
AIM	 �To identify predictors of the first contact with the criminal justice system and evaluate the performance of 
the models using these predictors at each age from birth until 18 years old.

METHOD �We predicted whether an individual would have criminal justice contact before the age of 18 using 
machine learning models called Extreme Gradient Boosting (XGBoost). We built the models using data 
on all people born in NSW between 1 January 1998 and 31 December 2000 (n = 259,160) and their 
parents (n = 458,963), utilising 415 variables constructed from seven NSW Government agencies’ datasets. 
These included predictors constructed from the NSW Registry of Births, Deaths and Marriages, the 
NSW Department of Communities and Justice, the NSW Department of Health, the NSW Department of 
Education, NSW Police Force, NSW Education Standards Authority and Revenue NSW, which were all drawn 
from the NSW Human Services Dataset. We constructed these models at each age between birth and 17 
years old and evaluated the performance of the 18 models using Area Under the Curve (AUC), accuracy, 
precision and the proportion predicted to have first contact metrics, and identified the predictors with the 
largest influence on the machine learning models using Shapley Additive Explanations (SHAP) values.

RESULTS	 �Our models predict that between 1 and 2% of the cohort will have contact with the criminal justice system 
before the age of 18 and this prediction is correct 32-55% of the time depending on the age at which the 
prediction is made. At birth, we can successfully predict 11% of those who will have criminal justice contact 
before age 18. This rises to 21% if the information available at the age of 12 is used. The accuracy of the 
models across the whole sample is approximately 95% and the models achieve an AUC of 0.74 to 0.83 for 
all age cutoffs, which suggests an “acceptable” level of discrimination. However, our models have much 
lower accuracy for Aboriginal young people, with the accuracy dropping by as much as 22%. The most 
important predictors also change markedly for each age cutoff. Although demographic characteristics 
remain predictive from birth to 10 years old, from age 15, education data on suspensions becomes the 
most important. Finally, we show that no single data source is critical for these predictions, nor can any 
single data source be used to build a model that performs as well as the model trained on the combined 
linked dataset.

CONCLUSION	 �The large amount of data held by the NSW Government can be used to accurately predict first contact 
with the criminal justice system before age 18. However, any practical use of these models must consider 
ethical risks such as misclassification, stigma, and unintended consequences. Collaboration between 
policymakers, researchers and practitioners is essential to ensure models are applied transparently and 
equitably.
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INTRODUCTION

Contact with the criminal justice system (CJS) early in life has long lasting consequences (Holzer, 2009) 
and is a strong predictor of future offending (Ringland et al., 2015).  This means that early intervention 
programs to prevent this initial contact with the criminal justice system could have large, persistent 
benefits for those who can be averted from offending. However, early intervention programs for young 
people require policy makers to predict, implicitly or explicitly, who might benefit from the programs. 
Importantly, those most likely to benefit are not always the same as those at high risk of negative 
outcomes. Risk is typically defined in terms of demographic characteristics, current circumstances and/
or prior life events, but benefit also depends on factors such as responsiveness to support and program 
suitability. Improving the accuracy of these predictions may substantially improve the cost effectiveness of 
these programs, both through screening out those who are not at risk, and by identifying more individuals 
who are at risk but are being missed through current methods. 

Predictive models built with machine learning techniques have generated substantial hype for their 
potential to improve, and in some cases, transform, prediction accuracy, seemingly offering an 
opportunity to enhance service effectiveness by better utilising the individual data already being collected 
across government. Despite this excitement, little evidence exists regarding the accuracy of these 
predictive models when trained on data held by government, or how they might change service delivery in 
practice. The disappointing performance of models that have been developed to date is often dismissed 
with the claim that access to ”more data” would yield better outcomes.   This shortcoming is difficult to 
rebut without training a model with a dataset ”large enough” that collecting more data containing the 
most relevant variables of interest starts to become infeasible.

Furthermore, there is an increasing body of evidence (Kasy, 2024; Obermeyer et al., 2019; Venner et al., 
2023) suggesting that predictive models using machine learning techniques in criminal justice contexts 
may exhibit substantial bias (e.g., large differences in prediction rates and model performance) with 
respect to demographic characteristics, such as gender and ethnicity, which make them unusable 
without significant modifications. In the Australian context, concerns have been raised about the use 
of algorithmic prediction in policing and risk assessment tools, particularly regarding their potential to 
reinforce systemic disadvantage for Aboriginal people (see Papalia et al., 2024; Venner et al., 2023). These 
modifications may in turn affect prediction accuracy, thus generating little benefit after implementation. 
The potential harm that these models could enable has led to 1,400 signatories calling for a boycott of 
collaboration with police agencies across the United States in June 2020, arguing that it was “too easy 
for these methods to create a ‘scientific’ veneer for racism” (Aougab et al., 2020). This suggests that 
there is a substantial need to study these models, in terms of understanding their effectiveness but also 
understanding how the predictions may exacerbate existing disparities.

In this paper, we train a set of machine learning models, specifically XGBoost, on a large linked dataset 
constructed from all major sources of NSW Government administrative data to predict whether an 
individual will have contact with the criminal justice system before the age of 18. We calculate this 
prediction for each age before 18 (e.g., birth, 1, 2, 3, …, 17) using only data on the individual that was 
available at each age, and we exclude individuals who have already had contact with the criminal 
justice system prior to that age. This ensures that each prediction reflects the likelihood of first contact 
occurring after the prediction point. We report accuracy metrics from a true hold-out set using only 
individuals who were born after those used for training the model, to mimic as closely as possible a “real” 
prediction problem. We then assess the properties of the model to understand any limitations for policy 
development and service delivery.

This study builds on two strands of literature: (i) predictors of youth criminal justice contact, which inform 
the selection of variables; and (ii) machine learning approaches in criminal justice, which provide methods 
for prediction and raise important questions about fairness and transparency. Our work integrates these 
strands by applying machine learning to a large linked dataset to examine both predictive accuracy and 
practical limitations.
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Predictors of criminal justice contact at a young age

A large literature already exists on the predictors of criminal justice contact at a young age. However, 
typically these studies present disparities in a specific predictor (or domain of predictors) between those 
who have criminal justice contact and those who do not, often framed in terms of disproportionate 
representation (Crutchfield et al., 2010; Neil & Zanger-Tishler, 2025; Posey et al., 2024).1 The predictors 
most often considered include those relating to health (particularly mental health), child maltreatment, 
parental background and family context, educational outcomes (particularly truancy and suspensions), 
the income and wealth of the household, along with demographic factors (particularly gender and 
ethnicity). Many authors in this literature consider these predictors to be not “direct causes of criminality 
or criminalisation, but illustrative of inequalities” (Hughes et al., 2020). In other words, they are indicators 
of underlying social and economic disadvantage rather than factors that have a direct causal relationship 
with the outcome. 

Hughes et al. (2020) provide a review of international research on health-related predictors of criminal 
justice contact before 18 years of age, and identify learning disabilities, psychiatric disorders, mental 
health difficulties and traumatic experiences as being disproportionately prevalent amongst those who 
have contact with the criminal justice system as a young person. Drug and alcohol use, by both the 
individual and their parent, are also frequently cited in the literature as important factors, along with 
indicators such as maternal smoking (Tzoumakis et al., 2018), Fetal Alcohol Spectrum Disorder (Roozen 
& Ehrhart, 2023) and cannabis use by the young person (Green et al., 2016). These results are echoed 
in several Australian studies. For example, Ringland et al. (2023) find disproportionate youth justice 
contact amongst young people with disability in New South Wales (NSW), while Steele et al. (2021) find 
disproportionate use of licit and illicit substances amongst young people who had contact with the justice 
system in Queensland and Western Australia.

