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Abstract

The intelligible world of machines and predictive modelling is an omnipresent and almost
inescapable phenomenon. It is an evolution where human intelligence is being supported,
supplemented or superseded by artificial intelligence (AI). Decisions once made by humans
are now made by machines, learning at a faster and more accurate rate through algorithmic
calculations. Jurisprudent academia has undertaken to argue the proposition of AI and its
role as a decision-making mechanism in Australian criminal jurisdictions. This paper
explores this proposition through predictive modelling of 101 bail decisions made in three
criminal courts in the State of New South Wales (NSW), Australia. Indicatively, the models’
statistical performance and accuracy, based on nine predictor variables, proved effective. The
more accurate logistic regression model achieved 78% accuracy and a performance value of
0.845 (area under the curve; AUC), while the classifier model achieved 72.5% accuracy and a
performance value of 0.702 (AUC). These results provide the groundwork for AI-generated
bail decisions being piloted in the NSW jurisdiction and possibly others within Australia.

Keywords: bail; decision-making; criminal courts; machine learning; artificial intelligence; binary logistic
regression; tree-structured classifier

Introduction

Contained within the Bail Act 2013 (NSW) is a dichotomous or binary decision-
making process as to whether an individual accused of one or more offences is granted
or refused bail - a decision entrusted to a bail authority, defined within the Bail Act
2013 (NSW) as an authorized justice of a court — and that an “accused person” (also
known as a “defendant”) would need to demonstrate to that bail authority the reasons
why their detention is unjustified (Bail Act 2013 (NSW)). Not long after the Bail Act
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2013 (NSW) came into force, what appeared to be a retrospective measure to
strengthen it was the Bail Amendment Bill 2014 (NSW), the Second Reading of which
by the then Attorney-General stating that an accused charged with a specified level of
offending seriousness would need to “show cause ... that detention is not justified
and be subject to the unacceptable risk test before bail can be granted” and that a bail
decision (used interchangeably with bail judgment) would be made based on an
“unacceptable risk assessment” (Bail Amendment Bill 2014 (NSW)). The Attorney-
General explained further that the matter of “bail concern” is indicative of five items:
failing to appear; committing a serious offence; endangering the safety of victims; the
community; or interfering with witnesses of evidence (Bail Amendment Bill
2014 (NSW)).

Decision-making is a fundamental undertaking of criminal courts. It is the ideal
expectation that corresponding cases should result in consistent decisions, as
remarked upon in the Second Reading of the Bail Amendment Bill 2015 (NSW).
Despite being legislated and systematized, it is more realistic to expect
inconsistencies in decisions to occur. What if the courts themselves consider
consistency, balance and efficacy when making bail decisions? The following
extracts have been taken from judgments on bail cases that lead to this question:

It is possible, if not on one view, that minds may differ in any particular case
about how these authorities should play out in the difficult discretionary
exercise with which I am presently concerned (R v. Peter Tsallas 2017, 978).

To further demonstrate how inconsistencies are a factor in judicial decisions, a
similar position was expressed in the New South Wales (NSW) criminal appellate
court matter:

Bail decisions involve a discretionary evaluative judgment on a variety of
factors about which, and within limits, reasonable minds may differ. However,
every bail application presents its unique factual matrix (DPP (NSW) v. Zaiter
2016, 247).

In adversarial criminal justice systems such as NSW, bail decisions are not required
by law to meet the standard of proof that convictions require, namely, “beyond a
reasonable doubt”. As indicated in the Bail Act 2013 (NSW) in Section 31, “Rules of
evidence do not apply” - a bail authority is only required to meet the standard of
proof on a “balance of probabilities” — accordingly, there is not any requirement to
meet the reasonable doubt standard when making a decision, other than
determining new and untested criminal matters (Bail Act 2013 (NSW)). While
the literature consistently calls for high accuracy in outcomes, a benefit presumably
gained from Section 31 of the Bail Act 2013 (NSW) in probabilistic terms is that
decisions would not have to meet the principle of absolutism, as perhaps might be
expected in medical assessments; rather, the principle of probabilism is more
applicable. A total of 24 legislative provisions guide bail authorities in determining
bail. The NSW Supreme Court expressed the relevance and weight of these
24 factors in the following extract:
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... [section] 18 limits the matters to be taken into account in assessing bail
concerns under the [Bail] Act. Each matter is given equal priority. No one
matter assumes dominant significance (JM v. R 2015, 978).

In a bail decision handed down in the NSW Supreme Court, the judge provided a
succinct characterization of how bail is decided under the new legislation and
subsequent amendments and referenced the statement made by the Attorney-
General, described earlier:

[T]he approach of the Court falls into a dichotomy. If there is an unacceptable
risk, the Court must refuse bail; if there is no unacceptable risk, the Court must
grant bail. That test applies to all offenses (JM v. R 2015, 978).

The outcome sought from this human predictive assessment is to decide if bail is
granted or refused - a dichotomous decision — and therefore logical for the most
suitable measure when applying machine-driven predictive modelling also to be
dichotomous or binary. As such, the favoured statistical methods are binary logistic
regression (B-LogR) and the tree-structured classifier (T-sC), both of which will be
discussed in greater detail later. The rationale for applying two statistical methods is
based on the principle of acceptable practice, where multiple methods are employed
to determine the most suitable approach (McCue 2014).

The literature on Al in criminal justice has gained significant momentum
globally over the past two decades, with a notable trend in Australia. The
momentum has also carried over to state governments, which have established
policies and frameworks on AI, notably in NSW. However, it appears that
governments, including the NSW government, have yet to capitalize on this
momentum and further test Al-generated decision-making in the criminal justice
domain, such as when determining bail. A benefit of encouraging Al-generated bail
decisions, for instance, is that it can lead to arguments based on improving
budgetary measures and mitigating human error. Of discernible interest and
importance to note in any considerations on Al being used in decision-making,
particularly on mitigation to human error, is the ethicality of Al, for example,
fairness and biases. In the current study, consideration is given to all of the
aforementioned aspects, with particular interest in bail in the NSW criminal
jurisdiction, in support of piloting Al-generated decisions to determine bail.

This paper’s sectional arrangement commences with the introduction, from
where the background and related work from the literature will be detailed. Next,
the statistical methods will be outlined, including the data and classification metrics
used in the study. Results from the study are then detailed, its outcomes culminating
in a discussion and perspectives on future work.

Background and Related Work

A report on Australian prisons highlighted several significant issues related to
imprisonment rates and court administration processes (Productivity
Commission 2021). For example, the rate of remandees awaiting court outcomes
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is almost twice the number it was two decades later than in the year 2000, and the
average time in custody has increased by 1.3% to 5.8 months over the same
period, from 2000 to 2020 (Productivity Commission 2021). More specifically, in
NSW, the average remand time increased from previous years to 6.1 months in
2020; one factor blamed for this increase was systematic issues with court
processing (Productivity Commission 2021).

Following the initial bail amendments in 2014, defendant numbers fluctuated in
all adult-based court levels in NSW. Correspondingly, court delays — which can
otherwise be understood as defendants remanded - increased in the Local and
District Courts, and the Supreme Court showed some sharp variations (NSW
Bureau of Crime Statistics and Research 2023). Essentially, an implication from
these data is that defendants awaiting court outcomes are doing so while
incarcerated, at the risk of adverse administrative and legal consequences, only to
find themselves released without any further penalization.

During the period 2018 to 2020, defendants in NSW adult criminal courts whose
status was “bail refused” in all three court levels of local, district and supreme courts
are equally represented in most categories. Although two categories of “not guilty of
all charges” at 5.57% (n = 579) and “all charges withdrawn by the prosecution” at
4.74% (n = 493), while proportionate to the number (n = 10,393) of matters
finalized (NSW Bureau of Crime Statistics and Research 2023), may not seem
overwhelming, the implication is that defendants were remanded without any form
of sentence being handed down by the courts despite lengthy periods of
incarceration. An inference that may be drawn from these two categories is that
bail authorities, such as magistrates and judges, were incorrect in remanding some
individuals rather than granting conditional liberty. A further discussion could be
had on other categories where defendants were remanded and whether bail would
have been a more suitable option, for example, than incarcerating mentally ill or
cognitively impaired persons, although that topic is not of direct relevance here.

Apart from the legal and moral issues associated with erroneous decisions,
another concern is the cost-effectiveness of potentially unnecessary incarcerations.
In NSW, the budget concerning incarceration is increasing (Audit Office of New
South Wales 2019), and over the 2014-2015 financial year — not long after the Bail
Act 2013 (NSW) and subsequent amendments came into effect — the net cost to
keep an individual in custody in Australia was calculated to be $61,179 annually as
opposed to approximately $6,500 annually in the community under court-issued
orders (Morgan 2018). The assumptions made from these figures are based on cost-
benefit efficiencies: an accused on bail would cost significantly less than one on
remand and, again, much less than community-based orders, as generally, there is
limited monitoring and intervention required for individuals on bail
Notwithstanding the cost-reduction argument, another issue is the time on
remand, which was not solely risk-based but also attributed to laborious court
processes and erroneous decisions.

Considering the economic benefits and efficiencies of sentencing, jurisprudent
scholars have argued in favour of a progressive measure to alleviate this issue,
namely, the use of AI. Stobbs, Hunter, and Bagaric (2017) commented that
algorithms designed to undertake such a task are fiscally responsible and would
create efficiencies in court administration in addition to other benefits of
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consistency, transparency and predictability. Subsequently, the objective is to
improve the efficiency and accuracy of the criminal justice system. Bail decisions,
conventionally made by the judiciary, could be replaced with contemporary
methods, inferring that AI could substitute human intelligence.

Conventional to Contemporary Predictive Instruments to Decide Bail

A former chief justice of the High Court of Australia, in a speech on the current and
future implementations of technology in Australian courts, opined:

Technology is an integral part of our daily lives. It is the now and the future.
One does not need to look too far to see mistaken disregard for technology in
the past (Allsop 2019).

