasonable sacrifice; a valuable choice to avoid 

the burdens of criminal punishment is not one that requires us to think, speak or behave in a 
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domestic relationship; having deceased, absent, or uncaring parents; being ‘shy 
or withdrawn’; or having friends or family involved in crime or drugs.195 e 
presence of any of these factors raises an individual’s risk score, thereby lower-
ing their chance of a more favourable corrective environment, or transfer to 
open conditions.196 

It hardly bears emphasis that these facts are not easily influenced by those 
to whom they apply: the child whose parents are absent or uncaring cannot 
(however they may wish to) bring their parents back or change their behav-
iours; and the individual who suffers violent abuse at the hands of their partner 
cannot (or cannot be expected to) avoid that harm. e risk rating and more 
extensive criminal sanctions that follow become (to this extent) inevitable for 
those affected. 

is has clear instrumental ramifications for offenders, who may be sub-
jected to a range of more extensive criminal sanctions than they would were 
those choices available to them. And it has a broader symbolic effect for those 
who are singled out in this way. When our decisions about criminal punish-
ment turn on facts that fall outside the sphere of an offender’s rational compe-
tence (eg poverty, underemployment, the criminality of friends or family etc) 
we signal that those who have these ‘criminogenic’ characteristics simply are 
more criminally inclined — less able to resist the sort of poor choice that leads 
to punitive consequences. As above, this may be objectionable on its own terms, 
and where it leads to the sort of stigmatising loss of status associated with prac-
tices of discrimination. 

It bears emphasis that these concerns are not limited to the practical inevi-
tability of the punitive burden. A range of variables captured by LSI-R are in-
fluenced by intentional action, but their inclusion nevertheless fails to equip us 
with the sort of choices that we have reason to want. For instance, we have seen 
that LSI-R captures the use of leisure time, including the ‘absence of recent par-
ticipation in a formal organisation … eg union service club, sports club or team, 
or church’, social isolation and the criminality of friends.197  Perhaps, those 
whose corrective outcomes are affected by LSI-R outputs could shape their rec-
reational and interpersonal choices according to the list of ‘valuable’ activities 
endorsed by the LSI-R manual if they knew in advance that this could have a 
more favourable outcome for them. But there may be good reasons for them 
not to want to do this. 

 
 195 Andrews and Bonta (n 2) 8–12. 
 196 Ibid. 
 197 Ibid 9. 
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e point is not just that policies that use LSI-R to make corrective decisions 
may deny those affected any chance to avoid or minimise the burdens of crim-
inal punishment. Rather, it is that these policies deny those affected the sort of 
chance to avoid or minimise the burdens of criminal punishment that they have 
reason to value. I have argued here that we have reasons to want criminal pun-
ishment to turn on how we behave when confronted with sufficiently valuable 
choices about what to do. ese opportunities are denied or degraded by the 
use of socio-economic and relational sub-scales within LSI-R to make decisions 
about the nature and scope of carceral punishment. 

In what follows, I turn to the conclusions of this analysis and recommend 
next steps for states within Australia that use LSI-R to make corrective deci-
sions. 

VI  NE X T  ST E P S  

In this part, I set out some considerations that should guide future enquiry into 
the appropriate use of risk assessment tools within Australian corrective ser-
vices, and practical steps for affected states. First, I argue that the type of cor-
rective intervention (eg punitive or therapeutic) can affect the strength of rea-
sons for concern about the nature of the assessment. Second, I argue that we 
should take account of alternative models of assessment, which bolster the case 
for further investigation into the role that LSI-R does and ought to play within 
Australian corrective services. 

Finally, I set out some practical next steps for affected states. Specifically, I 
argue for widespread public investigation into the scope and operation of LSI-
R, encompassing: (i) predictive success and the distribution of predictive error 
amongst affected sub-populations, particularly Aboriginal and Torres Strait Is-
lander persons; (ii) the scope of the predictive enquiry, particularly the appro-
priateness of variables encompassed by LSI-R; and (iii) the corrective interven-
tions in question. 