A similarly sweeping range of parent and family predictors have been reported in the literature, including 
but not limited to, parental mental illness (Preski & Shelton, 2001), parental incarceration (Besemer, 2019), 
single parent families (Kroese et al., 2021) and maltreated youth (Baskin & Sommers, 2011). In Australia, 
there has been a particular focus on contact with child protection services as a predictor of criminal 
justice involvement, with some academics describing a “care to custody pipeline” (Baidawi, 2020). For 
example, Malvaso et al. (2017)  show that in South Australia, substantiations of abuse and placement in 
out-of-home care (amongst other predictors) are predictive of youth convictions. Similarly, Stewart et al. 
(2002) find in Queensland that young people with one or more substantiated claims of child maltreatment 
are more likely to have a proven appearance in the Children’s Court, relative to young people with no 
substantiated reports of maltreatment, and that physical abuse and neglect are more predictive of 
offending than sexual or emotional abuse. Meanwhile, Ringland et al. (2015) consider whether child 
protection data helps to predict reoffending by young people already in the criminal justice system 
but conclude that the inclusion of child protection variables does little to improve the accuracy of their 
models.2  

Researchers in education, social work and criminology have also made attempts to understand the link 
between the education system and youth contact with the criminal justice system. Hirschfield (2018) 
provides a review of this work and concludes that predictors such as attitudes towards education, level 
of educational attainment, truancy, suspension and expulsion are all correlated and/or causally related to 
youth justice involvement. These attitudes may reflect both individual-level disengagement and broader 
family or community-level educational values. Work examining these predictors in Australia has been 
limited, but similar research by Hemphill et al. (2017) studies the association between suspensions and 
“problem behaviour” in Victoria and finds suspension to be a significant predictor.

1	 This literature often uses the language of association or correlation, as these variables are often not from longitudinal datasets where prediction is 
intuitive as a way of understanding the results of the analysis. Nevertheless, for this section, we have referred to all these studies as “predictor” studies for 
ease of exposition.

2	 As they conclude in their paper “Early identification of young persons at risk of re-offending using administrative data sources remains a challenge.” 
(Ringland et al., 2015, p. 1).
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An emerging body of work in Australia utilises linked datasets to study predictors of criminal justice 
contact from a number of domains simultaneously. Ferrante (2013) uses a Western Australian linked 
administrative dataset to understand predictors of offending. She finds that gender and Aboriginalitydis1  
are the strongest predictors, along with school grades, criminal history of siblings, experience of out-of-
home care and self-harming behaviour. Tzoumakis et al. (2024) study whether involvement with the child 
protection system predicts police contact using a linked dataset (the NSW Child Development Study) 
containing information from child protection, health, justice and police administrative systems for 71,465 
children residing in NSW. They find that child protection measures are strongly predictive of police contact 
but include just five covariates in their analysis (gender, Aboriginality, parental criminal offending, SEIFA 
and maternal age at childbirth), making their analysis less relevant for understanding other predictors.

From the perspective of our study, the previous literature in this area has significant limitations for 
understanding which factors are most effective in predicting contact with the criminal justice system. 
Nearly all these studies have been conducted with a limited set of variables. These models also often have 
relatively small sample sizes and are drawn from non-representative populations. Finally, the predictors 
are typically constructed at a point in time, with a range of ages included in the category “young people”, 
potentially obscuring how important a predictor is at a specific age.

Using machine learning approaches in criminal justice

The use of machine learning (now often grouped under the broader term of “artificial intelligence”) has 
been a topic of active research in criminal justice for the last decade, with a particular emphasis on how 
these tools can be used to better predict future criminal behaviour. Key applications of these tools include 
bail decisions (Dobbie & Yang, 2021), screening tools for police dispatch (Berk et al., 2005) and sentencing 
(Berk & Hyatt, 2015).

There are three major benefits that have driven the enthusiasm of policy makers and researchers for the 
adoption of a machine learning approaches over simpler regression-based methods.

1.	 	There is a compelling literature suggesting that there are substantial gains in accuracy for more 
complex prediction problems, and that machine learning models are at least as accurate as 
regression-based methods when the prediction problem is relatively simple (Berk, 2021).

2.	 	Machine learning methods allow for the flexible use of many more predictors, thereby enabling 
significantly more information to be incorporated into the model than regression-based methods. 
A regression-based method may simply be infeasible when the number of predictors and possible 
interactions grows too large (Stahl, 2024).

3.	 	Machine learning approaches allow the researcher to take a more “data-driven” approach, where 
modelling decisions are a result of a standard process rather than researcher discretion. Regression-
based approaches can depend significantly on the individual researcher translating the complexity 
of the prediction problem into a functional form for a regression appropriately, and this may be 
perceived as less credible than a more algorithmic approach (Gelman & Loken, 2013). 

The two major criticisms of machine learning approaches are intertwined. First, these approaches 
can reflect and potentially amplify existing societal biases, particularly those affecting racial minorities, 
because they are trained on data shaped by historical and structural inequalities (Huq, 2018) and 
second, the complexity of these approaches make them “black boxes”, which potentially serves to reduce 

1	 In this report, we use the term Aboriginal to refer to Aboriginal people, Torres Strait Islanders and people who identify both as Aboriginal and Torres 
Strait Islander. Note that only a very small proportion of the Indigenous population in NSW are of Torres Strait Islander origin only (Australian Bureau of 
Statistics, 2021). Furthermore, in this study, we use a two-step process to construct a person-level variable to indicate Aboriginality. In the first step we 
look within each dataset contained in the HSDS and define a person as Aboriginal (in that dataset) if one of the following conditions are met: (1) they had 
only one record in the dataset and identified as Aboriginal on that single occasion; or (2) they had more than one record in the dataset and identified as 
Aboriginal on two or more occasions (ever). In the second step we look across all datasets contained in the HSDS and define a person as Aboriginal if one 
of the following conditions are met: (1) they had records in only one dataset and were identified from step 1 as Aboriginal; or (2) they had records across 
multiple datasets and were identified from step 1 as Aboriginal in two or more of these datasets.



NSW BUREAU OF CRIME STATISTICS AND RESEARCH 5

PREDICTING FIRST CRIMINAL JUSTICE CONTACT BEFORE AGE 18  
USING A LARGE LINKED ADMINISTRATIVE DATASET 

accountability for incorrect or biased decisions. In this context, “bias” refers both to societal bias (i.e., 
systemic disparities embedded in the data) and algorithmic bias (i.e., the model’s potential to learn and 
perpetuate those disparities). At worst, these issues are viewed as inherently how the benefits of machine 
learning are delivered, with much of the improvements in accuracy disappearing when these approaches 
are amended to be free of bias or relatively simple to interpret. Although these are, in principle, empirical 
questions that can be assessed on a case-by-case basis, institutions using these tools do not always follow 
open science practices that would enable these questions to be answered (Garrett & Stevenson, 2020).