More specifically, Al as a prominent technological influence, has been declared on a
macro or global scale, bringing about transformations in economies and workplaces
through increased productivity and innovation and potentially enriching the lives of
people and societies (Organisation for Economic Co-operation and Development
2025). It is essential, nonetheless, to draw from the literature a meaning of Al,
expressed in the guidelines by the Organisation for Economic Co-operation and
Development (2025:7):

An Al system is a machine-based system that, for explicit or implicit objectives,
infers, from the input it receives, how to generate outputs such as predictions,
content, recommendations, or decisions that can influence physical or virtual
environments. Different Al systems vary in their levels of autonomy and
adaptiveness after deployment.

A definition cited in a criminal justice aspect was that AI is “the scientific
understanding of the mechanisms underlying thought and intelligent behavior and
their embodiment in machines” (Atkinson in Dupont et al. 2018:9). Meaningfully,
the objectives are human-driven, yet programmed into a machine to make
predictions that have real-world implications, and therefore, the technological
evolution is undeniable, and Al is going to be integral.

Al-Generated Decision-Making Prototypes

Earlier work on a prototype for decision-making in the criminal justice jurisdiction
was conceptualized as a decision support system for sentencing in the Magistrates’
Court of Victoria (Farmer, Parsons, and Bagaric 2018). The authors’ decision-
support system was said to apply a statistical algorithm approach, where data from
previous sentencing outcomes or matching similar cases would inform decision-
makers. The authors stated that the algorithm framework integrated decision trees
and argument trees. Once satisfied with the theoretical model, the authors
implemented it in a practical model using a web-based program, which generated
responses or prompts based on weighted variables to determine the sentence
ultimately. Another literature source suggests that the need for consistency and
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efficiency underpins the motivation for a decision-support machine. Their
argument for consistency was based on the probability that decision-makers
examining the same facts can make different decisions (Hall et al. 2005). The
limitations expressed by the authors regarding their prototype were more legal than
technical, which was likely because their research had not tested the technical
elements on actual cases; consequently, its effectiveness could not be assessed (Hall
et al. 2005). Notwithstanding, the authors demonstrated that a schematic model can
become an algorithm prototype.

A survey from the literature considered predicting the outcomes of criminal cases
using various ML classifiers. Shaikh, Sahu, and Anand (2020) referred to their
research undertaking as a “legal approach”, which surveys the narratives of relevant
legal cases in search of specific text or phrasing that creates the features. The relevant
information is entered into a database upon which the chosen ML classifier analyses
and provides the outcome. The authors selected eight ML classifiers to analyse and
predict the outcomes of 86 cases (for the full list, see Shaikh et al. 2020). It was
determined that the eight classifiers correctly predicted 64 cases, yet using
classification and regression trees (CART) was the most accurate (91.86%) and had
the best performance (91.76%); the authors reported that all eight classifiers
provided respectable predictions in accuracy (between 85% and 92%). Also, their
research showed 22 cases as having a minimum of one incorrect prediction and two
cases wrongly predicted by all the eight classifiers. A limitation of the research by
Shaikh et al. (2020) was identified in the high number of arbitrary predictors and
descriptors. As contended elsewhere, weak predictors can be counterintuitive (Berk
and Bleich 2013).

Other scholars have explored a similar research question to the one previously
mentioned, although a discernible difference was apparent regarding the most
effective model. Zeng, Ustun, and Rudin (2017) hypothesized that the ML classifier
performance of the Supersparse Linear Integer Model (SLIM) would provide
superior accuracy and interpretability over eight other classification models for
predicting recidivism, including CART (for the eight models, see Zeng et al. 2017).
These authors thought that SLIM is well-suited for quantitative research in
criminology; it has similarities to conventional linear risk assessments for recidivism
where a user can observe what input variables are influencing the result, satisfying
transparency. However, SLIM as an ML technique is different from more notable
ML approaches in its calculable properties (e.g. scalability). The methodology
compared nine ML classifiers, including SLIM, on features that they claimed were
typically accessed by police and judges (e.g. prior arrests and imprisonment history)
to predict six offence categories: arrest; drug possession; and four types of violence.
A limitation of this data collection method is that bias may be present in the data, as
a proportion of it comes from police records, such as prior arrests. Despite this, the
researchers reported a preference for SLIM over the other approaches, as it employs
a simplified numerical scoring method, which is supported by its accuracy and
interpretability.

Further promising results on machine versus human prediction have been
reported in the literature. A study conducted by Singh, Jain, and Kumar (2017)
examined the effectiveness of ML on parole release decisions for inmates seeking
release from the State of New York. The researchers applied a neural network
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algorithm to analyse 18,688 cases, with 70% used as training data, 20% as validation
data and 10% as testing data. In all, 10 predictor variables were used, including age,
sex and race. The researchers claimed that the accuracy of their model was
calculated at 76.8%. The result, while auspicious, had several limitations; for
example, the “black-box” program used hidden layers, and the algorithm was
undisclosed (Waltl and Vogl 2018). An additional limitation was found from at least
one attribute of “race”, which was certain to create inherent bias. Berk, Sorenson,
and Barnes (2016) compared an ML program to a human-based assessment of
released offenders and found that 10% of the offenders they deemed suitable for
release had reoffended within two years, which was more accurate than the
conventional assessment, which had a 20% reoffence rate. Despite the favourable
results, a notable limitation in the methodology was observed, specifically regarding
the high number of variables. The greater the number of variables or features
applied, the greater the complexity and difficulty in interpretation (McCue 2014).

A more conventional decision-making approach to prediction was found in the
literature. Lum, Boudin, and Price (2020) conducted a pilot study to determine the
effectiveness of a predictive instrument and associated issues of bias and fairness in
police charge categories. The predictive instrument used was the Arnold Public
Safety Assessment (APSA), which can be described as a traditional statistical
measure employing a six-point scale that incorporates various features (e.g. prior
failure to appear in Court and prior convictions), resulting in a binary outcome. Its
purpose is to determine if an accused person should be released or held after being
charged with one or more offences.! Moreover, the aim of the instrument is to
determine the probability of the accused, if bailed, reoffending and/or failing to
appear in Court. The results from the scale assessment are then weighed against a
decision matrix that was created for the pilot study. The researchers relied on data
from criminal cases over a 12-month period (2016-2017) in a US criminal
jurisdiction. Given that there were several items analysed by the authors, for brevity,
there were two notable outcomes: 27% of bail cases were incorrectly assessed by the
APSA, which would have resulted in unnecessary intervention and restrictions on
those offenders, and 10 to 20% of offender cases analysed were found to have had
the charges unsubstantiated by the Court (which corresponds with the data in NSW
referred to earlier). By their admission, the authors acknowledged a small sample
size and had not analysed potential biases in the data that might make an impact on
judicial decisions and recidivism rates. Despite these limitations, the research by
Lum et al. (2020) underscores the importance of ethics and morals in criminal
justice, particularly in contexts where human assessments are fallible.

Schematizing Bail Decisions

It is intended that the decision-making process for bail in NSW criminal courts,
demonstrated schematically and materially, can be replicated into a computerized
model represented as a numerical score or measurable result. This proposition is
supported in the literature, where an algorithm can be formulated to produce a
decision, represented as a numerical score or probability. Contemporary

IThis is similar to police bail decisions in NSW.
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algorithm-based risk assessments would need to apply specific measures or
predictors, such as “criminal history” and “rearrest” (Berk and Elzarka 2020).
However, caution was expressed when using predictor variables such as “past
arrests” rather than “past convictions” as it can significantly affect prediction
outcomes (Wykstra 2020).

A discussion on variables was considered in the literature. Stobbs et al. (2017)
claimed that any algorithm coding for decision-making that has multiple variables
can be produced. Stobbs et al. (2017) stated that 30 factors currently guide the NSW
courts in sentencing legislation, although they reported that there are over 200
factors to consider; however, two key factors, criminal record and offences while on
bail, were identified. A real-world model complements this discussion: Jung et al.
(2020) designed and tested a model to determine whether accused persons should be
granted bail, assessing two key features: age and prior failures to appear (Jung et al.
2020). After analysing over 100,000 pretrial detention cases, the authors claimed
that their model would have allowed judges to detain one-third fewer people and
would not have increased the risk of any individuals failing to appear at the next
court hearing if they were bailed (Jung et al. 2020). A limitation in the research was
found where a miscalculation may have occurred as to the reasons a bail authority
released an individual due to inaccurate or missing information.

A separate research study examined the variables most prominent in failure-to-
appear matters. Zettler and Morris (2015) applied a logistic regression model and
analysed bail cases over a year to determine, from 19 predictors, such as criminal history
and prior failure to appear, which factors were more likely to result in defendants failing
to appear in Court. The researchers’ design variation included six models, five of which
were grouped by race and gender to minimize bias, and a general model. The results
demonstrated that the predictors of being male, impoverished and not having a prior
felony charge® increased the chances of failure to appear. Despite the encouraging
results, several limitations were noted in this research. First, the outcomes are only
specific to that jurisdiction. Second, the monitoring of persons on bail by a government
service is not applicable everywhere; government intervention in this instance could
positively affect compliance. Third, the information on the subjects may have been
limited, particularly the data on homeless status.

Despite the persuasive arguments regarding the number of predictor variables,
the benefits of applying criminogenic factors in predictive models are evident.
A meta-analysis conducted by Gendreau, Little, and Goggin (1996) on predictors of
adult offending and recidivism concluded that some of the most significant
criminogenic factors were age, gender, criminal history, pro-criminal associates,
family circumstances and substance-related issues. Additionally, a synthesis of
actuarial risk measures for recidivism revealed a higher correlation than personality
measures, likely due to the heterogeneity of reoffending factors (Gendreau et al.
1996). In another meta-analysis, Grove et al. (2000) reviewed 136 studies on the
topic of “clinical versus mechanical” or “human versus algorithm” prediction in the
field of human health and behaviour. The results demonstrated that the algorithm’s
prediction was more accurate than that of humans in predicting criminal behaviour.
The meta-analysis reviewed studies dating from 1936 (parole success or failure) to

2A felony is similarly equated to an indictable offence in Australia.
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No bail concerns - No conditions |]

Unconditional Release I]

No (FC2) I]
Conditions - 5.20A

Conditional Release I]

Yes bail concerns - Impose conditions I]

Yes (FC1) I]
Unacceptable Risk - 5.18 (FC2)

Show Cause

No (FC1) [I Refuse Bail (FC1) H Yes (FC2) [I Refuse Bail (FC2) [I

Figure 1. Schematic diagram BAILgram (created through SankeyMATIC; Bogart 2023). The process moves
from left to right; the different colours differentiate each stage in the bail assessment; the channel over
the top half is indicative of bail granted, while the bottom half is indicative of bail refused. The letter
representations of “FC1” symbolizes Flow Chart 1: show cause requirement; and “FC2” symbolizes Flow
Chart 2: unacceptable risk test. The colour intervals and literal notations signify a point where a decision is
to be made in the same way as the bail legislation schema.

