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This paper explores the design of fair Al systems for juvenile courts and probation
services, where algorithmic decisions can strongly influence a young person’s future. Although
Al tools are increasingly used to support risk assessment, case prioritization, and supervision
planning, they may also reproduce historical discrimination if trained on biased data or
deployed without safeguards. The study examines how fairness, transparency, accountability,
and human oversight can be built into Al systems so that they support rehabilitation rather than
punishment. It also highlights the need to distinguish between predictive accuracy and
equitable treatment, since a highly accurate model may still produce unfair outcomes for
marginalized youth. By combining technical fairness methods with legal, ethical, and social considerations,
the paper proposes a framework for responsible Al use in juvenile justice. The goal is to reduce bias,
improve trust in decision-making, and ensure that technology strengthens due process, rehabilitation, and
child-centred justice.
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1. Introduction

Artificial intelligence is increasingly
entering juvenile justice systems through tools
that support screening, supervision, risk
estimation, and case prioritization. In these
settings, Al is often presented as a way to
improve efficiency, consistency, and speed in
decision-making. However, because juvenile
justice deals with children and adolescents, even
small errors or hidden biases can have serious
and lasting consequences [1]. This makes the
use of Al in such contexts ethically sensitive and
socially important. A fair system must not only
predict outcomes but also protect rights, dignity,
and rehabilitation opportunities for young
people. The introduction to this article therefore
frames Al not as a neutral technical solution, but
as a powerful socio-technical system that must
be carefully designed, monitored, and governed

[2].

1.1 The Rise of Al in Juvenile Justice Decision-
Making

Al has gained attention in juvenile justice
because agencies face heavy caseloads, limited
resources, and pressure to make timely
decisions. Automated or semi-automated tools
are now used to estimate reoffending risk,
support detention recommendations, identify
supervision intensity, and assist probation
planning. These systems are often adopted with
the promise of improving consistency and
reducing human error [3].

In practice, however, they also shift part of
the decision-making process from professional
judgment to data-driven prediction. This change
is significant because the inputs used by Al
systems may reflect historic inequities, unequal
policing, social disadvantage, or incomplete
records. As a result, the rise of Al in juvenile
justice represents both an opportunity and a
warning: while technology can support more
structured decisions, it can also automate
unfairness if its design and deployment are not
carefully controlled [4].

1.2 Why Bias in Algorithms Matters for Youth

Bias in algorithms matters especially in
juvenile justice because young people are still
developing, more vulnerable to institutional
harm, and more likely to be affected by long-
term labelling. If an Al system overestimates risk
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for certain communities, it may lead to harsher
supervision, unnecessary detention, or reduced
access to diversion and rehabilitation programs.
These outcomes can shape a young person’s
educational path, family relationships, and
future opportunities [5].

Unlike adult systems, juvenile justice is
supposed to emphasize care, rehabilitation, and
reintegration rather than punishment alone.
Algorithmic bias undermines this purpose by
treating unequal social conditions as if they were
individual risk signals. It may also reinforce
existing disparities linked to race, poverty,
neighbourhood, disability, or prior contact with
the justice system. For youth, fairness is
therefore not just a technical feature; it is a
safeguard against deeper harm [6].

1.3 Scope and Objectives of the Article

This article focuses on how fair Al can be
designed and applied within juvenile courts and
probation services without compromising
justice or child welfare. Its scope includes the
sources of bias in data, the role of model design,
the need for transparency, and the importance of
human oversight in final decisions. It also
considers the legal and ethical implications of
using predictive tools in environments where
outcomes can affect liberty, rehabilitation, and
social inclusion [7].

The objective is to move beyond simple
accuracy-based evaluation and show why
fairness must be measured in relation to impact
on youth. The article aims to provide a balanced
framework that can guide researchers,
policymakers, court administrators, and
technology developers. By doing so, it seeks to
support responsible innovation while ensuring
that Al systems remain aligned with the best
interests of children and adolescents [ 8].

1.4 Positioning Fair Al within Social Justice
and Youth Policy

Fair Al should be understood as part of a
broader commitment to social justice and youth-
centred policy. In juvenile justice, this means
technology must support equitable treatment,
procedural fairness, and opportunities for
rehabilitation =~ rather  than  intensifying
surveillance or exclusion. Social justice requires
attention to structural inequalities that shape
young people’s contact with the justice system in
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the first place, including family disadvantage,
school discipline, community policing, and
access to support services [9].