Despite the improvements in predictive model performance due to the adoption of machine learning 
techniques, their absolute performance may still be seen as disappointing relative to the “nearly 
breathless media coverage” (Berk, 2021) that these approaches have received. Due to the large 
differences in setting, prediction problem, data availability and methods for assessing accuracy, it is 
difficult to benchmark what the accuracy of these models looks like in real-world settings. Travaini et 
al. (2022) provide a review of 79 recidivism risk prediction models and find an average accuracy of 0.81 
and an average Area Under the Curve (AUC) of 0.74.1 Turner et al. (2022) study the improvement in the 
prediction of domestic violence victimisation using machine learning methods (relative to an officer risk 
prediction) and achieve an AUC of 0.74-0.77, with improvements in prediction observed for all ethnic and 
demographic subgroups. However, while AUC is a useful measure of a model’s ability to rank individuals 
by risk, it does not directly indicate how many true cases are identified. For example, this model correctly 
predicted 10-20% of those who go on to be victimised, which is a substantial increase from the 1-4% 
correctly predicted using the alternative approach but still far from a perfect predictive model in absolute 
terms. This shows the difference between how well a model can rank people by risk (like AUC measures), 
and how many people it actually identifies correctly in real numbers. This difference matters a lot when 
the event we’re trying to predict—like a young person’s first contact with the justice system—is rare.

The current study

The aim of this study is to identify predictors of a young person’s first contact with the criminal justice 
system as an offender before the age of 18 and to evaluate the performance of predictive models using 
these predictors at each age from birth to 17 years. We conduct 18 age-specific models for our entire 
cohort, including only individuals who have never had contact with the criminal justice system prior to 
the prediction age. This allows us to evaluate both how effective the models are in prediction at different 
points in the young people’s lives, but also which predictors are most useful at different ages as we accrue 
information on individuals as they age and have more contact with NSW Government agencies. Our work 
builds on two related strands of literature. First, the literature on the predictors of criminal justice contact 
and offending for young people. Second, the literature on the application of machine learning methods 
to prediction problems in criminal justice, with particular emphasis on how effective these models are in 
practice and how the limitations of these approaches can be addressed.

Our key research questions are:

1.	 	How accurate are the models, trained on the available NSW Government administrative data, in 
predicting a young person’s first contact with the criminal justice system?

2.	 	What implications of the models present challenges for their use in practice?

3.	 	What predictors do the models use to make these predictions, and how does their importance 
change as more data becomes available?

4.	 	How important is each dataset for the accuracy of the models, and can performance be replicated 
using a single dataset?

1	 The AUC is the probability that the model, if given a randomly chosen positive and negative example, will rank the positive higher than the negative. 
Acceptable AUCs will differ wildly from application to application, with Swets (1988) providing a rule of thumb that anything below 0.7 is low accuracy and 
above 0.9 is high, with possible applications for values in between (Ewanation et al., 2023).
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We use the NSW Human Services Dataset (HSDS version 2021; NSW Department of Communities and 
Justice, 2021) to train our models. The HSDS brings together data from seven NSW Government agencies. 
Critically, this includes the NSW Registry of Birth Deaths and Marriages, which allows us to select a cohort 
of all individuals born in NSW between 1 January 1998 and 31 December 2000. We also use data on the 
parents of the individuals in our cohort. We have constructed 415 predictors from the data collected 
by the NSW Department of Communities and Justice, NSW Registry of Births Deaths and Marriages, 
NSW Police Force, NSW Ministry of Health, NSW Department of Education, NSW Education Standards 
Authority and Revenue NSW. This rich dataset represents a rare opportunity to understand how effective 
a predictive model trained on the wealth of data collected by the NSW Government might be in predicting 
contact with the criminal justice system, and to understand which predictors are most important.

We report how effective our models are at prediction, whether the models perform differently for 
subgroups of the data and which predictors are used in each model. We then examine the role of 
individual datasets in model performance through two complementary approaches: “Leave One Dataset 
Out,” where each dataset is excluded in turn, and “Leave One Dataset In,” where models are trained using 
only a single dataset.

METHOD

Data source

The HSDS brings together linked de-identified information from seven NSW Government departments 
and agencies for all NSW residents born on or after 1 January 1990, as well as their parents. The 
remainder of this section provides a brief overview of the data source and the included databases.

	• 	NSW Registry of Births Deaths and Marriages (RBDM): The RBDM extract utilised in our study 
contains information for all individuals born between 1 January 1998 and 31 December 2000, as 
well as their birth parents, which forms the “spine” of the study sample. This extract is used to link 
all the remaining databases into our final analysis data. It also contains the demographics about 
the individual and their parents, including gender, parents’ country of birth and the year moved to 
Australia, parents’ occupation, number of births and marital status.

	• 	NSW Department of Communities and Justice (DCJ): The DCJ extract contains information about 
child protection (available from 1987), out-of-home care (OOHC; available from 1987), homelessness 
(available from 2015), public housing services (available from 1970) and justice contact information 
(available from 1994). We utilise data on concern reports, Risk of Significant Harm (ROSH) reports, 
safety and risk assessments, reasons for concerns, out-of-home care placement types, caregiver 
types, number of placements received and time in OOHC. For housing data, we include data on 
public housing tenancies, private rental assistance and homelessness services, providing some 
insight into the housing support and needs. As for the justice data (which comes from the BOCSAR’s 
Reoffending Database (ROD)), we include information on custody, court outcomes, cautions and 
youth justice conferences, and this is the main dataset we use to observe when individuals in our 
sample have their first contact with the NSW criminal justice system as an offender.

	• 	NSW Police Force: The police extract comes from the NSW Computerised Operational Policing 
System (COPS; available from 1994). Two datasets are available from COPS, one containing criminal 
incident, person of interest (POI) and victim information, and the other containing records from 
the Domestic Violence Safety Assessment Tool (DVSAT; available from 2014). The DVSAT is a risk 
assessment tool designed to identify domestic violence victims who are at serious threat of harm. 
In this study, we use the police victim, POI and criminal incident data to measure different types of 
police contact, and the DVSAT data to assess the individuals’ and their parents’ risk of serious harm 
arising from domestic violence.
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	• 	NSW Ministry of Health: The health extract contains the Admitted Patient Data Collection (APDC; 
available from 2001 onwards), Emergency Department Data Collection (EDDC; available from 2005) 
and Perinatal Data Collection (PDC; available from 1994), which covers information about public and 
private hospital admissions, emergency department presentations and childbirth. It also includes the 
Mental Health Ambulatory Data Collection (MHAMB; available from 2001) which contains information 
on non-admitted patient contacts with mental health clinicians.

	• 	NSW Department of Education: The education extract contains suspension and school level data 
such as attendance, disability and suspension for NSW Government Public School students. The 
enrolment year in the school attendance data is linked with ROD data to construct an average 
contact with the criminal justice system for each school year to evaluate the school peer effect. The 
disability indicator1 was constructed by linking the Admitted Patient Data Collection (APDC; available 
from 2001) with the NSW Department of Education’s Student Disability dataset to identify individuals 
with any recorded disability.

	• 	Revenue NSW: This contributes administrative data on fines, which includes information on penalty 
notices for various offences such as bail forfeiture orders, data on Criminal Infringement Notices 
(CINs), and details on fine payments, write-offs and remissions.

	• 	NSW Education Standards Authority: This extract includes data from the National Assessment 
Program – Literacy and Numeracy (NAPLAN; available from 2008) for students in Years 3, 5, 7 and 
9. Data showing student performance and participation in literacy and numeracy are included. Due 
to the NAPLAN starting in 2008 and the age of the selected cohort, we only use results from Years 7 
and 9 in this study.