1988 (criminal behaviour), and it is noteworthy that forecasting criminality over
that 52-year period did not utilize sophisticated computer software. Any
comparison drawn from these outcomes to current forecasting should be made
cautiously. Notwithstanding, statistical prediction was equal to or more favourable
than human-made prediction.

Depicted in the Bail Act 2013 (NSW) by schematic flow charts is the process that
ultimately leads to a binary or dichotomous decision of either “yes” (bail granted) or
“no” (bail refused). The NSW Supreme Court succinctly expressed this:

The schema of the Act suggests a two-stage task in which the Court would first
call upon the accused person to show cause why his or her detention is “not
justified.” Subsection 2 of [section] 16A provides that if the accused person
does show cause why his or her detention is not justified, the bail authority
must make a bail decision by Division 2 of Part 3, which is the unacceptable
risk test. That test applies to all offenses (M v. R 2015, 138).

The flowcharts referenced here have been reproduced as a Sankey diagram (Bogart
2023), which is aptly titled for this study as the BAILgram (see Figure 1).
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B-LogR Algorithm Model as a Predictive Instrument to Decide Bail

Regression is essentially a statistical measure used to determine the effect of one or
more independent variables on a dependent variable - it is a robust approach to
predictive analysis (Pinder 2020). In criminological and justice domains, a B-LogR
model is favoured, as the outcomes being sought are fundamentally dichotomous
(Britt and Weisburg 2010); for example, bail granted versus bail refused, or an order
to detain versus an order to release. B-LogR models show good predictive utility
(Ngo, Govindu, and Agarwal 2015) and satisfy assessing or measuring its statistical
significance on a dependent variable (Britt and Weisburg 2010). It is an effective
statistical model when applied to observational data (Shmueli 2010) and in
analysing binary outcomes (Zettler and Morris 2015). The multinomial model, as an
extension, is effective because it can assess three or more categories (Britt and
Weisburg 2010) and has also been said to exhibit low bias and “mean absolute error”
(Wilkinson, Mamas, and Kontopantelis 2022). Nonetheless, these models have
limitations. Presumably, bias can occur due to methodological and data errors
(Kleinbaum et al. 2014), and small sample sizes can have a negative impact on
results (Wilkinson et al. 2022). It is arguable, then, to suggest these limitations are
hardly as acute as those observed in so-called “black-box” models, which, among
other reasons, are maligned for lacking transparency and containing bias.

T-sC Algorithm Model as a Predictive Instrument to Decide Bail

The next approach is the T-sC. It is a supervised classification and predictive model
(Wijenayake, Graham, and Christen 2018), which categorizes datasets into smaller
subsets (Nasridinov, Thm, and Park 2013) and ultimately provides a visual
representation of the data, structured in a tree-like format (Wijenayake et al. 2018).
This approach has been said to be favoured by social scientists in criminological
domains for its ability to construct the probability of recidivism based on relevant
factors (Lussier et al. 2019). Additionally, it resolves complexities in decision-
making while simplifying interpretation and use (Lee, Liu, and Jin 2014), a
characteristic also described by Kotsiantis (2013) as being intelligible. The T-sC also
shows good predictive utility and accuracy (Ngo et al. 2015; Zeng et al. 2017) and
was also touted as a preferable approach, as it corresponds well with flowcharts (Lee
et al. 2014) and thus can be visualized. The T-sC is said to be a robust performer in
predictive analysis, as it benefits from interpretability, is understandable and is less
complicated (Kotsiantis 2013; Lee et al. 2014; Rutkowski, Jaworski, and Duda 2020).
Accordingly, it is one model that has been selected and will be more suitable than
other ML approaches in its relationship to the bail schema. Despite the many
benefits of a T-sC, there are limitations. The literature suggests that models are not
always interpretable, such as black-box models, and trade-offs are necessary for
achieving both interpretability and accuracy (Zeng et al. 2017). Furthermore,
increased model complexity can lead to negative outcomes (Kotsiantis 2013).

Summary

Uniformly, the literature on ML being applied in the criminal justice domain
endorses logistic regression and tree classifiers for predictive modelling and
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decision-making instruments. This, however, is not to discount other models that
are effective in the criminological and justice domains; rather, the justification given
for this was such that logistic regression is ideal for binary classification (Berk and
Bleich 2013; Jung et al. 2020; Zeng et al. 2017) and mollifies ethical concerns beyond
that of other techniques, such as neural networks (Attewell and Monaghan 2019)
and random forests (Berk and Bleich 2013). Similarly, more modern developments
in ML, such as neural networks, meant that its application as a tool was met with
greater complexities than those of relatively less complex ones, like tree classifiers
(Lotfi and Bouhadi 2022). The literature research also revealed various ML methods,
where the predictive rigor of those selected was comparable — two of these being
logistic regression and tree classifiers (Lussier et al. 2019; Ngo et al. 2015). Given
these scholarly examples, which have sustained suitable ML methods for predictive
modelling, specifically in the criminal justice domain, B-LogR and the T-sC are
appropriate in laying the groundwork for Al-generated decision-making in bail.

Statistical Methods

There is an argument bound in historical practice that research and statistical
methodology should be tested against theories and hypotheses and that the causal
elements and statistical results should be determined by deduction. This study does not
intend to form hypotheses and develop causation based on analyses underpinned by
theoretical premises and model explanations; rather, it is centred on predictive
modelling. It is imperative to provide the rationale for this inclination; however, it is
constructive to differentiate “explanatory” from “predictive” modelling. Predictive
modelling is the application of algorithmic modelled numerical data to forecast a future
event or make a predictive observation (Shmueli 2010). Alternatively, explanatory
modelling is a results-oriented undertaking that examines causal outcomes based on
theories and hypotheses (Shmueli 2010). While explanatory modelling contains
measurable data, it becomes misrepresented by the theory underpinning it, leading to
inefficacy in explaining explainable phenomena (Shmueli 2010). Notwithstanding, a key
requirement for predictive accuracy in the criminal justice domain is that the future has
representations of the past, and future predictions are dependent on mathematical rigor
obtained through superior data collection and analysis (Berk and Bleich 2013).

A contemporary approach to measuring the risk of reoffending involves
ascertaining the relationship between predictor variables and their impact on a
target variable (Berk and Elzarka 2020). Similarly, this study will investigate whether
any relationship exists between the categorical variables to predict the probability
that an accused, if released on bail, will reoffend. Purposed as reliable measures of
the performance of an ML model will be the receiver operating characteristic (ROC)
curve and classification table (Attewell and Monaghan 2019), for their predictive
vigor was reasonably justified by the account of analogous classification tables that
conceivably lead toward a lower chance for unfairness (Berk and Elzarka 2020).

After, or working diachronically with, the predictive model approach is
exploratory data analysis (EDA). EDA is not wholly defined within the literature but
is characteristic of analysis methods that precede traditional methods — upon which
analysis can be drawn — where hypotheses are not a foundational requirement in a
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Table 1. Number of defendants in the respective New South Wales courts corresponding
to data collation (n = 101)

Court type Number of cases/defendants
Court of Criminal Appeal 34
Supreme 60
District 7

study (Shmueli 2010). The rationale for non-traditional methodologies is sustained
conditionally, as once the outcomes were in an analysable format, it became evident
that there would be a disconnect with previously formulated hypotheses on
causation for the bail decisions. Supported in the literature, sizeable datasets are
presented with correlational and pattern complexities, which become difficult to
hypothesize (Shmueli 2010).

Further sustaining the shift from traditional statistical methods is the concern
about the probability value. This discussion on using the p value, as it is commonly
referred to, is extended to significance testing. The p value is usually accompanied by
arbitrary indicators of 0.05 or 0.01 (Dahiru 2008). The preferred measurement
criterion is to apply and rely on “confidence intervals” for their superiority over
hypothesis testing, for example, in study replication (Dahiru 2008).

This paper’s groundwork is based on the development of a working prototype to
predict bail decisions using actual data - specifically, to forecast whether a defendant
should be granted or refused bail based on nine distinct predictor variables.
Considering the contentious yet compelling scholarly rationale, this study will
depart from tradition and refrain from formulating hypotheses, although a
reasonable statistical approach will be presented about the predictive model.

Data Evaluation and Metrics

A collation of 101 bail case narratives across various levels of the NSW criminal
courts formed the dataset, accessed from the NSW Caselaw website (https://www.ca
selaw.nsw.gov.au/). Caselaw is an open-source, publicly accessible website with
written decisions on nominated cases in most jurisdictions of the NSW law courts.
The search parameters contained “bail”, the chosen four court levels of “local”,
“district”, “supreme” and “Court of Criminal Appeal (CCA)”, and the period
parameter from “2015” to “2023”, as 2015 was the year of the last legislative
amendment. The search parameters made available more than 600 cases; however,
this was eventually filtered down to 101 case narratives based on detail and
relevance from the District and Supreme Courts, as well as the CCA (see Table 1). It
is noted that some of the cases contained two or more multiple parties heard at the
same time (co-defendants), although each defendant was counted as one case and
assessed individually, as the decisions and factors contributing to those cases were
dealt with separately by the respective courts.