Youth policy, meanwhile, emphasizes
development, protection, and reintegration, all
of which can be weakened if Al tools reproduce
biased assumptions. Fair Al therefore cannot be
limited to model adjustments alone; it must be
embedded in policy design, institutional
accountability, and community oversight. When
positioned correctly, fair Al can become a tool
that strengthens justice systems rather than
narrowing the life chances of vulnerable youth
[10].

2. Background and Context

Juvenile justice systems are designed to
respond to offenses committed by minors in a
way that balances public safety with
rehabilitation, welfare, and reintegration. Unlike
adult criminal courts, juvenile courts typically
place greater emphasis on the developmental
stage of the child, family circumstances,
education, and social support needs. Probation
services play a central role in this process by
supervising young people in the community,
monitoring compliance with court orders, and
connecting them to counselling, school support,
and other interventions |[11]. In many
jurisdictions, probation officers and judges must
make decisions under pressure, with limited
time and incomplete information. This
environment has made juvenile justice a
promising setting for data-driven tools, but also
a highly sensitive one. Because decisions can
shape a young person’s liberty, education, and
future pathways, any technological support must
be handled with great care [12].

2.1 Overview of Juvenile Courts and
Probation Services

Juvenile courts are specialized legal
institutions created to deal with offenses
committed by children and adolescents in a
manner distinct from adult criminal courts.
Their central purpose is not only to determine
responsibility, but also to identify interventions
that may help a young person return to a stable
and productive path. Judges in these courts often
consider school behaviour, family support,
mental health needs, and prior contact with
social services before making decisions [13].
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Probation services complement this process by
supervising youth in the community instead of
placing them in secure custody whenever
possible.  Probation officers may check
compliance, coordinate services, and report
progress to the court. In theory, this system is
intended to be individualized and rehabilitative.
In practice, however, its decisions are often
influenced by resource limits, case volume, and
local policy priorities, which can lead to
inconsistency across cases and regions [14].

2.2 Existing Uses of Risk Assessment and
Predictive Tools

Risk assessment tools are already used in
many juvenile justice systems to estimate the
likelihood of reoffending, missing court
appointments, or requiring higher levels of
supervision. These tools often rely on historical
data such as prior arrests, school attendance,
family = background, and neighbourhood
indicators. Some systems also use predictive
models to help assign probation intensity,
suggest diversion options, or prioritize cases for
intervention. Supporters argue that such tools
improve consistency and help agencies allocate
scarce resources more efficiently [15].

However, these systems often reflect the
data on which they were trained, and that data
may already contain patterns shaped by unequal
enforcement or social disadvantage. As a result,
a tool may appear objective while still
reproducing old inequalities. The wuse of
prediction in juvenile justice therefore raises a
difficult question, whether a system built to
measure risk can also be trusted to support
fairness and rehabilitation [16].

2.3 Historical and Structural Inequities in
Youth Justice

Youth justice systems have long been
shaped by structural inequality, including racial
discrimination, poverty, unequal schooling, and
uneven access to legal support. These conditions
influence who comes into contact with the
justice system, how often they are monitored,
and how seriously their behaviour is
interpreted. Historical patterns of over-policing
in disadvantaged neighbourhoods have
contributed to biased arrest records, which then
become part of the data used in modern decision
tools [17].
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This means that algorithmic systems may
inherit inequities that were created long before
the technology was introduced. Structural
inequities also affect how youth are assessed by
humans, since stereotypes and institutional
expectations can shape judgment. When Al is
trained on such data, it may not remove bias;
instead, it may formalize and scale it. For this
reason, any fair Al approach must confront not
only technical model errors but also the social
conditions that create unequal justice outcomes
[18].

2.4 Public and Political
Algorithmic Decision-Support
The use of Al in juvenile justice has
generated strong public and political debate
because it touches on accountability,
transparency, and the rights of children.
Supporters of algorithmic decision-support
argue that it can reduce subjective inconsistency,
standardize assessments, and help overwhelmed
agencies make better use of evidence. Critics,
however, warn that these systems can hide bias
behind technical language, making it difficult for
defendants, families, and even judges to
understand how decisions are produced [19].
There is also concern that automated tools
may give a false sense of neutrality, encouraging
institutions to trust model outputs too much.
Politically, debates often centre on whether
public agencies should rely on proprietary
systems that cannot be independently reviewed.
In juvenile settings, these concerns are
especially serious because the consequences of
error may follow a young person for years. The
public discussion therefore reflects a broader
tension between innovation and rights
protection, with fairness, transparency, and
oversight at the centre of the debate [20].