Overall, the HSDS contains data on service usage, outcomes of assessments or diagnoses, demographic 
information and other comprehensive data captured by these departments and agencies.2 The data has 
been linked by the Centre for Health Record Linkage, NSW Ministry of Health, and is hosted by the NSW 
Data Analytics Centre, Department of Customer Service.3 

Sample

Our sample for this study includes all individuals born in NSW between 1 January 1998 and 31 December 
2000 (i.e., our Birth Cohort). Data on each individual up until age 18 (e.g., until 1 January 2019) are used. 
This cutoff was selected because the 2021 version of the HSDS that was available at the time of the 
analysis contained records up until 30 June 2021 and we needed to allow for additional time for proven 
offences to be finalised by the courts.

We removed all individuals who died before the age of 18 from our analysis, leaving us with 259,160 
individuals in our Birth Cohort. We also utilised data on the 458,963 individuals who were identified as a 
parent of an individual in our cohort. Parent data up to 10 years before the birth of the child (e.g., from 1 
January 1988) was used in the analysis. Our final cohort included approximately 93% of all 16-18 year olds 
residing in NSW in 2016.4 

For our analysis, we constructed 18 datasets, one for each age between birth and 17 years old. For each 
dataset, we only consider those who are yet to have contact with the criminal justice system before the 
cutoff age (e.g., for the age 15 dataset, we drop all individuals who had contact with the criminal justice 
system before the age of 15), and only use data on the individual for the periods before the cutoff age. 

1	 The disability indicator is a binary variable equal to 1 if the individual had either (a) any hospital admission in the APDC with a diagnosis code related 
to mental health, alcohol and other drug (AOD) use, cognitive or physical disability, or psychosocial factors; or (b) any record in the Department of 
Education’s Student Disability dataset based on whether the student had a Support Class Administration System (SCAS) enrolment or received Integration 
Funding Support (IFS).

2	 The HSDS also contains extracts from Legal Aid NSW but due to the low coverage of the cohort in this study, we did not utilise the datasets from the Legal 
Aid NSW in the models.

3	 For more details and recent updates on the HSDS dataset, please refer to the NSW Families and Community Services website at: https://www.facs.nsw.
gov.au/resources/research/human-services-dataset-hsds/about-the-human-services-dataset.

4	 Australian Bureau of Statistics. (2023). Retrieved from https://www.abs.gov.au/statistics/people/population/national-state-and-territory-population/jun-
2023.
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Our dataset contains observations for 259,160 individuals until the cutoff age of 101 and then declines 
as more and more individuals come into contact with the criminal justice system, until we are left with a 
dataset of 248,552 individuals at age 17.

Figure 1 presents three numbers for each analysis dataset, the number of individuals who have their first 
contact with the criminal justice system at each age cutoff, the number who have already had contact with 
the criminal justice system before the age cutoff, and the number who will have their first contact with the 
criminal justice system in the future before age 18. For each age, we have also provided the proportion of 
individuals in the sample who we are predicting will offend. For all analyses up to age 10, we have 13,312 
individuals who will eventually have contact with the criminal justice system before the age of 18, which 
comprises 5.1% of all individuals in the sample. For all analyses thereafter, we drop individuals who have 
had contact prior to the cutoff ages (e.g., 145 individuals have contact with the criminal justice system at 
10 years of age and are thus dropped from further analysis at 11 years of age and beyond).

Figure 1. Number of individuals having criminal justice contact, by cutoff age
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Outcome variable

Our outcome variable, constructed using the BOCSAR Reoffending Database, is whether an individual has 
a proven offence before the age of 18. This is defined as receiving a caution under the Young Offenders 
Act 1997 (NSW), being referred to a youth justice conference or having a matter proven in court following 
a criminal appearance before their 18th birthday. For each age-specific model, we predict the probability 
that an individual who has not yet had contact by that age will have their first proven offence before 
turning 18. This means that individuals who have already had contact prior to the prediction age are 
excluded from that age-specific model, ensuring that predictions always relate to first contact after the 
prediction point. As only an individual’s month and year of birth is available in our dataset (not the day of 
the month), we arbitrarily set each individual’s birthday to the 15th day of the month. This means there 
will be some errors in our outcome variable for those who have contact with the criminal justice system in 
the month of their birthday.

1	 In NSW, an individual cannot be charged with a criminal offence when they are younger than 10 years of age. Between the ages of 10 and 14, they can be 
charged with a criminal offence but doli incapax acts as a rebuttal presumption. This means that the prosecution must prove beyond a reasonable doubt 
that the act was seriously wrong and not “mere naughtiness or childish mischief” (R v CRH, 1996).
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Predictors

We have constructed our predictors (and dataset) such that only information available before an outcome 
occurs is used for prediction. This avoids the problem of reverse causality where the outcome affects the 
predictor (e.g., a child protection report triggered by a criminal justice contact). To illustrate, for the age 15 
dataset, we included only information collected before the individual turned 15 and excluded those with 
a criminal justice contact before age 15. The model is then trained to predict whether these individuals 
will have their first contact with the criminal justice system at any point after age 15 and before turning 
18. This approach guarantees that all predictions only utilise information that would have been available 
before contact with the criminal justice system occurred.

This also means that as the cohort ages, the number of variables in each dataset increases because older 
individuals tend to come into contact with a wider range of government services. Figure 2 shows the 
number of variables in each analysis dataset, with a breakdown by the constituent datasets the variables 
are derived from.

Figure 2. Number of variables in each dataset, by cutoff age
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In the appendix, we also provide a summary of the key predictors used in the model by the different data 
sources (see Table A1).1 For each data source, we list a subset of the variables included in the analysis, the 
first age at which each variable is available for prediction, whether the variable was constructed for the 
parent cohort as well as the birth cohort, and summary statistics for the variable. Please refer to the table 
in the appendix for more details.

Empirical strategy

Our empirical strategy, designed to address the four research questions (RQ1-RQ4) outlined in the 
Introduction above, was as follows:

1.	 	Develop a predictive modelling method to maximise predictive accuracy by flexibly using the large 
number of variables available in the HSDS for the study cohort (addresses RQ1; see below ES1);

2.	 	Apply this method to our study cohort at each age from birth to 17 years old using only data that 
would have been available for each individual at that age (addresses RQ1; see below ES1);

1	 Factor variables were converted to dummy variables, and some variables were constructed for both parents, meaning that the number of rows does not 
reflect the number of predictors.
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3.	 	Evaluate how model performance changes as more data is accrued over the life course, highlighting 
practical limitations and subgroup differences (addresses RQ1 and informs RQ2; see below ES2);

4.	 	Assess how the predictors of criminal justice contact change over time, identifying which variables 
are most influential at different ages (addresses RQ3 and informs RQ2; see below ES3);

5.	 	Examine the contribution of individual datasets to model performance by conducting “Leave One 
Dataset Out” and “Leave One Dataset In” analyses, testing whether any single dataset is critical when 
removed or used in isolation (addresses RQ4 and informs RQ2; see below ES4).