Data were manually recorded corresponding to each variable. For instance,
where a written judgment stated that a defendant had one prior failure to attend
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Table 2. Classification table exemplar for bail decisions

Bail granted (actual decision)  Bail refused (actual decision)

Bail granted (predicted decision)  True positive (TP) False positive (FP)

Bail refused (predicted decision)  False negative (FN) True negative (TN)

court, this was subsequently recorded under the predictor “failure to appear/flight
risk” as “1”. If a judgment did not contain the information to satisfy each of the
predictors, it was disregarded. Each predictor variable is recorded commensurate to
the information in the Model Predictor Information Table (see Appendix). All
variables were binary coded, with values of either “0 = no” or “1 = yes”, except for
“criminal history” and “seriousness of offence(s)”, which required more specific
coding. Under the class “seriousness of offence(s)”, if viewed on a scale, it can vary
depending on factors associated with harm to victims. Therefore, seriousness was
rated as the maximum penalty that could be imposed under the sentencing law for
the index offence. Guided by domain experience in sentencing procedures and
administration, seriousness was gauged by the penalty and the hierarchy of the
court. For example, the three-year penalty in sentencing is a significant marker, as a
penalty of this degree can only be determined by superior courts. A three-year or
more custodial sentence requires the NSW State Parole Authority to determine the
schedule and conditions of an offender’s release. “Show cause” under the legislation
is a “yes” or “no” outcome and is therefore coded as “1” and “0”, respectively. “Show
cause” data input determines if the defendant has shown cause why their detention
is not justified, which resembles the NSW bail legislation but was varied, giving
greater weight to certain offences in the categories of sex crimes and domestic/
family violence. It is important to note that the interpretation of this class is
transposed for the two ML techniques.

One of the determining factors for bail in the NSW legislation refers to “if” a
defendant was convicted, whereby the emphasis on if is a subjective assessment
made by a magistrate or judge on the probability of a conviction. To minimize this
subjectivity (where a human is tasked with considering numerous factors and
predicting the probability that a defendant will or will not comply with conditional
release), the 24 factors were condensed into nine predictor variables that comprise
the prototype, titled Bail-14, making the predictors less ambiguous. Attributes such
as gender, age and race have intentionally been omitted, which, from the literature,
can create biases in the results, and from a logical and moral standpoint, the weight
of those attributes should not give cause to determine a defendant’s liberty.

Classification Metrics

Table 2 is an exemplar of a classification table with specific reference to the bail
decision categories. The letters are literal notations of true positive, true negative,
false negative and false positive (Larner 2021). The vertical columns represent the
actual or true classifier, and these are put against the outcomes from a predicted
classifier in the horizontal columns (Larner 2021).
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Table 3. Error-based measures and information-based measures linked to bail decision

Measures Equation

TPR: the probability of a correct classification of Granted TP/(TP + FN)
TNR: the probability of a correct classification of Refused TN/(FP + TN)
FPR: the probability of incorrect classifications - Granted being Refused FP/(FP + TN)
FNR: the probability of incorrect classifications — Refused being Granted FN/(FN + TP)
PPV: the probability of compliance given an outcome of Granted TP/(TP + FP)
NPV: the probability of non-compliance given an outcome of Granted TN/(TN + FN)

Note: TPR, true positive ratio; TP, true positive; FN, false negative; TNR, true negative ratio; TN, true negative; FP, false
positive; FPR, false positive ratio; FNR, false negative ratio; PPV, positive predictive value; NPV, negative predictive value.

Error-based measures are summarized in the following and listed in Table 3.
Each measure is categorized according to its application in bail decisions. Equations
for each measure are also stated in Table 3. The true positive ratio (TPR) and true
negative ratio (TNR), respectively, are indicative of either a positive classification or
a negative classification in a specified category. The false positive ratio (FPR) and
false negative ratio (FNR) are probabilities of incorrect classifications, generally
speaking, a finding of incorrect when it is correct, or conversely, a correct finding
when it is incorrect. Information-based measures include the positive predictive
value (PPV) and the negative predictive value (NPV), which are, respectively, the
probabilities of a finding in a specified category being correctly or incorrectly
predicted. Outcomes for all ratios and values are determined numerically between 0
and 1 (Larner 2021).

Nine variables in the Bail-14 prototype are derivatives of the 24 factors listed
under Section 18 of the Bail Act 2013 (NSW). It was deemed that some of those
listed factors overlapped or were similar in context, and for the formulation of
Bail-14, those factors were either merged or omitted. Also, some items appear
subjective, and their evaluative cogency is consequently limited. Given these
factors, the nine predictors applied to the Bail-14 model are listed in Table 4.

Demographic identifiers, while relevant in certain assessments, have been
shown to create issues with fairness (among other ethical principles) in the
justice and law domains. For these reasons, demographic identifiers will not be
used. In saying this, the Bail Act 2013 (NSW) does not contain demographic
criteria.

B-LogR

This is a parametric statistical approach that ultimately produces a dichotomous
outcome. It is a cogent predictive measure in binary classification for values of 0 or
1, true or false, or yes and no (Zaidi and Al Luhayb 2023), suitable for predictive
modelling where variables of consequence need to be ascertained (Barabas et al.
2018). When considering this approach from an ethical standpoint in comparison
to other ML approaches, the B-LogR model is understandable (Zaidi and Al
Luhayb 2023), which encompasses ethical principles such as interpretability,
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Table 4. Nine predictor variables of the Bail-14 model

1. Show cause

. Criminal history

. Seriousness of the offences(s)

. History of violence

. Bail non-compliance (whether under the Bail Act 2013 (NSW) or other jurisdiction)

. History of non-compliance (with court-issued orders)

N Pl W PN

. Pro-criminal associations

8. Threat/danger to the victim(s), public or others

9. Failure to appear/flight-risk

Note: See the Appendix for more specific information on the nine predictors.

explainability and transparency. Notwithstanding the ethical dilemmas that may
arise from prediction as an undertaking in itself, an ML-driven regression measure
is applied to determine and explain the relationship between the predictors and
the dependent variable and to evaluate the predictive power of this relationship
(Alvo 2022).

The data were split into several ratios to account for overfitting and to
determine model accuracy (Attewell and Monaghan 2019; Berk and Bleich 2013;
Martino 2019). A multivariate multiple regression statistical method was applied.
The reason for this method is due to the two dependent variables: the response
variable (y) has two qualitative values (Johnson and Wichern 2013) - in this
instance, granted and refused - and, as such, the actual court decision from each
bail case is the target variable.

The model applied here is an archetype of a logistic regression algorithm
(Jankovic 2021; Ngo et al. 2015; Pennsylvania State University 2018) and is inspired
by a model from a scholarly source (Jung et al. 2020):

1
14expla+ b + P+ 0+ ... 00

p(y)

where p is the probability of success (bail granted = y), a is the intercept, b are the
coefficients corresponding to a recorded instance of the predictor ¢ and refers to the
binary instance of 0, “no”; 1, “yes”.

As listed in Table 3, each predictor variable is accompanied by its coefficient, as
demonstrated in the equation above: show cause (c'); criminal history (c?);
seriousness of offence(s) (c®); history of violence (c*); bail non-compliance
(whether under the Bail Act 2013 (NSW) or other jurisdiction) (c®); history of
non-compliance (with court-issued orders) (c®); pro-criminal associations (c7);
threat/danger to the victim(s), public, or others (c*); and failure to appear/flight
risk (c°).

A code-based program assigned the designation of the codes and values, as
described by Colectica (2024), which is a Microsoft Excel add-in that supports
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coding variables. Another Excel add-in, Real Statistics Using Excel Resource
Pack (Zaiontz 2024), was applied, which enables logistic regression functions
while facilitating the coding of categorical variables. These packages analysed the
data from the 101 bail case narratives to determine the probability of success or
failure for a defendant being granted or refused bail based on the nine predictors
listed in Table 4.

Acceptably applying domain knowledge in risk assessment and jurisprudence
(Alikhademi et al. 2022), three or more convictions were a satisfactory threshold of
an individual’s historical offending. The “seriousness of offence(s)” classification
was based on the current penalty range for the index offence by the NSW sentencing
legislation: equal to or less than three years” imprisonment (1, low); greater than
three years/not more than 10 years’ imprisonment (2, moderate); and greater than
10 years’ imprisonment (3, high). More specific details can be found in the
Appendix.

While the threshold is gauged or presumed by the intentions or purpose of the
model, it was determined that 0.4 was a suitable marker, given that the accuracy
was at its highest. Consequently, the classification “cut-off” or “threshold” was set
at 0.4. When determining whether to grant or refuse bail, the chance bet is not a
suitable option; rather, a definitive metric is needed. A defendant who scores equal
to or below 0.4 would be refused bail, while one who scores equal to or greater than
0.41 is indicative of a defendant being granted bail. Moreover, the literature
suggests that a threshold of 0.5 is an arbitrary marker, as it is seemingly not any
more definitive than chance (Attewel and Monaghan 2019; Chan 2004; Clipper
2016; Helmus and Babchishin 2017). Accuracy is calculated by the addition of true
positives and true negatives divided by the total number of bail cases tested
(Larner 2021). The ROC curve charts the effectiveness of the model in predicting a
target, discernible by the curved line that follows the y-axis to the top left corner
and then turns to move parallel to the x-axis (Attewell and Monaghan 2019;
Clipper 2016).

Several models were tested, aptly named after the split ratios: Model 61-40 and
Model 51-50. Additionally, the models were also tested on their performance by
removing two predictor variables, selected on domain knowledge in addition to the
literature on recidivism (Jung et al. 2020; Skeem and Lowenkamp 2020), and these
sub-models are labelled as -CRIM50 and -So0O50.

T-sC

Otherwise referred to as a decision tree, the T-sC is a non-parametric approach
derived from the Bail-14 dataset and is herein referred to as “Bail-Tree”. Produced
using the open-source software RapidMiner-Studio (RapidMiner 2024), the data
applied were imported from Excel, much like B-LogR, although with two distinct
exceptions. The first exception is that the target variable does not require coding, as
the polynomials of “granted” and “refused” serve as deliberate set parameters. The
second exception is that the “show cause” outcome is transposed, for in this process,
the decision is determined by the defendant having to show cause why detention is
not justified, which is the same as asking what legal argument the defendant can
submit to justify their liberty, for example, not presenting any risk to the victim or
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Table 5. Bail-14 pseudocode exemplar to demonstrate the six simplified commands or syntax to build the
tree-structured classifier at a depth of eight

1. Select bail cases.

. For each predictor P, find the normalized information gain ratio from splitting P

. Let P best be the predictor with the highest normalized information gain

2
3
4. Create a decision node that splits on P best
5

. Recur on the sublists obtained by splitting on P best, and add those nodes as children of the
node (P;, (Pii, Pii - .. Puyii)

6. Those will be children of node P which has the highest information gain ratio.

community (whereas the B-LogR interrogates the specific offence for which the
defendant is being charged similar to the legislative framework, e.g. was the alleged
offence committed while on bail or parole). As noted earlier, adjustments to this
classification were made to give greater weight to categories under sex crimes and
domestic/family violence. The target variable was labelled “actual decision”.