Debates on

3. Understanding Algorithmic Bias in Justice
Systems

Algorithmic bias in justice systems occurs
when data-driven tools produce systematically
different outcomes for certain groups, especially
when those outcomes reflect past inequality
rather than true risk. In juvenile justice, this is
particularly serious because biased predictions
can affect detention, probation intensity,
diversion, and access to rehabilitation. A fair
framework must therefore examine not only
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whether a model is accurate, but also whether it
treats youth equitably across race, gender, and
socioeconomic background [21].

3.1 Sources of Bias: Data, Models, and Context

Bias can enter at three main stages: the
data used to train the system, the model that
learns patterns from that data, and the social
context in which the model is applied. Data bias
appears when records are incomplete, distorted,
or shaped by unequal policing and supervision.
Model bias appears when an algorithm amplifies
those patterns through its objective function or
threshold choices. Context bias appears when a
tool is deployed in a setting where historical
injustice, institutional pressure, or limited
resources affect how its outputs are used. A
simple way to express this is

y=fX

where Xis the input data and 9is the
predicted outcome. If Xcontains biased
information, then ymay reproduce that bias. In
practice, fairness requires checking every stage,
not only the final prediction [22].

3.2 Types of Bias Affecting Youth Populations

Several forms of bias are common in youth
justice applications. Historical bias arises when
past discriminatory practices are embedded in
training data. Measurement bias occurs when
variables such as “risk” or “delinquency” are
recorded inconsistently across groups. Selection
bias appears when the data represent only those
already processed by the system, leaving out
youth who were never reported or charged [23].
Label bias happens when the target outcome
itself is influenced by human discretion, such as
arrest or detention decisions. One useful fairness
metric is demographic parity

PY=11A=a)=P(Y =11A=b)

where Ais a protected attribute such as

race or gender. Another is equal opportunity:
PY=1|Y=1L,A=a)=P(Y=1|Y=

1,A=b)

These formulas help identify whether a
model treats groups differently, but they must be
interpreted carefully in legal and ethical context.

3.3 Differential Impact Across Race, Gender,
and Socioeconomic Groups
Bias often affects youth unevenly across

race, gender, and class because these
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characteristics shape exposure to surveillance,
school discipline, and justice contact. For
example, children from marginalized racial
groups may be policed more heavily, generating
more records that then appear to justify higher
risk scores. Youth from low-income families may
also be more likely to have unstable housing,
irregular school attendance, or limited legal
support, all of which can be misread as
individual failure rather than structural
disadvantage. Gender bias can appear when boys
are rated as more risky or girls are assessed
through stereotypes about vulnerability or
compliance [24]. A useful impact measure is the
disparity ratio

__ P(Y=1lA=a)
DR = P(P=1lA=b) (1)

If this ratio is far from 1, the system may be
distributing benefits or burdens unequally. In
juvenile justice, such differences can change a
young person’s access to diversion, probation, or
detention [25].

3.4 Bias Interplay with Human Discretion
and Organizational Culture
Algorithmic bias does not operate alone; it

interacts with  human  judgment and
organizational culture. Judges, probation
officers, and case managers may trust

algorithmic outputs too much, ignore them
selectively, or use them to justify pre-existing
beliefs. This is sometimes called automation
bias, where people over-rely on machine
recommendations even when those
recommendations are flawed. Organizational
culture also matters because agencies may
reward speed, compliance, and risk avoidance
over individualized care [26]. If an institution
already favours caution, an Al tool may intensify
that tendency rather than correct it. The overall
decision can be understood as

D=adA+BH+yC (2)

where Dis the final decision, Ais the
algorithmic output, His human judgment, and Cis
organizational context. If Cis biased, then even a
“fair” model may still produce unfair outcomes
in practice. For this reason, fairness in juvenile
justice must include both technical design and
institutional reform.
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4. Legal, Ethical,
Frameworks
The use of Al in juvenile justice must be
guided by legal protections, ethical duties, and
human rights standards that place the child at
the centre of every decision. Because these
systems can influence liberty, supervision, and
rehabilitation, they must respect due process,
privacy, and the special protections owed to
minors. A fair Al approach in this area is not only
about technical accuracy; it is about ensuring
that  decisions remain  understandable,
contestable, proportionate, and consistent with
children’s rights [27].

and Human Rights

4.1 Due Process, Fair Trial, and the Right to
Be Heard

Due process requires that any decision
affecting a young person’s rights be made
through a fair, transparent, and reviewable
procedure. In juvenile courts, this means that a
child and their guardian should be able to
understand the basis of a recommendation,
challenge incorrect information, and present
their own explanation. If an Al tool contributes
to detention, probation conditions, or
supervision intensity, its role should not be
hidden behind technical complexity. A fair trial
also implies that decision-making should not
depend on secret criteria or unexamined risk
scores [28].