For our method, we have constructed a gradient boosted tree model, XGBoost. To promote transparency, 
we provide standard measures of model performance (e.g., accuracy, precision, sensitivity and Area 
Under the Curve (AUC)1), along with the proportion of individuals who are predicted to have criminal 
justice contact, to help understand how the model could be used in practice, which is consistent with 
open science principles. For the predictors included in each model, we provide the average change in the 
expected probability of a criminal justice contact when the predictor changes value by one unit. These 
estimates are generated using the marginaleffects package in R. These calculations are described in 
further detail in the following sections.

We also present results on the performance of the models and the predictors included in the models 
when looking at the key subsets of the population (i.e., by gender and Aboriginality), and when predictors 
from individual datasets in the HSDS are used in isolation, or when the model is trained with a single 
dataset omitted.

Constructing and applying prediction models (ES1)

We train a gradient boosted tree model for each prediction at each age, implemented using the xgboost 
package (Chen & Guestrin, 2016). This approach iteratively fits simple decision tree models, with each 
decision tree aiming to predict the errors in prediction made by the previous decision tree. We use this 
approach as it allows us to use many predictors flexibly (e.g., without specifying a functional form) and it is 
robust to a number of common data issues such as data incompleteness, redundant features, collinearity 
and imbalanced data. This approach has been used for prediction in other areas of criminal justice (e.g., 
Campedelli, 2022) for similar reasons.

We train our model using 80% of our sample, keeping 20% of the sample as a true hold-out test dataset. 
We split our training and test data by birth date, meaning that we are using the oldest 80% of the cohort 
to predict the younger 20%. We have done this to move closer to what a “true” prediction task would look 
like for policy makers who may use the model to predict future outcomes for a cohort of individuals. The 
hyper-parameters in the models have been tuned using Monte-Carlo cross-validation on the training data 
to improve the model fit. We have tuned the hyperparameters of the model using our training data and 
selected models based on their accuracy.

Evaluating the performance of our predictive model (ES2)

There are four interrelated measures of model performance that we consider throughout our analysis, 
accuracy, precision, sensitivity and ROC-AUC. These are defined as:

1.	 	Accuracy - What proportion of predictions are correct? (Accuracy2  = (TP + TN) / (TP + TN + FP + FN));

2.	 	Precision - What proportion of those predicted to have contact with the criminal justice system 
actually do? (Precision = TP / (TP + FP), or accuracy of the CJS contact);

3.	 	Sensitivity - What proportion of those who actually have contact with the criminal justice system are 
correctly predicted? (Sensitivity = TP / (TP + FN));

1	 The Area under the ROC curve (AUC, or ROC-AUC) is the probability that the model will correctly categorise any two positive and negative examples 
correctly. In our setting, this is the probability that given two randomly chosen individuals, one who has contact with the criminal justice system and one 
that does not.

2	 The model accuracy defined here refers to a specific metric to measure the performance of a prediction model. Sometimes the model accuracy could 
mean the model performance generally, and in this case, it cannot be measured directly and has to use other metrics for quantifying purpose.
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4.	 	ROC-AUC - If we select two observations at random, one had criminal justice contact and one did 
not, what proportion of the time can the model correctly identify which individual had youth justice 
contact? (ROC-AUC, or AUC, is the area under the ROC curve of False Positive Rate (FPR) versus True 
Positive Rate (TPR), where TPR = TP / (TP + FN) and FPR = FP / (FP + TN)).

To better illustrate these measures, Table 1 below presents a confusion matrix table where observed/
actual outcomes are cross tabulated with predicted outcomes.

Table 1. Confusion matrix for the prediction performance metrics

Predicted outcomes

Predicted CJS contact Predicted no CJS contact

Actual outcomes
Actual CJS contact True Positives (TP) False Negatives (FN)

Actual no CJS contact False Positives (FP) True Negatives (TN)

In this report, these measures are presented together, as each of these measures can be improved at the 
expense of another. For example, we can increase the sensitivity of the model by predicting that a larger 
proportion of individuals will have youth contact with the criminal justice system, but this would reduce 
the precision since more individuals will be incorrectly classified. Throughout the results, we also present 
the proportion of individuals who are predicted to have criminal justice system contact, as this measure 
may be more intuitive to the reader and directly relevant to how these models could be used in practice.

Identifying and describing key predictors in each model (ES3)

Finally, we use two approaches to summarise how the variables used in the model are influencing 
predictions. First, we report a measure of variable importance, calculated using the average absolute 
value of the Shapley Additive Explanation (SHAP) values for each observation (Lundberg & Lee, 2017). 
Variable importance is a measure of how influential a variable is to the prediction, regardless of whether it 
increased or decreased the predicted probability of youth criminal justice contact.

Second, we estimate the direction and magnitude of the change in the predicted likelihood of the 
outcome when the value of a predictor changes. We quantify this by calculating the average change in the 
expected probability of a criminal justice contact when the predictor changes value. These are calculated 
as follows:

	• For a variable that only takes on two values (e.g., TRUE or FALSE), we set the value of the variable 
to TRUE for all individuals while leaving all other variables unchanged and compute the predicted 
probability of a criminal justice contact for each individual. We then set the value of the variable to 
FALSE for the same individuals, and again compute the predicted probability of a criminal justice 
contact for each individual; 

	• 	For continuous variables, we calculate an average unit change by repeating the process for binary 
variables across all unit values (e.g., for 0, 1, 2, 3, etc.) and then averaging the differences from unit to 
unit;

	• 	For a subset of continuous variables where a unit change is difficult to interpret (e.g., the total dollar 
value of fines), we opt to present the difference between the first quartile and the third quartile 
values (i.e., the interquartile range values).
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Each of these calculations leaves us with a change in probability of a criminal justice contact for each 
individual (since the impact of any given variable depends on the large number of other variables in 
the model). We can then calculate an average change for the predictor by averaging the difference 
in expected probability across 5,000 individuals randomly sampled from the test set.1 We repeat this 
process for all predictors in the dataset, for all the models and subsets of interest.

Dataset-level analyses (ES4)

To assess the role of individual datasets in the HSDS, we conduct two analyses:

	• 	Leave One Dataset Out: re-estimating models with all predictors except those from the excluded 
dataset;

	• 	Leave One Dataset In: re-estimating models using predictors from a single dataset only.

These analyses help us understand whether any dataset in the HSDS is critical for performance or 
whether similar accuracy can be achieved using a single source.

RESULTS
In this section, we present the results from our analysis in three parts. First, we examine the performance 
of our predictive models for the entire sample and whether the model performance differs by 
Aboriginality and gender. Second, we identify the most important predictors and how their influence 
changes as the cohort ages. Third, we assess the contribution of individual datasets within the HSDS to 
model performance through “Leave One Dataset Out” and “Leave One Dataset In” analyses.

Model performance

Model performance across the full cohort

Our models achieve acceptable discrimination (AUC 0.74–0.83) and high overall accuracy (~95%) across ages 0–17. 

Predictions correctly identify 11% of individuals who will have criminal justice contact before age 18 at birth, rising to 

21% by age 12. Precision ranges from 32-55%, meaning that among those predicted to have contact before the age of 

18, the models are correct about half of the time. Overall accuracy reflects the large proportion of children who never 

have contact with the justice system, while precision and sensitivity highlight the challenge of predicting rare events. 

These results show that predictive accuracy improves with age but remains constrained by the low prevalence of early 

criminal justice contact.