RapidMiner-Studio does not exclusively identify what algorithm model is specifically
applied under the “Decision Tree” operator, although it closely replicates the perennial
algorithms ID3 and C4.5 (see Quinlan 1986; Ramakrishnan 2009). Bearing a closer
resemblance to the C4.5 algorithm, Bail-Tree initially applies a top-down approach
(Ramakrishnan 2009), meaning that the first or root node is determined to be the most
relevant predictor and subsequent nodes are determined accordingly until the last two
leaves display the outcomes. More specifically, it systematizes the strength or value of all
predictors selectively through data computation until it reaches a juncture, where the
return path is again calculated by a bottom-up process that ultimately selects the most
relevant predictor at the root to then form the branches and leaves by “splitting”
according to their relevance or strength (Quinlan 1986; Ramakrishnan 2009). In its
more practical utility, the schematic flow in the Bail Act 2013 (NSW) is also a top-down
assessment upon which a bail authority is to reference in that decision-making process.
A utility of the T-sC was its ability to simulate analytical decisions (Wijenayake
et al. 2018).

A split was applied to the training (0.6/60%) and test data (0.4/40%), and to build
the model, a “stratified sampling” option was applied as it was considered the most
suitable for binomial calculation; “gain ratio” was the criterion deemed most
suitable for splitting (RapidMiner 2024). The confidence interval was set at 0.1, the
minimal gain at 0.01, and the minimal leaf size was set at 2 (size for split set at 4).
The integers ranged between 0 and 3, and polynomials were granted/refused and
yes/no. Table 5 implies the “pseudocode” exemplar for this process.

Results
B-LogR
Model 61-40

Training was conducted on 61 randomly selected cases and, subsequently, the
remaining 40 cases were used as test data. The classification performance in Table 6
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Table 6. Classification table for Model 61-40

Granted 19 7

Refused 2 12

True Positive Rate

T

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positive Rate

Figure 2. Receiver operating characteristic curve for Model 61-40 (area under the curve 0.845, 95%
confidence interval).

indicates an overall accuracy of 0.775 (78%); there were 19 (0.90) successful
observations and 12 (0.63) failed observations. Figure 2 displays the applicable ROC
curve (area under the curve (AUC) 0.845) and is indicative of moderate to strong
model accuracy. Statistically assessed using the conventional predictive value
(p < 0.05), the model was rendered significant (p = 0.02).

Turning to information-based and error-based measures, the TPR suggests the
probability of correct classification of Granted is 90% (0.90), while the TNR
suggests the probability of correct classification of Refused is 63% (0.63). The FPR
at 36% (0.36) and FNR at 9% (0.09) refer to the probability of incorrect
classifications. The PPV (0.73) and NPV (0.86) are indicative that the probability
of compliance given an outcome of Granted is 73%, and the probability of non-
compliance given an outcome of Granted is 86%.

Table 7 shows in a variance—covariance matrix that “criminal history” and
“failure to appear/flight risk” resulted in a negative correlation (-1.8E+08). “Bail
non-compliance” featured prominently: a negative correlation with “history of
violence” (-0.09) and similarly with “pro-criminal associations”, with a positive
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Table 7. Variance-covariance matrix for Model 61-40

Non-compli; Failure t
Comminatoy GOSN e whoter [ oy oo TGO acusoecion

Criminal history - .52 - 034 226 -0.98 .72 - 119 0.96

Seri f

Offeonts) -1.52 033 031 -0.16 -0.24 -0.06 0.18 0.54 0.24 -0.05

History of

il - 031 1.25 -0.09 0.76 0.85 0.27 0.28 0.34 -0.89

Bail

il 034 016 -0.09 0.56 -0.22 0.09 014 011 -0.08 0.18 100
Non-compliance

withater 226 0.24 -0.76 -0.22 264 -1.85 -0.06 -0.51 0.24 0.68 om0
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e Cdlations -0.98 -0.06 0.85 0.09 -1.85 2.70 ‘ -0.04 -0.63 0.03 -1.25 100
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aspear/ight 0.54 0.28 0.1 -0.51 -0.63 0.28 034 0.48

Show Cause 119 -0.24 -0.34 -0.08 -0.24 0.03 -0.66 034 1.52 0.06
Adual Decision 0,96 -0.05 -0.89 0.18 0.68 .25 0.21 0.48 0.06 1.69

Table 8. Classification table for Model 51-50

Granted 20 8
Refused 4 18

correlation (0.09). “Show cause” was negatively correlated with “bail non-
compliance” (-0.08) and positively correlated with “pro-criminal associa-
tions” (0.02).

Model 51-50

The training was conducted on 51 randomly selected cases. Subsequently, test data
were taken from the remaining 50 cases, as displayed in Table 8. Overall accuracy
was 76% (0.76), with 20 (0.83) successful observations and 18 (0.69) failed
observations. Figure 3 displays the applicable ROC curve (AUC 0.845) determining
accuracy. At 0.845, the model represents moderate to strong accuracy. The
predictive value was calculated at a significance level of 0.01, which determined
model significance (p < 0.05).
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Figure 3. Receiver operating characteristic curve for Model 51-50 (area under the curve 0.845, 95%
confidence interval).

As for information-based and error-based measures, the TPR suggests the
probability of correct classification of Granted is 83% (0.83), and the TNR suggests
the probability of correct classification is 69% (0.69). The FPR at 31% (0.31) and the
FNR at 16% (0.16) refer to the probability of incorrect classifications. The PPV value
of 0.71 and the NPV value of 0.82 indicate the probabilities of “compliance” given
the outcome of Granted (71%) and “non-compliance” given the outcome of Granted
(82%), respectively.

Table 9 shows in a variance-covariance matrix that a positive correlation is
observed between “seriousness of offence(s)” with “history of violence” (0.036) and
“failure to appear/flight risk” (0.049), while “seriousness of offence(s)” has a
negative relationship with “bail non-compliance” (-0.097), “non-compliance with
other orders” (-0.040) and “pro-criminal associations” (-0.009). A positive
correlation was observed between “history of violence” and “failure to appear/
flight risk” (0.030).

Taking into consideration the literature on evaluating predictive modelling
performance (Jung et al. 2020; Skeem and Lowenkamp 2020), it was warranted to
measure what relevance the prominent two predictors had on the performance of
Model 51-50, namely, “criminal history” and “seriousness of offence(s)”. To measure
this, a datapoint comparison was undertaken using the ROC values of the TPR and
FPR from Model 51-50, with the ROC values of the two sub-models, following the
deletion of the relevant classification.

In Figure 4, the two sub-models are denoted as “-CRIM50” and “-So050”.
Datapoints and the models’ performance are noted after the respective predictor
class was removed, demonstrating little variation when interchanging these two
predictor classes (see Tables 10 and 11).
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Table 9. Variance-covariance matrix for Model 51-50
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Figure 4. Model performance measured by the true positive ratio (TPR) and false positive ratio (FPR) of
sub-models -CRIM50 and -So050 when the respective predictor class was removed.

As referred to previously, the full model determined the TPR at 83% (0.83) and
the FPR at 31% (0.31). After “criminal history” was removed, the sub-model
determined the TPR as 91% (0.91) and the FPR as 42% (0.42). Then, “seriousness of
offence(s)” was removed, and the sub-model determined the TPR as 83% (0.83) and
the FPR as 35% (0.35).
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Table 10. Classification table for sub-model -CRIM50

Granted 22 11

Refused 2 15

Table 11. Classification table for sub-model -So050

Granted 20 9

Refused 4 17

Table 12. Classification table for Model T-sC (accuracy)

Granted 12 5) 70.59
Refused 6 17 73.91
Class recall (%) 66.67 77.27

T-sC

Overall accuracy was 72.5%, and classification error 27.5%. As shown in Table 12,
the TPR value is 0.67, suggesting the probability of a correct classification of
Granted is 67%; the TNR value is 0.77, suggesting the probability of a correct
classification of Refused is 77%.

For information-based and error-based measures, the PPV and NPV were
0.71 and 0.74, respectively, and are indicative that the probability of
“compliance” given an outcome of Granted is 71% and the probability of
“non-compliance” given an outcome of Granted is 74%. The FPR and FNR
measure the probability of incorrect classifications: the probability of “granted
being refused” was 22% (FPR value 0.22) and, conversely, “refused being
granted” was 33% (FNR value 0.33).

Figure 5 displays an ROC curve, which is a measure of the T-sC model’s
performance at a tree depth of “seven”. Denoted by the red line (AUC 0.702), the
model is moderately accurate. When selected at tree depths of “eight” and “nine”,
the overall accuracy was 72.5%. When there was no specified tree depth (indicated
by -1), the accuracy was maintained at 72.5%. Figure 6 is the T-sC model descriptor
for the unspecified depth, and Figure 7 is the T-sC visual output for the tree depth
at “eight”.
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AUC: 0.702 (positive class: Granted)

— ROC — ROC (Thresholds)
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Figure 5. Receiver operating characteristic (ROC) curve for the tree-structured classifier model (area
under the curve; AUC 0.702). The red line denotes the standard plots on the x-axis and y-axis and the blue
line denotes the ROC threshold (values on y-axis are reversed). Graph output is a feature of the
“Performance” classification parameters by RapidMiner (2024).

The trade-off in attempting to increase overall accuracy affected the true-positive
and true-negative values. For example, when the minimal gain parameter was
adjusted to 0.05, it resulted in an increased TPR (0.77) and TNR (0.54), although the
overall accuracy was reduced to 65%.

Upon examination of the Bail-14 predictive model’s error-based and
information-based results, it is meaningful to undertake a comparison of the
statistical data on bail-related matters over the period 2015 to 2023. The data
comparisons relied on have been extracted from the NSW Bureau of Crime Statistics
and Research (2023). Figure 8 graphs the decisions of the criminal courts for bail in
NSW (excluding the Children’s Court) proportionate to defendants who were “bail
refused”, and those defendants “bail granted” between 2015 and 2023. Notably,
there has been a gradual increase in granted decisions since 2018, although the
number of refused decisions has remained stable.