The right to be heard is especially
important for minors because they are often
treated as passive subjects of institutional
authority. In practice, this means the system
must allow meaningful human review, not
simply automated outputs. The formula for
procedural fairness can be  expressed
conceptually as

Fair Decision = Notice + Explanation +
Opportunity to Respond + Review
Without these elements, algorithmic use in
juvenile justice risks undermining legitimacy
[29].

4.2 Child-Rights Principles and the Best
Interests of the Child

Child-rights frameworks require that every
action affecting a minor prioritize the child’s
best interests. In juvenile justice, this principle
means rehabilitation, dignity, development, and
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reintegration should outweigh purely punitive
goals. Al systems must therefore be designed to
support outcomes that reduce harm and expand
opportunity, not simply identify risk. A model
that classifies a child as “high risk” but ignores
education, family context, trauma, or mental
health needs may conflict with child-rights
principles [30].

The best-interests standard is not a vague
idea; it is a practical rule that demands
individualized assessment and care. Ethical Al in
this setting should therefore support diversion,
support services, and proportionate responses
whenever possible. It should also avoid using
historical disadvantage as a proxy for future
behaviour. In simple terms, the system should
ask not only “What is the likelihood of
reoffending?” but also “What response best
protects the child’s future?” [31]

4.3 Privacy, Data Protection, and Informed
Consent for Minors

Privacy is a major concern because juvenile
justice systems often collect highly sensitive
data, including school records, family history,
mental health details, and behavioural
assessments. Minors are especially vulnerable
because they may not fully understand how their
data will be used, shared, or stored. Data
protection principles require minimization,
purpose limitation, secure handling, and clear
retention rules. Informed consent is also
complicated for children, since they may not
have the legal or developmental capacity to give
fully informed agreement on their own [32].

That means consent must often involve
parents, guardians, or legal representatives,
while still respecting the child’s voice. A useful
privacy principle can be written as

Data Use < Necessary Purpose (3)

meaning that only the minimum data
required for a legitimate function should be
collected and processed. If Al systems use broad
datasets without strong safeguards, they may
expose children to surveillance, profiling, or
unauthorized secondary use. Privacy protection
is therefore not optional; it is part of ethical
juvenile justice [33].
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4.4 Ethical Guidelines for Al in Public-Sector

Justice

Public-sector Al in justice should follow
stronger ethical standards than ordinary
commercial technology because the

consequences affect rights, liberty, and public
trust. Core guidelines include transparency,
accountability, human oversight, contestability,
fairness testing, and continuous monitoring.
Systems should be evaluated before deployment
and regularly audited afterward to detect
disparate impacts across protected groups.
Decision-makers should never treat Al as a
substitute for judgment, especially in child-
centred settings where context matters deeply
[34].

Ethical use also requires explainability, so
courts and probation agencies can understand
how outputs are produced and where errors
may occur. A simple ethical risk check can be
expressed as

R=PxI (4)

where Ris risk, Pis probability of harm, and
Iis impact. In juvenile justice, even a low-
probability error can have severe impact, so
caution is essential. Ethical Al should therefore
support public values, strengthen accountability,
and preserve the rehabilitative mission of the
justice system [35].

5. Designing Fair Al Systems for Youth Justice

Fair Al in juvenile courts and probation
work should be built as a decision-support
system, not a replacement for judicial or
professional judgment. The design goal is to
reduce hidden bias, preserve due process, and
make outputs understandable to practitioners,
families, and young people. In juvenile justice,
fairness and accuracy can conflict, so the system
must be evaluated not only for prediction quality
but also for unequal impact and contestability
[36].

5.1 Principles of Fair, Transparent, and
Accountable Al
A fair system should follow four core

principles: fairness, transparency,
accountability, and proportionality. Fairness
means similar cases should be treated

consistently unless there is a justified reason to
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differ, transparency means decision logic, data
sources, and limitations should be visible,
accountability means a named human or
institution remains responsible for the final
decision, and proportionality means the
technology should do no more harm than
necessary. UNESCO’s ethics guidance also
emphasizes transparency and explainability as
central to ethical Al deployment [37].
A useful operational framing is
Trustworthy Al = Fairness + Transparency
+ Accountability + Human Oversight

These principles are especially important
for youth because errors can affect liberty,
education, family relationships, and future
opportunities [38].