For models trained at age cutoffs from 0 to 14, our models predict that between 1 and 2% of the cohort 
will have contact with the criminal justice system before the age of 18 and they are correct 32-55% of the 
time depending on the age cutoff used. This translates to between 10 and 20% of those who go on to 
have contact with the criminal justice system being detected at each age cutoff before 14. For example, 
with the model trained using information available at birth, the model predicts approximately 950 
individuals will have criminal justice contact before the age of 18 each year and it is correct in 454 cases. 
This is 11% of the roughly 4,130 individuals born each year in NSW who go on to have criminal justice 
contact before the age of 18. 

1	 We have randomly sampled 5,000 individuals from the test set due to computational constraints.
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Figure 3 presents the accuracy, AUC, precision, sensitivity and proportion that are predicted to have youth 
justice contact for each cutoff age ranging from 0 to 17. The models achieve a high rate of accuracy at 
all cutoff ages, with the prediction being correct approximately 95% of the time for all models. The AUC 
is also high for all models, at approximately 0.80 for most cut-off ages, with a slight dip at ages 8 and 9. 
These scores are higher than the majority of studies found in the literature (Travaini et al., 2022), despite 
the significant disadvantage by construction of not using prior offending or age as a predictor, which is 
generally a key predictor driving performance when predicting offending (Weatherburn & Ramsay, 2018).

The sensitivity of the model at birth is 11%, that is, we can correctly predict 11% of individuals who will 
have contact with the criminal justice system as a young person with only information available at the 
individual’s birth. The sensitivity of our model remains low as age increases, peaking at 21% at 9 years 
old. While 5% of our cohort had observed contact, the model estimates low probabilities (typically 1–2%) 
for most individuals, reflecting the rarity of the outcome. Higher predicted probabilities are concentrated 
among a small subset of individuals. As shown in Figure 3, the model achieves a sensitivity of 8–21% 
before 14 years old, meaning it correctly identifies about one-tenth to one-fifth of those who go on to 
have contact (i.e., 1-2% of the cohort). Our sensitivity becomes very low after 14 years old, suggesting that 
we are largely unable to predict who will have their first criminal justice contact after the age of 14 (but 
before the age of 18).

Figure 3. Model performance for predicting first contact with criminal justice, total sample
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Single number summaries of the performance of the model should be considered critically for (at least) 
two reasons. First, contact with the criminal justice system before the age of 18 is a relatively rare event, 
with only 5% of our cohort having contact. This means a model that predicts no contact for all individuals 
would still achieve an overall accuracy of 95%, solely due to the low prevalence of the event. Surpassing 
this baseline requires the model to correctly identify the small proportion of individuals who do have 
contact, which is substantially more difficult. Second, this performance differs significantly between 
individuals, in particular showing much lower performance for individuals who have a higher predicted 
(and realised) risk of criminal justice contact as a young person. This can be seen by the precision 
measure, which gives us the proportion of those predicted to have youth justice contact who do have 
contact – we see that precision is generally between 40 and 50%, much lower than the 95% for the whole 
sample. This implies that predictions for those who do not have contact are much more accurate than 
predictions for those who go on to have a youth justice contact.

An important aspect of our models performing significantly worse for those who go on to have contact 
with criminal justice contact before the age of 18 is that the model also performs significantly worse 
for demographic groups that have higher rates of criminal justice contact before the age of 18. In the 
next section, we present model performance by Aboriginality and gender to show how this difference in 
performance may matter for policy decisions.
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Model performance by Aboriginality and gender subgroups

Performance disparities raise serious equity concerns. Accuracy for Aboriginal people is up to 22% lower than for 

non-Aboriginal people, and the false positive rate for Aboriginal people is substantially higher (10-20%). The models 

predict that 30% of Aboriginal children will have a youth justice contact but are correct only half of the time. The AUC 

and precision of the models are essentially the same for Aboriginal and non-Aboriginal people. We see similar patterns 

between males and females in Figure 5, but the magnitudes are very small in comparison. These findings suggest 

appropriate safeguards need to be applied if the model is to be applied in a policy setting.

Figure 4 shows the difference in AUC, accuracy, precision and proportion predicted by Aboriginality. 
We find substantial differences in the accuracy of the models by Aboriginality, with the accuracy being 
approximately 20% lower (until 12 years old) for those identified as Aboriginal. This difference is driven by 
the large observed differences in the proportion of each group that has a justice contact. In our cohort, 
approximately 26% of individuals who identified as Aboriginal had contact with the criminal justice system 
before age 18, compared with approximately 5% of those who did not identify as Aboriginal. This disparity 
is then magnified by our prediction models, where roughly 20-30% of Aboriginal people and less than 1% 
of non-Aboriginal people are predicted by the models to have a youth justice contact.

We observe smaller changes in the AUC and precision between subgroups, although precision is quite 
volatile for non-Aboriginal people due to the small number of individuals predicted to have youth justice 
contact.1 The similar levels of precision mean that, although the model has lower overall accuracy for 
Aboriginal people, it performs similarly in terms of precision for those Aboriginal individuals who are 
predicted to have youth justice contact. That is, the lower overall accuracy is driven by a higher number 
of false positives2 among Aboriginal individuals, not by poorer performance among those the model 
identifies as high risk. 

Figure 4. Model performance for contact with criminal justice system, by Aboriginality
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1	 At age 10, precision reaches 100% because only 7 non-Aboriginal children were predicted to have contact, and all did—resulting in no false positives. This 
likely reflects the small number of predictions and the distinct risk profiles of children who come into contact at such a young age. At age 4, precision is 
not defined because no children were predicted or observed to have contact. This is common when the model makes no positive predictions, often due 
to the extremely low base rate at that age.

2	 A false positive occurs when the model predicts that a person will have contact with the justice system, but they do not. In this context, it means the 
model incorrectly flags some Aboriginal individuals as high risk when they do not go on to have contact.
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Turning to the equivalent charts by gender (see Figure 5), we see a similar pattern but the differences 
in model performance are much smaller in magnitude. The models have lower AUC and accuracy for 
males compared with females, with a difference of approximately 2-4 percentage points (p.p.) on both 
measures. We also see that the proportion predicted to have a justice contact before age 18 is higher 
for males than females (a 1.5 p.p. difference). This is a much smaller difference than was observed for 
Aboriginal and non-Aboriginal young people but it is still a meaningful difference. The precision is higher 
for males than females, despite the large number of males predicted to have youth justice contact.

Figure 5. Model performance for contact with criminal justice system, by gender
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The key difference across Aboriginality and gender is the rate at which individuals are predicted by the 
models to have contact with the criminal justice system before age 18. This is starkly illustrated by Figure 
6, which shows the relative proportion of the two subgroups who are predicted by the models to have 
a justice contact before age 18. Here we see that for all ages between 0 and 6, as well as the model at 
the 10-year-old cutoff, the overwhelming majority (99.4-99.9%) of those predicted to have youth justice 
contact are Aboriginal. These results are a form of model bias (i.e., a disproportionate concentration of 
predicted risk in one subgroup, which may arise from underlying disparities in the data), and they show us 
that the aggregate performance of the model may be misleading as a justification for its use. The target 
population for any given policy or program may differ significantly from the sample that was used to 
estimate performance, which implies that model performance may also differ significantly. For our specific 
model(s), this may be driven by the relatively limited information available at a young age for the cohort, 
leading the model to rely mostly on demographic factors and other predictors significantly correlated with 
demographics.
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Figure 6. Proportion of those predicted to have youth justice contact, by gender and Aboriginality
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Another way to illustrate this model bias is to show the false positive rate (the proportion of individuals 
who are predicted to have contact with the criminal justice system before 18 but do not, as a proportion 
of the population) for the different subgroups. Because the model is more likely to predict contact for 
those who are Aboriginal, we find that the false positive rate for Aboriginal people is between 10 and 20%, 
which is again unacceptably high for many policy applications if it were to be utilised blindly. 