A comparison of “bail granted” numbers compared to the total number of
matters with a bail status at finalization is presented in Figure 9. An inverse
relationship is notable: when bail matters increase, the number granted decreases,
and when bail matters decrease, the number proportionate to that for granted
increases. Anecdotally, the inconsistency in the inverse relationship observed
during the three years from 2019 to 2022 could be attributed to the COVID-19
pandemic, which necessitated modifications to court decisions due to unprece-
dented circumstances (NSW Bureau of Crime Statistics and Research 2023).
However, this cannot explain the other inverse inconsistency between 2015
and 2019.
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Seriousness of Offence(s) > 2.500

Show Cause (Y/N) = No: Refused {Granted=0, Refused=5}

Show Cause (Y/N) = Yes

| Criminal history > 2.500: Refused {Granted=1, Refused=8}

| Criminal history £ 2.500

| | Criminal history > 1.500: Granted {Granted=4, Refused=2}
| | Criminal history < 1.500

| | | Bail non-compliance > 0.500: Refused {Granted=0, Refused=3}
| | | Bail non-compliance S 0.500

| | | | History of violence > 0.500: Refused {Granted=0,
efused=2}

| | | | History of violence < 0.500

| | | | | Pro-criminal associations > 0.500: Granted
{Granted=3, Refused=2)

| | | | | | Pro-criminal associations < 0.500: Refused
{Granted=2, Refused=3)

Seriousness of Offence(s) S 2.500

| Pro-criminal associations > 0.500

| | Seriousness of Offence(s) > 1.500

| | | History of violence > 1.500: Granted {Granted=4, Refused=2}

| | | History of violence £ 1.500

| | | | Failure to appear/Flight Risk > 0.500: Refused {Granted=0,
Refused=3}
|
|
|
|
|

|
|
|
|
|
|
|
|
|
R
|
|

| | | Failure to appear/Flight Risk < 0.500

| | | | Show Cause (Y/N) = No: Granted {Granted=2, Refused=0}
| | | | Show Cause (Y/N) = Yes: Refused {Granted=l, Refused=2}
| Seriousness of Offence(s) < 1.500: Granted {Granted=2, Refused=0}
Pro-criminal associations £ 0.500: Granted {Granted=8, Refused=2}

Figure 6. Tree-structured classifier model descriptor results based on Bail-14 data. Y, yes; N, no.
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—
> 2.500 =2.500 > 1.500 <1.500
Refised Criminal history History of violence Granted
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Figure 7. Screenshot of the tree-structured classifier output at a tree-depth of “eight” from Bail-14 data.
Statistical data comparison of NSW Bureau of Crime Statistics and Research (2015-2023) and Bail-14
predictive model output. Y, yes; N, no. For predictor relevance order based on this figure, see Table 14.

Error-based measures and information-based measures from the two
regression models 51-50 and 61-40, and tree-classifier model T-sC, are displayed
in Figure 10. The box plots are mostly concentrated in the same areas for each
model, although the T-sC does not demonstrate the same consistency as the two
regression models.

To draw a reasonable comparison between the three models and recent bail
statistics, particularly in the categories of “granted”, “refused” and “breach of bail”,
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Figure 8. Bail decisions proportionate to the total number of bail matters at finalization. Raw numbers
were extracted from NSW Bureau of Crime Statistics and Research (2015-2023) and calculated as a
proportion to the total number of defendants who had bail matters before all adult courts in New South
Wales over the period 2015-2023. Note that “finalization” refers to a defendant’s bail status at their final
court appearance.

probability distributions were calculated and then compared to the error- and
information-based measures. Recalling that an inverse relationship was previously
observed between the two variables, it was therefore pertinent to base the predictive
measure outcomes within the same period. The following equation is applied to
determine the probability distributions:

fx) =PX =),

where P is the probability, X is the random variable, and x is the mean (Pennsylvania
State University 2024). Table 13 lists the results from this equation where “Success”
equates to the probability of “bail granted” and “Failure” equates to the probability
of “bail refused”.

Figure 11 details the values relative to the three calendar years from Table 13. It is
apparent that the majority of the calculated error-based and information-based
values within each year share a uniformity with Success (Granted) and Failure
(Refused).

Lastly, it is of interest to revisit the earlier anecdote regarding the inverse
relationship between “bail granted” and the “total numbers of bail matters
finalized”, with the focus being on a three-year comparison of “bail granted”,
“breach of bail”, and the PPV and NPV. As shown in Figure 12, the rates of
defendants being granted and breaching their bail are relatively balanced. PPV and
NPV data from Bail-14, when measured against those categories — the probability of
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Table 13. Success-failure values comparison with error-based and information-based measures by year

Success 0.74 0.74 0.74
Failure 0.93 0.92 0.92
PPV 0.71 0.73 0.71
NPV 0.82 0.86 0.74
TPR 0.83 0.90 0.66
TNR 0.69 0.63 0.77
FPR 0.31 0.36 0.22
FNR 0.16 0.10 0.33

Note: PPV, positive predictive value; NPV, negative predictive value; TPR, true positive ratio; TNR, true negative ratio; FPR,
false positive ratio; FNR, false negative ratio.
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Figure 11. Comparison of probability distribution to the error-based and information-based values from
Bail-14. PPV, positive predictive value; NPV, negative predictive value; TPR, true positive ratio; TNR, true
negative ratio; FPR, false positive ratio; FNR, false negative ratio.

compliance given an outcome of Granted and the probability of non-compliance
given an outcome of Granted - a corresponding pattern emerges (see Figure 12).

Discussion

This study synthesized real-world data using the approaches of B-LogR and tree-
structured classification to demonstrate real-world outcomes. Fundamentally, this
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Figure 12. A three-year comparison of information-based measures positive predictive value (PPV) and
negative predictive value (NPV) to bail granted and breach of bail.

was a process cognizant of balance and integrity principles — aimed at appeasement
of the discourse around predictive modelling being used as decision-making means,
where decisions could result in one’s liberty being wrongly denied (FP) or liberty
being given incorrectly (FN). Values in this classification metric aim for the ideal;
yet, in reality, these models could be considered dubious by some, as they challenge
benchmarks on acceptable policy (Berk and Bleich 2013).

The literature on predictive modelling in crime-related domains assessing risk
and recidivism reflects the results of this study (although noting wording
variations within the literature does not detract from the premise of meaning). For
example, a meta-analysis of predictor domains measuring recidivism found that
criminal history was a prominent feature (Gendreau et al. 1996). Other scholarly
work on Al and criminal justice, assessing recidivism and risk, reported predictor
factors similar to those for offence seriousness, current and prior violence, prior
convictions and failure to appear in court (Dupont et al. 2018). Notwithstanding,
there could be a material reason why the “seriousness of offence(s)” in the T-sC
was a prominent attribute, that is, the “gain criterion” having a preference for
those attributes with a higher amount of values (Quinlan 1986).

Although there was no preconceived intention to compare the models used in
this study, inferences were made from the EDA approach regarding the
performance or strength of the models in terms of their predictive capability.
B-LogR and the T-sC yielded some persuasive outcomes, notably with an overall
accuracy in the 70th percentile. Notably, this level of accuracy is comparable to that
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Table 14. Predictor relevance order based on Figure 7

Relevance Predictors (L) Predictors (R)

1 Seriousness of offences(s) Seriousness of offences(s)
2 Show cause (yes/no) Pro-criminal associations

3 Criminal history Seriousness of offences(s)
4 Criminal history History of violence

5 Bail non-compliance Failure to appear/flight risk
6 History of violence Show cause (yes/no)

7 Pro-criminal associations -

Note: left-side tree (L) - criminal history node repeats although provides two different binary outcomes as expected; right-
side tree (R) stopped at the sixth node.

of a predictive-based study on court decisions, which achieved 79% accuracy
(Sourdin 2018). The TPR in all B-LogR models yielded a strong result, indicating a
good predictive model, and the ROC values from Model 51-50 and its sub-models
offer some indication of its robustness. Comparatively, the T-sC values were lower,
concluding that its predictive strength was secondary to B-LogR. A contrasting
outcome was reported in research comparing logistic regression to decision tree
models for predicting recidivism, where the decision tree approach outperformed
the logistic regression approach (Wijenayake et al. 2018).

Statistical prominence was demonstrated in the T-sC model for both
manipulated predictors, which is consistent with domain insight, where a
defendant’s criminal history and the seriousness of the offence are expected to be
considered when determining bail. Other research conducted on decision-making
in criminal justice also supported this contention (Lytle 2013). Analysing the data
output from B-LogR and the T-sC yields results that are consistent with similar
conclusions from the literature, namely, “seriousness of offence(s)” and,
thereafter, “criminal history”, which are consequential for predictive modelling
of bail. Notably, the groundwork from this study builds upon similar overtures
made by proponents in the literature, advocating for predictive modelling to be
considered as a decision-making means in criminal matters.

Limitations

This study was retrospective, meaning the data were obtained from past cases and
then analysed about the outcome of the already determined conviction or appeal. As
will be suggested in future work, a different approach to retrospective analysis, such
as real-time analysis, could be constructive. Along with the limitations of a
retrospective study of this nature was the use of open-sourced case narratives. This
meant that the quantity and quality of published judgments for bail hearings were a
factor in the data numbers. First judges (or other administrative authorities) are
selective on the cases they want published, and bail decisions appear to feature less
than other decisions, such as sentencing. Second, some cases were restricted and not
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available at the time of collection. Third, of the select published bail decisions, the
key variables are not contained within all written judgments and could not be used.
Therefore, quality and quantity negatively affect the total numbers and,
consequently, this means a low number for training and testing. A more favourable
scenario would be one where a greater number of published judgments and
decisions accommodates larger datasets for training, testing and validation.

Collecting data from the case narratives was a laborious exercise — searching for
the keywords and phrasing required each judgment to be read in its entirety, then
re-read at different junctures to ensure the key variables were registered accurately.
A limitation may be drawn on the data being specific to NSW and not any other,
given that the states of Victoria and Queensland both apply the show cause test in
their bail legislation.

Lastly, a small yet valid criticism can be made of the RapidMiner-Studio software.
The tree classifier option did not definitively nominate an algorithm that draws on
principles such as transparency and explainability, which serves as a criticism of
predictive modelling more generally.