A  Corrective Intervention 

Much of the discussion in Part V above related to the use of risk assessment 
tools to make corrective decisions that can result in more extensive criminal 
punishment. However, the strength of the reasons that we have for concern 
about the use of these tools within corrective services varies a great deal ac-
cording to the outcome of the decision-making process. In this respect, we have 
also seen that LSI-R is used — and oen used primarily — to make decisions 
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about non-punitive corrective interventions.198 is includes a prisoner’s eligi-
bility for certain treatment programs, which are geared exclusively towards re-
habilitation, psychological and behavioural support and social re-integra-
tion.199 

No doubt, some of these interventions may be felt as burdens for those af-
fected (eg an increased regularity of contact with case workers),200 but there is 
a wide divergence between an offender’s experience of extensive incarceration 
and the kind of inter-agency support that can support the navigation of super-
visory transitions.201 ese graduations of corrective intervention must feature 
in any robust decision about the future role of LSI-R within Australian  
corrective services. 

is is particularly so when we consider the list of factors captured by a risk 
assessment. For instance, Andrew Day and colleagues argue that we ought to 
consider adapting actuarial risk assessment models to capture a nuanced range 
of variables ‘that are aligned with cultural and social determinants’ for Aborig-
inal and Torres Strait Islander offenders.202 is includes, for instance, ‘a pau-
city of positive role models, resource people or support services’, ‘peer sanc-
tioned alcohol abuse’ and ‘social isolation’.203 Yet, it is one thing to make correc-
tive assessments on the basis of factors oriented towards certain vulnerabilities 
that may be felt acutely within otherwise marginalised communities as a way 
of allocating psychological and social support; it is quite another to use them 
to impose more extensive criminal punishment. Accordingly, Alexander M 
Holsinger, Christopher T Lowenkamp and Edward J Latessa argue that any 
form of risk assessment that considers ethnicity or gender ought to be oriented 
towards needs-based interventions and associated psychological and behav-
ioural supports.204 
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B  Alternative Models of Risk Assessment for Punitive Outcomes 

Determining whether we can justify a particular model of decision-making, 
given a range of reasonable objections, requires us to consider what (if any) 
alternatives are available to us. In this context, comparison is oen made be-
tween human decision-making aided and unaided by algorithm, of which the 
former oen comes up trumps.205 But it bears emphasis that these are not our 
only options; there are alternative models of risk assessment, the presence of 
which strengthens the case for further enquiry into the use of LSI-R as the dom-
inant risk protocol within Australian corrective decision-making. 

Where much academic focus within the sphere of algorithmic fairness has 
been upon the use of COMPAS, the pre-trial risk tool most widely used across 
jurisdictions within the US (across five states and 59 counties) is the Public 
Safety Assessment (‘PSA’).206 e PSA was developed by the Laura and John 
Arnold Foundation in tandem with criminal justice researchers and consists of 
a publicly available scoring and weighting formula.207 e PSA captures nine 
primarily static (historic and unchanging) factors that relate to the nature of 
the current offence, the offender’s criminal history and any failure to appear for 
trial.208 e offender’s age is the only demographic characteristic captured. 

ere is great deal of evidence that exclusive or predominant use of certain 
‘static’ risk factors, the category into which most second-generation risk assess-
ment tools fall, may have less predictive value than hybrid (static and dynamic) 
models.209 Whilst the PSA has been shown to predict criminal wrongdoing, in-
cluding failure to appear for trial, ‘fairly well’,210 evidence about potential racial 
and other disparities remains inconclusive.211 Moreover, we have already seen 
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that the predictive validity of a tool for a population that differs from the com-
munity from which predictive conclusions were drawn cannot be assumed, 
given a range of policing, forensic, corrective and other differences across the 
criminal justice system, and the wider social, economic and political con-
texts.212 