Figure 7 shows the difference in false positive rates at each age for males and females (left panel) and for 
Aboriginal and non-Aboriginal people (right panel).

Figure 7. False positive rate of the prediction models, by gender and Aboriginality
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There are now a multitude of methods that can be used to ameliorate bias in prediction models, with 
differing impacts on the performance of the model depending on the method and the application (Berg, 
2021). For example, if false positives are significantly more costly than false negatives, this could be 
incorporated into the cost function when training the model. Alternatively, the model could be left as it 
is and results adjusted ex-post to ensure equity (e.g., using the model outputs only within group, rather 
than between groups). It is difficult to assess how a model trained on this data might perform if different 
aspects of the bias were prevented.
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Predictors

Most important predictors of criminal justice contact

The most important predictors, as measured by the absolute marginal difference in prediction, change markedly at 

each age. Although Aboriginality and gender remain predictive from birth to 10 years old, they are entirely replaced 

by data from education and suspensions at age 15. The overall influence of the most important predictors falls as age 

increases, with the prediction drawing on a broader set of variables as the number of variables increases.

In this section, we provide a measure of how important a predictor is to our model to help explain how 
each model is utilising the information contained in the various administrative datasets to predict who will 
have youth criminal justice contact. Our measure of importance is the change in prediction caused (on 
average) by each predictor, and it can be interpreted as the average difference between two probabilities 
(i.e., the predicted probability that the individual will have youth justice criminal contact and the predicted 
probability if this predictor was a different value). In Figure 8, we present the top eight most important 
predictors for each model at birth (age 0),1 five, ten and 15 years of age, to give a sense of how the 
importance of predictors changes over time.

We estimate that at birth, five and ten-year age cutoffs, the two most important predictors are 
Aboriginality and gender. Individuals identified as Aboriginal or male are associated with an estimated 
increase in predicted probability of contact of approximately 9% and 5%, respectively. We also find 
the number of child protection reports, whether the mother smoked during pregnancy,2 whether the 
individual received disability support at school and whether the parents were married at birth to be 
persistent predictors across these ages, but the magnitudes are far smaller at between 2 and 3%.

Looking at the predictors at age 15, we find that almost all the top predictors are related to suspensions, 
along with contacts with police as a victim and child protection helpline reports of being at risk due to 
their own behaviour. The predictors at age 15 should be interpreted with caution, as this dataset omits 
all individuals who have already had contact with the criminal justice system between ages 10 and 15 
(representing 2% of the full sample, but 40% of those who eventually have contact with the criminal justice 
system before age 18). This design ensures that the model is predicting first contact after age 15, using 
only information available beforehand.

In addition to the predictors that were important to the prediction, it is also worthwhile noting which 
predictors are less important. Some predictors that have been highlighted in the literature have limited 
coverage of the cohort (e.g., usage of legal aid services and alcohol and drug services) and/or limited 
variation (e.g., use of acute health services) which may reduce their effectiveness as predictors. We also 
did not directly observe other factors that may be important for prediction, such as the income and 
wealth of the household or an individual’s exposure to criminality, possibly leading to predictors that are 
correlated with these features increasing in importance for prediction. 

1	 The model predicts criminal justice contact in NSW only. Maternal residence in Queensland LHD at birth may appear protective because these individuals 
are less likely to appear in NSW criminal justice records. Similarly, differences in predicted risk between Local Health Districts—such as Far West and 
Southeastern Sydney—may reflect regional variation in population characteristics, service access, or data coverage. These associations should be 
interpreted with caution, as they may be influenced by jurisdictional boundaries and unmeasured factors.

2	 Maternal smoking during pregnancy may act as a proxy for broader individual and household socioeconomic disadvantage, rather than indicating a direct 
causal effect. Its predictive strength likely reflects underlying social and environmental factors associated with disadvantage.
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Figure 8. Top 8 most important predictors, by cutoff age
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Changes in predictor importance over time

We also observe that the difference in predicted probability of contact with the criminal justice system 
before 18 changes significantly as individuals age. Specifically, we find that Aboriginality and gender 
become less influential in the prediction, as more behavioural and administrative data, such as school 
suspensions and child protection reports, become available and more predictive of future contact. 
Below in Figure 9 we present these estimates at each age to show how the estimated difference grows 
or shrinks for four predictors that have persistently large impacts on the predicted probability of youth 
contact with the criminal justice system.

This may be due to the large number of predictors (and thus information) becoming available to the 
model as individuals age, making Aboriginality, gender, child protection reports and maternal smoking less 
important as proxy variables for other underlying causal factors. Each model differs significantly in both 
the predictors available for prediction, and the predictors that are driving the performance of the model. 
At birth, we can only predict contact with the criminal justice system using demographic information 
and the service usage of parents along with data from the perinatal data collection. As the individual 
ages, more direct and indirect measures of the individual’s behaviour and context accrue, with first child 
protection data, then health data, and finally education data becoming more important to the prediction.
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Figure 9. Influence of four key predictors, by cutoff age
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Overall, our estimates suggest that the information that NSW Government services accrue on young 
people that is relevant to contact with criminal justice is largely limited to demographic information, and 
information from the child protection, education and health systems. These results suggest that although 
accuracy metrics may be similar between ages, predictions at younger ages rely more heavily on socio-
demographic information due to limited behavioural data. As individuals age, more specific behavioural 
indicators become available and increasingly drive model predictions. This shift may be important for 
improving performance when distinguishing between individuals within demographic groups. 

Contribution of individual datasets in the HSDS to model performance

“Leave One Dataset Out” analysis

No single dataset is critical for model performance. Removing any one dataset from the HSDS results in only minor 

changes to predictive performance, indicating that the strength of the models lies in the combined information from 

multiple sources.

Our dataset is constructed from a large number of datasets from across NSW Government, brought 
together in the HSDS. Although our model utilises many predictors from these datasets, it is likely the case 
that not every dataset is required to generate the performance seen when using the whole dataset. For 
example, it may be the case that a single dataset is critical for our model, with other datasets containing 
duplicative information. 

To assess whether any dataset is critical for performance, we re-estimate our models for the cutoff age 
of ten with a single dataset removed and assess whether there are large changes to a single number 
summary of performance, the ROC-AUC. We repeat the “leave one out” analysis for each of the 11 
datasets in the HSDS. The results are presented below in Figure 10.
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Figure 10. Change in model performance (AUC) when a dataset is omitted
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We find that no single dataset is critical for our results, with the AUC of the most important dataset being 
within 0.02 of the AUC of the full model (0.8). We find that the model performance is essentially identical 
across models, suggesting that our predictors have significant overlap in the information provided once 
all variables are included. The data from Births, Deaths and Marriages (which has our demographic 
information), child protection, fines and the perinatal dataset have the largest influence on predictions, 
but as mentioned, these differences are marginal.

“Leave One Dataset In” analysis

Individual datasets vary widely in predictive value. Models trained on the Births, Deaths and Marriages, police, fines 

or child protection datasets achieve an AUC of higher than 0.7, while those constructed using the education, OOHC 

or homelessness datasets perform only slightly better than chance (i.e., AUC = 0.5). This reinforces the importance of 

integrated data for robust prediction.