Conclusion and Scope for Future Work

Incontrovertibly, traditional decision-making for bail is based on human
prediction. As such, in NSW and Australian courts collectively, an authorized
justice is tasked with determining whether an accused is likely or unlikely to
comply with bail conditions and if that risk can be mitigated or ameliorated by
such conditions or whether it is safer to err on the side of caution and remand an
accused in custody. Humans are not infallible, and mistakes can occur. There are
well-documented cases where erroneous decisions have had tragic consequences.

Evidently, the predictive models used in this study also led to erroneous
decisions. The models were somewhat rudimentary despite the presence of errors
and study limitations. That being said, the performance outcomes demonstrated,
prospectively, opportunities for further experimentation. An example of this could
be in the development of a longitudinal study in real time: perhaps data collection
and subsequent model testing for bail using the nine predictors might be more
robust in the first instance, that is, to collect the data at such a time when bail is
granted using a large cohort of accused persons; then, following up in time intervals,
to determine if any breaches of the bail conditions were recorded, until such a time
the respective bail matter has been finalized, yet all measured against the human-
based decision made by a bail authority.

A key theme in this study was to advocate for an Al prototype and pilot study to
be tested in NSW and/or other Australian criminal courts, similar to the related
work. The results of these studies, based on their successes, would create grounds
for policy change. Given the relative successes of this study and those in the
literature, there is evidence in support of Australian courts considering the use of
Al-driven predictive modelling to inform bail decisions.

Competing interests. No potential competing interests were reported by the authors.
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Translated Abstracts

Abstracto

El mundo inteligible de las mdquinas y el modelado predictivo es un fenémeno
omnipresente y casi ineludible. Se trata de una evolucién en la que la inteligencia humana
se ve apoyada, complementada o incluso superada por la Inteligencia Artificial (IA). Las
decisiones que antes tomaban los humanos ahora las toman las maquinas, que aprenden a
un ritmo mas rdpido y preciso mediante célculos algoritmicos. La academia jurisprudencial
se ha propuesto argumentar la propuesta de la IA y su papel como mecanismo de toma de
decisiones en las jurisdicciones penales australianas. Este articulo explora esta propuesta
mediante el modelado predictivo de 101 decisiones sobre fianzas tomadas en tres
tribunales penales del estado de Nueva Gales del Sur (NSW), Australia. Como muestra, el
rendimiento estadistico y la precision de los modelos, basados en nueve variables
predictoras, demostraron ser eficaces. El modelo de regresion logistica, mds preciso,
alcanz6 una precision del 78 % y un valor de rendimiento de 0,845 (AUC), mientras que el
modelo clasificador alcanzé una precision del 72,5 % y un valor de rendimiento de 0,702
(AUC). Estos resultados proporcionan las bases para las decisiones de fianza generadas por
IA que se estan probando en la jurisdiccion de Nueva Gales del Sur y posiblemente en otras
dentro de Australia.

Palabras clave: fianza; toma de decisiones; tribunales penales; aprendizaje automatico; inteligencia artificial;
regresion logistica binaria; clasificador estructurado en arbol

Abstrait

Le monde intelligible des machines et de la modélisation prédictive est un phénomeéne
omniprésent et quasi incontournable. Il s’agit d’'une évolution ot l'intelligence humaine est
soutenue, complétée ou supplantée par l'intelligence artificielle (IA). Les décisions autrefois
prises par les humains sont désormais prises par des machines, qui apprennent plus
rapidement et avec plus de précision gréice a des calculs algorithmiques. Des universitaires
ont entrepris de défendre la thése de I'TA et son role comme mécanisme décisionnel dans
les juridictions pénales australiennes. Cet article explore cette these a travers la
modélisation prédictive de 101 décisions de mise en liberté sous caution rendues par
trois tribunaux pénaux de I'Etat de Nouvelle-Galles du Sud (NSW), en Australie. A titre
indicatif, les performances statistiques et la précision des modeéles, basés sur neuf variables
prédictives, se sont avérées efficaces. Le modele de régression logistique, plus précis, a
atteint une précision de 78 % et une valeur de performance de 0,845 (AUC), tandis que le
modele de classification a atteint une précision de 72,5 % et une valeur de performance de
0,702 (AUC). Ces résultats constituent la base des décisions de mise en liberté sous caution
générées par I'TA, actuellement testées dans la juridiction de la Nouvelle-Galles du Sud et
peut-étre dans d’autres juridictions en Australie.

Mots clés: cautionnement; prise de décision; tribunaux pénaux; apprentissage automatique; intelligence
artificielle; régression logistique binaire; classificateur arborescent
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Appendix

Model Predictor Information Table

History of violence

Prior charges, convictions regarding violence
No [0
Recorded information from custody status (matters of Yes[[ 1]]
violence while in police or corrections custody)
Prior charge or conviction while on bail
(in NSW or another jurisdiction)
Defendant has breached bail conditions on one or more No [0]
occasions, even if it did not result in a court hearing. Yes [1]
- History of non-compliance with
£ @ court-issued orders
wn O
S
o | Defendant has demonstrated non-compliance with orders No [0]
T § | for community-based supervision (e.g., parole). Yes [1]
53
~
Pro-criminal associations Q
B
i
« Defendant is a member or linked to organised criminal ~
network, gang affiliation. <
« Current offences were committed in company of co- No [0] ‘E’-
accused. Yes [1] H

« Defendant has history of offending in company of
other convicted offenders.

Danger that may be posed to the public/victim(s)
or other persons known to them

« Defendant has previously demonstrated threats, did or
had attempted to contact victim or witnesses. No [0]
« Defendant has currently or previously demonstrated Yes [1]
disregard for public safety.

Flight risk/failure to attend

« Flee a jurisdiction; ability to obtain falsified
identification, documents, passports. No [0]
« Defendant has prior occasions of failing to appear at Yes [1]
court.




492 Brett Anthony Hansard and Jianlong Zhou

Brett Anthony Hansard completed his research at University of Technology Sydney (UTS) in 2025 on
mitigating the ethical considerations of artificial intelligence through visual analytics. This research was
supported by the Australian Government Research Training Programme. Brett’s undergraduate and
postgraduate studies were in the social science disciplines of criminology and sociology. Brett has previously
been employed at the Justice Department in NSW.

Jianlong Zhou is an Associate Professor in the School of Computer Science, Faculty of Engineering and
Information Technology, UTS, leading the Human Centred AI research laboratory. He has extensive
research experience in various fields including Al, visual analytics, virtual reality/augmented reality, and
human-computer interaction in different universities and research institutes in the United States, Germany
and Australia. Prior to joining UTS, Jianlong was a senior research scientist at various Australian
government agencies.

Cite this article: Hansard, B. A. and Zhou, J. 2025. Jurisprudence and the intelligible world: Exploring
predictive modelling as a mechanism to decide bail in the Australian context. International Annals of
Criminology 63, 456-492. https://doi.org/10.1017/cri.2025.10079


https://doi.org/10.1017/cri.2025.10079

	Child Homicides Linked to Corporal Punishment in Ghana
	Introduction
	Background and Objectives of the Current Study
	The Status of Children in Ghana
	Corporal Punishment of Children in Ghana
	Research Methods and Data Sources
	Study Results
	Public Reactions to Corporal Punishment-Related Homicides of Children
	Sociodemographic Characteristics of Victims
	Sociodemographic Characteristics of Offenders
	Victim-Offender Relationships
	Spatial Aspects of the Crime
	Modus Operandi
	Motives
	Case Descriptions
	Case 1: Caned for Failing a Mental and Dictation Test at School
	Case 2: Angry Teacher Canes Child to Death
	Case 3: Let's Keep it a Secret
	Case 4: Mother Beats Son to Death for Stealing Her Money
	Case 5: Beaten to Death for Defecating on Herself and Perceived Disobedience
	Case 6: Beaten to Death for Refusing to Clean up Her Vomit
	Case 7: ``Keep It Up, One Day You Will Beat Him to Death''
	Case 8. She is 18 Months Old and Cannot Walk
	Case 9. IVisited My Anger Against My ``Baby Mama'' on My Son
	Case 10. 32-Year-Old Woman Beats Son to Death for Losing Her Money
	Case 11: Corrective Action Gone Awry?
	Case 12: Citizens' Complaint
	Case 13: Fatal Stepmother Abuse
	Case 14: They Were Always Beating Him
	Case 15: She Fatally Beat a Six-Year-Old ``Kleptomaniac'' and ``Bedwetter''
	Case 16: She is a Malevolent Witch, and IWas Afraid of Her
	Case 17: Beaten to Death Over Nocturnal Enuresis
	Case 18: Stepmother's Involvement
	Case 19: Woman Beats Stepdaughter to Death
	Case 20: Disappointed Over Son's Academic Performance
	Case 21: Church Elder Fatally Canes Daughter
	Case 22: Stepmother Kills Toddler Over Defecation Incident
	Case 23: Father Clubs Son to Death
	Case 24: Fatal Fall From ACoconut Tree
	Case 25: Corporal Punishment for a Sick Student


	Discussion and Conclusion
	References
	References

	National Crime Prevention and Foreign Aid in Mexico: Were Mexico's National Crime Prevention Programme (PRONAPRED) and the United States Agency for International Development (USAID) Effective?
	Introduction
	Data
	Methods
	Results
	Geographic Evidence for Fixed Effects
	Estimation of Labour Participation

	Discussion and Conclusion
	Programme Effectiveness
	Labour Participation
	Future Project Implementation

	References
	References
	References
	Expanded Results for Tables 2 and 3
	Pooled OLS with Additional Independent Variables
	Fixed-Effects OLS with Additional Variables
	Male and Female Homicide Victims and Spending
	Different Lag Numbers in Spending
	Endogeneity between Programme Spending and Homicides
	Results


	Jurisprudence and the Intelligible World: Exploring Predictive Modelling as a Mechanism to Decide Bail in the Australian Context
	Introduction
	Background and Related Work
	Conventional to Contemporary Predictive Instruments to Decide Bail
	AI-Generated Decision-Making Prototypes
	Schematizing Bail Decisions
	B-LogR Algorithm Model as a Predictive Instrument to Decide Bail
	T-sC Algorithm Model as a Predictive Instrument to Decide Bail
	Summary

	Statistical Methods
	Data Evaluation and Metrics
	Classification Metrics
	B-LogR
	T-sC