Yet, there is some evidence to indicate that the dynamic factors incorporated 
within the LSI-R and LS/CMI risk assessments add little predictive value to the 
risk assessment,213 and corroborating evidence from the European, Canadian, 
US and Australian contexts indicates that a much more concise list of variables 
may perform equivalently well.214 Indeed, one study isolates criminal history as 
a powerful single-factor variable.215 us, a great deal more research is required 
to draw conclusions about the predictive utility of specific variables.216 In this 
respect, Kelly Hannah-Moffat and Paula Maurutto have argued persuasively for 
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a disaggregated enquiry into the predictive utility of different components of 
instrument, not merely the instrument as a whole.217 

e focus of this article has been upon actuarial models of risk assessment, 
which typically reduce a list of factors that correlate to wrongdoing to a nu-
meric score. Outputs are oen only one factor in any professional judgment 
about the potential risk of reoffending, though there have been calls by some 
for the former to wholly replace the latter.218 Indeed, as the authors of one ac-
tuarial instrument have written, ‘[w]hat we are advising is not the addition of 
actuarial methods to existing practice, but rather the complete replacement of 
existing practice with actuarial methods’.219 We have seen that a range of con-
cerns attend this move towards numeric assessment, which include the need to 
reconcile clinical oversight with large-scale, data-driven outputs. 

Accordingly, models of structured professional judgment (‘SPJ’), such as the 
HCR-20, were designed to ‘integrate the almost separate worlds of research on 
the prediction of violence and the clinical practice of assessment’.220 ey do 
not use numeric risk communication,221 but rather help professionals to answer 
questions of the following nature: 

What risk factors are present, and, of those, which are most relevant to under-
standing why a person has been violent? How do these risk factors influence a 
person’s decisions to act violently? What is a coherent formulation of violence 
risk for this person? What types of violence, under what circumstances, might a 
person engage in in the future? What management strategies would be best 
suited to mitigate risk? What risk level is this person?222 

Whilst further research has been called for, there is some evidence that SPJ 
measures are as strongly predictive of criminal wrongdoing as the actuarial 
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approach.223 Some reasons to welcome this more structured integration of evi-
dence-based reasoning with clinical assessment include the potential for sec-
ondary evaluation, or even discretionary departure,224 in cases of apparently 
aberrant results. Yet, it also bears emphasis that these advantages may be 
framed as weaknesses to the extent that they reintroduce a significant potential 
for bias.225 

e goal here is not to advocate for any single model, or category of model, 
in lieu of the LSI-R. Rather, the goal is to advocate for further investigation into 
the merits of the different models of risk assessment that might inform punitive 
outcomes in the Australian context. Specifically, it is to argue that when we 
consider these merits, we should not only consider how good a particular tool 
is at helping us to achieve a valuable social goal. We must also consider: (i) the 
correspondence between that goal and specific predictive components; and (ii) 
the costs that we require people to bear for the sake of it. I have argued that 
these costs extend beyond concerns about inequality. ey also include the in-
teraction between corrective policies and reasons to want certain decisions that 
affect us, including decisions about institutional punishment, to be responsive 
to our choices — specifically, to how we behave when faced with different op-
tions that we have the knowledge and resources to pursue. 

Below, I set out some immediate steps for states that currently use LSI-R to 
make corrective decisions. In particular, I argue for an extensive public inves-
tigation into LSI-R that encompasses meaningful comparison of plausible al-
ternatives like the PSA. 

VII  PU B L I C  IN V E S T I G AT I O N  

e goal of this article is not just to draw conclusions about the justification for 
using LSI-R; it is also to lay out some practical steps for affected states. In par-
ticular, I argue here for statewide public investigation into the use of LSI-R for 
corrective decision-making in NSW, Victoria and the ACT. 