Given the logistical challenges of building and using a dataset such as the HSDS, it may be useful to 
understand whether similar model performance can be achieved using a dataset from a single agency. 
We investigate the performance of a model estimated using the identical process to our main model, 
but including only the predictors available in a single dataset. We present the performance of the model 
estimated on a single dataset for the cutoff age of ten as an example, using a single number summary of 
performance, the AUC. Results are presented in Figure 11 below.
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Figure 11. Model performance when only a single data source is used (compared with model using 
combined dataset)
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We find that models estimated using just the Births, Deaths and Marriages, police, fines and child 
protection datasets achieve an AUC of above 0.7, a relatively high level of performance but still 
significantly lower than the AUC of 0.81 achieved by our full model. Conversely, the models trained on just 
the education, OOHC or homelessness datasets alone yield substantially lower predictive performance, 
with predictions that are little better than chance (i.e., AUC close to 50%). This suggests that, for predicting 
first criminal justice contact before age 10, these datasets contribute limited standalone predictive  
value—likely due to the relative scarcity or delayed onset of relevant indicators such as school 
suspensions or housing instability in early childhood.

DISCUSSION
This study utilised a machine learning approach to build predictive models of youth criminal justice 
contact for all individuals born in NSW between 1 January 1998 and 31 December 2000. We trained 
our models using predictors from the HSDS, a linked dataset that contains data from seven major 
administrative data collections. At each age from 0 to 17 years, we estimated the likelihood that an 
individual will have contact with the criminal justice system by the age of 18, using only information 
available for each individual at that age, and only calculating predictions for those who have not already 
had contact with the criminal justice system.

This study makes four valuable contributions. First, we demonstrate that a predictive model constructed 
on this large linked administrative dataset can effectively distinguish between individuals with and without 
future criminal justice contact before age 18. The model achieves an AUC of 0.8 and an accuracy of 
95%, indicating good discriminative ability, and a precision of 50% when identifying the 1-2% of children 
at highest risk of having youth contact with the criminal justice system at any age before 12, and being 
correct in this prediction about half the time. While these figures reflect meaningful performance relative 
to similar models in the literature, they must be interpreted cautiously given the low prevalence of early 
criminal justice contact and the potential consequences of incorrect predictions. The model correctly 
identifies approximately 10-20% of all individuals who will have criminal justice contact before age 18. 
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Although this level of coverage is limited, it nonetheless demonstrates the potential of administrative data 
to support early identification efforts, particularly when combined with careful consideration of ethical and 
practical implications.

Second, we show that although the overall performance of the model is strong, it performs significantly 
worse for demographic groups that have higher rates of contact with criminal justice contact before the 
age of 18. This has particularly striking implications for Aboriginal people that must be considered in any 
policy application. Using data available at the age of six or younger, between 50 and 80% of individuals 
predicted to have youth contact with the criminal justice system are Aboriginal boys, with the model 
predicting somewhere between 20 and 30% of all Aboriginal people to have contact with the justice 
system before the age of 18. As the model is correct only half the time, this implies that a false prediction 
will be made for 10-15% of all Aboriginal people. These disparities raise serious concerns about fairness 
and model reliability. They could reflect broader structural and historical factors, including the legacy 
of discriminatory policies and systemic disadvantage, that shape both the likelihood of contact with the 
criminal justice system and how that contact is recorded in administrative data. For example, Aboriginal 
children may be more likely to appear in datasets due to higher levels of surveillance and engagement 
with government services, which may not always reflect underlying risk. Additionally, administrative data 
collections often lack information on protective factors such as cultural connection, family and community 
support and resilience. The absence of these elements may contribute to overestimation of risk for some 
individuals and limit the model’s ability to provide a balanced assessment. This is clearly unacceptable for 
many criminal justice policies (e.g., bail decisions), and it demonstrates that the use of the models would 
need to be carefully justified.

Third, we show that the predictors that are used by the model change as more information accrues on 
the individuals and as they age. At birth, predictions can only be made using demographic characteristics 
and parental characteristics, but by five and ten years of age, we see that predictions are also driven 
by child protection and health data directly relating to that individual. By the age of 15, we see that the 
model is essentially only making predictions using school suspension data, indicating that observable 
behavioural indicators become increasingly influential in later adolescence. However, this shift likely 
reflects both the growing relevance of individual behaviour and the limitations of available data, 
particularly the relative scarcity of behavioural information in earlier years. It is important to note that 
the age 15 model is designed to predict first contact after age 15, and therefore excludes individuals 
who had prior contact. School suspension data should also be interpreted with caution, as it may reflect 
school-level decision-making practices, which can vary widely across institutions and over time. Historical 
caps on suspensions and discretionary application of policies may introduce bias, including structural or 
unconscious biases that disproportionately affect Aboriginal students. Future work should explore ways 
to incorporate more nuanced behavioural and contextual indicators.

Finally, we show that no single data source is critical for these predictions, nor can any single data source 
be used to build a model that performs as well as the model trained on the combined linked dataset. Our 
findings suggest that data from NSW Births, Deaths and Marriages, NSW Department of Communities and 
Justice (child protection), NSW Revenue, Perinatal data collection, NSW Police and NSW Education drive 
the majority of the prediction results.

Our work shows that the large amount of administrative data held by NSW Government can support 
predictive modelling for outcomes such as contact with the criminal justice system before 18. While our 
results are specific to this outcome, the approach may have broader relevance for other areas of policy 
interest, including health, education, and family services. One potential application of such models is 
in screening: identifying a small subset of children who may benefit from closer attention or additional 
support, while recognising that most children are not at elevated risk. This could help prioritise limited 
resources more effectively.  However, any use of predictive models in practice must be guided by careful 
consideration of ethical risks, including the potential for misclassification, stigma, and unintended 
consequences. Collaboration between policymakers, researchers, and frontline practitioners is essential 
to ensure that the models are used appropriately, transparently, and in ways that promote equity and 
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community trust. Similar concerns about predictive validity have been reported in recent research on 
the Violence Risk Scale (VRS). This study found limitations in the accuracy of the VRS for Australian male 
prisoners (Ziersch et al., 2025), reinforcing the need for caution when applying predictive tools in high-
stakes decisions.

Our analysis also highlights that these unacceptable disparities in model performance may not be 
immediately apparent, particularly given the scant details typically provided by government agencies when 
data-driven tools are implemented. High-level indicators of performance such as overall accuracy or AUC 
can obscure significant disparities in how predictions are made across subgroups, and what predictions 
would look like in practice. It is therefore critical that the choice of performance metrics is aligned with 
the intended use of the model—taking into account the prevalence of the outcome, the consequences 
of incorrect predictions, and the potential for disproportionate impacts on certain populations. As 
Garrett and Stevenson (2020) suggest, predictive tools like this should be required to have the underlying 
methods, validation data, studies, implementation strategy and other supporting materials made public 
for scrutiny. Without this sort of operational transparency and accountability, these models are likely to 
continue to be opposed by many as “black-box” methods that should be discarded in principle, discarding 
with them the large improvements in service delivery that could be enabled by these methods. Our 
findings reinforce the need for predictive models to be developed and deployed in ways that are not only 
technically sound, but also ethically responsible, interpretable, and subject to ongoing scrutiny.
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