	Results
	B-LogR
	Model 61-40
	Model 51-50

	T-sC

	Discussion
	Limitations

	Conclusion and Scope for Future Work
	References
	Cases Cited
	Legislation
	Legislation
	Legislation

	Laptop Theft Victimization and Response Strategies on a University Campus in Southwest Nigeria
	Introduction
	Literature Review
	Theoretical Framework

	Methods
	Study Area and Study Population
	Design and Procedure

	Results and Discussion
	Frequency of Laptop Theft Victimization in the University Campus
	Factors Making People Susceptible to Laptop Theft in the University Campus
	Spatial-Temporal Distribution of Laptop Theft on the University Campus
	Commonly Adopted Response Strategies Against Laptop Theft Victimization

	Conclusion
	References
	References

	Healing or Harm? Addressing Rape by Traditional Health Practitioners: AQualitative Study of Three South African Communities
	Introduction
	Literature Review
	Context of Traditional Healing in South Africa
	Types of Traditional Healers in South Africa
	Definition of Rape

	Methodology
	Findings and Discussion
	The Abuse of Power and Authority: Rape by Coercion
	The Sexual Act Committed Under False Pretences or by Fraudulent Means: Rape by Deception
	The Complainant is Incapable in Law of Appreciating the Nature of the Sexual Act: Rape of an Unconscious Person
	Reasons Why Traditional Healers Rape Initiates and Patients

	Recommendations
	Concluding Remarks
	References
	References

	Cambridge Crime Harm Index In Brazil: AComparative Analysis between Hot Spots and Harm Spots
	Introduction
	The CCHI
	Operationalization and applications of the CCHI
	Limitations and Criticisms of the CCHI
	Hot Spots Versus Harm Spots

	Materials and Methods
	Data Source and Research Context
	Data Selection and Processing Criteria
	Selected Crimes and Calculation of the Crime Harm Index
	Analytical Strategy

	Results and Discussion
	Conclusions
	References
	References

	Citizenship Fraud in Kuwait: Causes, Consequences and Criminological Insights
	Introduction
	Methodology: Limitations and Caveats

	Citizenship Fraud: AGlobal Issue
	Citizenship Fraud: The Case of Kuwait
	The Legal Framework of Nationality
	Patterns of Citizenship Fraud and the Institutional Arrangements

	Criminology of Citizenship Fraud
	Cressey's Fraud Triangle
	The Fraud Triangle and Citizenship Fraud in Kuwait
	Motivations/Pressure
	Opportunity
	Rationalization


	Discussion and Conclusion
	References
	References

	Artificial Intelligence in Criminal Proceedings: Criminalistics, Criminal Procedure and Psychology Issues
	Introduction
	Materials and Methods
	Results and Discussion
	Conclusions
	References
	References

	Evaluating the Efficacy and Constraints of DNA Evidence in the Criminal Justice System in India through Case Studies
	Introduction
	DNA: A``New Gold Standard''
	Technological Advancements

	Criminal Justice Reform and Role of DNA as an Investigation Tool in India
	Evidentiary Value of DNA: Accuracy, Admissibility and Reliability
	Case Analysis
	The Nithari Kand Case
	Aarushi Talwar Murder Case

	Forensic and Legal Analysis
	Uttar Pradesh Police Central Bureau of Investigation's Theories

	Ethical and Legal Issues in the Use of DNA
	Challenges in the Application of DNA Evidence
	Findings (Insights from the Field)
	Concluding Remarks
	References
	Cases Cited
	Cases Cited

	International Legal Aspects of the Protection of Human Rights and Freedoms in the Development of the Integration Processes in the Post-Soviet Space
	Introduction
	Materials and Methods
	Results
	Discussion
	Conclusions
	References
	References

	CRI-2510077_online.pdf
	Child Homicides Linked to Corporal Punishment in Ghana
	Introduction
	Background and Objectives of the Current Study
	The Status of Children in Ghana
	Corporal Punishment of Children in Ghana
	Research Methods and Data Sources
	Study Results
	Public Reactions to Corporal Punishment-Related Homicides of Children
	Sociodemographic Characteristics of Victims
	Sociodemographic Characteristics of Offenders
	Victim-Offender Relationships
	Spatial Aspects of the Crime
	Modus Operandi
	Motives
	Case Descriptions
	Case 1: Caned for Failing a Mental and Dictation Test at School
	Case 2: Angry Teacher Canes Child to Death
	Case 3: Let's Keep it a Secret
	Case 4: Mother Beats Son to Death for Stealing Her Money
	Case 5: Beaten to Death for Defecating on Herself and Perceived Disobedience
	Case 6: Beaten to Death for Refusing to Clean up Her Vomit
	Case 7: ``Keep It Up, One Day You Will Beat Him to Death''
	Case 8. She is 18 Months Old and Cannot Walk
	Case 9. IVisited My Anger Against My ``Baby Mama'' on My Son
	Case 10. 32-Year-Old Woman Beats Son to Death for Losing Her Money
	Case 11: Corrective Action Gone Awry?
	Case 12: Citizens' Complaint
	Case 13: Fatal Stepmother Abuse
	Case 14: They Were Always Beating Him
	Case 15: She Fatally Beat a Six-Year-Old ``Kleptomaniac'' and ``Bedwetter''
	Case 16: She is a Malevolent Witch, and IWas Afraid of Her
	Case 17: Beaten to Death Over Nocturnal Enuresis
	Case 18: Stepmother's Involvement
	Case 19: Woman Beats Stepdaughter to Death
	Case 20: Disappointed Over Son's Academic Performance
	Case 21: Church Elder Fatally Canes Daughter
	Case 22: Stepmother Kills Toddler Over Defecation Incident
	Case 23: Father Clubs Son to Death
	Case 24: Fatal Fall From ACoconut Tree
	Case 25: Corporal Punishment for a Sick Student


	Discussion and Conclusion
	References
	References


	CRI-2510079_online.pdf
	Jurisprudence and the Intelligible World: Exploring Predictive Modelling as a Mechanism to Decide Bail in the Australian Context
	Introduction
	Background and Related Work
	Conventional to Contemporary Predictive Instruments to Decide Bail
	AI-Generated Decision-Making Prototypes
	Schematizing Bail Decisions
	B-LogR Algorithm Model as a Predictive Instrument to Decide Bail
	T-sC Algorithm Model as a Predictive Instrument to Decide Bail
	Summary

	Statistical Methods
	Data Evaluation and Metrics
	Classification Metrics
	B-LogR
	T-sC

	Results
	B-LogR
	Model 61-40
	Model 51-50

	T-sC

	Discussion
	Limitations

	Conclusion and Scope for Future Work
	References
	Cases Cited
	Legislation
	Legislation
	Legislation


	CRI-2510085_online.pdf
	Healing or Harm? Addressing Rape by Traditional Health Practitioners: AQualitative Study of Three South African Communities
	Introduction
	Literature Review
	Context of Traditional Healing in South Africa
	Types of Traditional Healers in South Africa
	Definition of Rape

	Methodology
	Findings and Discussion
	The Abuse of Power and Authority: Rape by Coercion
	The Sexual Act Committed Under False Pretences or by Fraudulent Means: Rape by Deception
	The Complainant is Incapable in Law of Appreciating the Nature of the Sexual Act: Rape of an Unconscious Person
	Reasons Why Traditional Healers Rape Initiates and Patients

	Recommendations
	Concluding Remarks
	References
	References


	CRI-2510078_online.pdf
	National Crime Prevention and Foreign Aid in Mexico: Were Mexico's National Crime Prevention Programme (PRONAPRED) and the United States Agency for International Development (USAID) Effective?
	Introduction
	Data
	Methods
	Results
	Geographic Evidence for Fixed Effects
	Estimation of Labour Participation

	Discussion and Conclusion
	Programme Effectiveness
	Labour Participation
	Future Project Implementation

	References
	References
	References
	Expanded Results for Tables 2 and 3
	Pooled OLS with Additional Independent Variables
	Fixed-Effects OLS with Additional Variables
	Male and Female Homicide Victims and Spending
	Different Lag Numbers in Spending
	Endogeneity between Programme Spending and Homicides
	Results



	CRI-2510077_online.pdf
	Child Homicides Linked to Corporal Punishment in Ghana
	Introduction
	Background and Objectives of the Current Study
	The Status of Children in Ghana
	Corporal Punishment of Children in Ghana
	Research Methods and Data Sources
	Study Results
	Public Reactions to Corporal Punishment-Related Homicides of Children
	Sociodemographic Characteristics of Victims
	Sociodemographic Characteristics of Offenders
	Victim-Offender Relationships
	Spatial Aspects of the Crime
	Modus Operandi
	Motives
	Case Descriptions
	Case 1: Caned for Failing a Mental and Dictation Test at School
	Case 2: Angry Teacher Canes Child to Death
	Case 3: Let's Keep it a Secret
	Case 4: Mother Beats Son to Death for Stealing Her Money
	Case 5: Beaten to Death for Defecating on Herself and Perceived Disobedience
	Case 6: Beaten to Death for Refusing to Clean up Her Vomit
	Case 7: ``Keep It Up, One Day You Will Beat Him to Death''
	Case 8. She is 18 Months Old and Cannot Walk
	Case 9. IVisited My Anger Against My ``Baby Mama'' on My Son
	Case 10. 32-Year-Old Woman Beats Son to Death for Losing Her Money
	Case 11: Corrective Action Gone Awry?
	Case 12: Citizens' Complaint
	Case 13: Fatal Stepmother Abuse
	Case 14: They Were Always Beating Him
	Case 15: She Fatally Beat a Six-Year-Old ``Kleptomaniac'' and ``Bedwetter''
	Case 16: She is a Malevolent Witch, and IWas Afraid of Her
	Case 17: Beaten to Death Over Nocturnal Enuresis
	Case 18: Stepmother's Involvement
	Case 19: Woman Beats Stepdaughter to Death
	Case 20: Disappointed Over Son's Academic Performance
	Case 21: Church Elder Fatally Canes Daughter
	Case 22: Stepmother Kills Toddler Over Defecation Incident
	Case 23: Father Clubs Son to Death
	Case 24: Fatal Fall From ACoconut Tree
	Case 25: Corporal Punishment for a Sick Student


	Discussion and Conclusion
	References
	References