Within the sphere of criminal justice, there exists powerful precedent for 
the sort of public investigation that can make meaningful enquiries into the 
appropriateness of technologies and tools that support public decision-making. 
For instance, the NSW Law Enforcement Conduct Commission (‘LECC’) re-
cently concluded ‘Operation Tepito’, an investigation into the Suspect Targeting 

 
 223 Ibid 440. 
 224 I am very grateful to my first anonymous referee for this point and terminology. 
 225 Kleinberg et al (n 81) 241. 
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Management Plan (‘STMP’).226 e investigation was launched in 2018 in re-
sponse to concerns about the use of algorithmic risk scores to single out ‘tar-
gets’, some as young as ten, for intensive policing surveillance.227 

Operation Tepito was informed by earlier research performed by the Youth 
Justice Coalition, which highlighted some profound inequalities in the applica-
tion of STMP to Aboriginal and Torres Strait Islander populations, including 
youth populations.228 at research highlighted oppressive policing practices 
with little oversight.229 e LECC concluded that the program could have an 
‘unreasonable, unjust, oppressive or discriminatory’ impact on children and 
young people, and might meet the threshold for serious misconduct.230 STMP 
was decommissioned in December 2023.231 

Operation Tepito provides a helpful template for broad enquiry into the na-
ture and scope of algorithmic decision-making in criminal justice across vari-
ous stakeholders. In this context, public investigation should address the pre-
dictive success of LSI-R and the distribution of predictive error amongst af-
fected sub-populations, particularly Aboriginal and Torres Strait Islander per-
sons. ese enquiries should not assume cultural or socio-political homogene-
ity.232 Rather, they must make a nuanced investigation into the validity of pre-
dictive tools for the diverse and culturally vibrant communities that make up 
our Aboriginal and Torres Strait Islander populations. ey must give thought 
to the question of scope: accuracy aside, which variables should be captured by 
the risk tools used by states to make decisions that shape the nature and dura-
tion of an offender’s incarceration? Each of these questions must be addressed 

 
 226 Douglas (n 221) 429–30. 
 227 Steve Yeong, ‘An Evaluation of the Suspect Target Management Plan’ (Research Bulletin No 

233, Bureau of Crime Statistics and Research (NSW), February 2021) 2, 7 
<https://bocsar.nsw.gov.au/documents/publications/cjb/cjb201-250/cjb233-pagesummary-
evaluation-of-the-suspect-target-management-plan.pdf>, archived at 
<https://perma.cc/92CP-CEZ6>. 

 228 Sentas and Pandolfini (n 126) 29–37; Law Enforcement Conduct Commission, An Investiga-
tion into the Use of the NSW Police Force Suspect Targeting Management Plan on Children and 
Young People: Operation Tepito (Report, October 2023) 7 
<https://www.lecc.nsw.gov.au/publications/publications/operation-tepito-final-report.pdf>, 
archived at <https://perma.cc/9VW3-8R2C> (‘Operation Tepito Report’). 

 229 Sentas and Pandolfini (n 126) 1. 
 230 Operation Tepito Report (n 228) 13. 
 231 Ibid 10. 
 232 As Day and colleagues have put it, ‘it makes little sense then to conduct validation research, 

for example, on an “Indigenous” group that comprises people from the Torres Strait, from 
Cape York, from the Anangu Pitjantjatjara Yankunytjatjara lands and/or from metropolitan 
Perth or Sydney’: Day et al (n 10) 456. 
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with explicit acknowledgement of the considerations relevant to the particular 
context of corrective intervention. 

VIII   CO N C LU S I O N  

I have argued that there are significant reasons for concern about the use of 
LSI-R to make decisions about the nature and duration of criminal punishment 
for Australian offenders, which justify statewide public investigation into the 
use of actuarial decision-making within Australian corrective services. Any 
such investigation should take account of: (i) predictive accuracy and the dis-
tribution of predictive error amongst Australian sub-populations, particularly 
Aboriginal and Torres Strait Islander persons; (ii) the scope of the predictive 
exercise (an enquiry into the justification for using specific variables to influ-
ence predictive outputs); and (iii) the corrective (therapeutic or other) context. 
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