5.2 Data Collection and Preprocessing for
Equity

Equity begins with the data pipeline,
because biased data will usually produce biased
predictions. Collection should avoid over-
reliance on variables that act as proxies for race,
poverty, or neighbourhood disadvantage unless
there is a clearly justified legal and ethical
reason. Missing values, label noise, and
historically biased records should be audited
before model training. Berk’s work on juvenile
risk assessment notes that bias in criminal
justice Al can come from the training data, the
algorithm itself, or how the output is used [39].

Useful  preprocessing steps include
reweighting underrepresented cases, removing
problematic proxy variables, checking base rates
across groups, and documenting data
provenance. A simple representation of
weighted learning is

L=YLw; i, 91) (5)

where w;gives more influence to
underrepresented or fairness-sensitive cases.
This does not solve all bias, but it helps reduce
the effect of uneven historical records [40].

5.3 Model Selection and Bias Mitigation
Techniques

Model choice matters because some
methods are easier to audit than others. In
justice settings, simpler and more interpretable
models are often preferable when they perform
comparably to complex black-box systems. Bias
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mitigation can happen before training, during
training, or after training [41].

Pre-processing methods change the data,
in-processing methods add fairness constraints
to the learning objective, and post-processing
methods adjust outputs to reduce disparities.

A fairness-regularized objective can be written
as

J(0) = L(6) +10(0) (6)

where Lis prediction loss, Qis a fairness
penalty, and Acontrols the trade-off. In juvenile
justice, this trade-off must be handled cautiously
because improvements in one fairness metric
may worsen another. The literature emphasizes
that no single technical fix satisfies every
fairness goal, so legal and policy judgment
remains necessary [42].

5.4 Human-in-the-Loop Design for Juvenile
Court and Probation Workflows

Human-in-the-loop design means the
algorithm informs decisions, but trained
professionals retain authority and responsibility.
This is crucial in juvenile justice because context
such as trauma, family instability, disability, or
school issues may not be fully captured in the
data. Judges and probation officers should be
able to override model outputs, record reasons
for override, and receive training on how to
interpret uncertainty [43].

A human review step should be mandatory
whenever the model recommends detention,
intensive supervision, or other high-impact
outcomes.

A practical workflow can be represented as

Final Decision =
g (AI Output,Human Judgment,Case Context)  (7)

where Al is only one input among several.
This design reduces automation bias and
supports individualized justice. It also ensures
the system remains aligned with the
rehabilitative mission of juvenile courts rather
than forcing decisions into a rigid score-driven
process [44].
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5.5 Explainability and Interpretable Outputs
for Practitioners and Families

Explainability is essential because a
decision that cannot be understood cannot be
meaningfully challenged. Practitioners need
concise reasons, ranked factors, and confidence
information; families and youth need plain-
language explanations that avoid technical
jargon. Interpretable outputs can include feature
importance, counterfactual explanations, and
short narrative summaries of why a case
received a particular recommendation [45].

UNESCO likewise treats explainability as a
core ethical requirement for Al systems.
For example, a model could report: “This
recommendation is driven mainly by prior
supervision failures, school attendance
instability, and lack of confirmed community
support,” while also clarifying that these factors
are not destiny. A counterfactual form is:

If X;, had been lower, then y would likely decrease

ISSN: 2583-7354
This helps practitioners see what factors
influenced the result and what interventions
might change future outcomes. In juvenile
justice, explainability is not just a technical
feature; it is part of dignity, trust, and procedural
fairness [46].

6. System Architecture and Implementation

An Al-assisted youth justice platform
should be designed as a layered decision-
support architecture, where data ingestion, risk
analytics, case workflow integration, and human
review are separated but connected. In juvenile
justice, the system must support -case
management and supervision without turning Al
into the final decision-maker. The best practice
is to treat Al as an assistive layer that helps staff
prioritize, explain, and document decisions,
while leaving legal authority with trained
professionals [47].
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Figure 1. A Transparent, Accountable, And Fair Framework

6.1 High-Level Architecture of an Al-Assisted
Youth Justice Platform

A practical architecture includes five
layers: data sources, preprocessing and
governance, model services, application

interfaces, and audit/monitoring modules. Data
sources may include court records, probation
notes, education inputs, and service referrals,
but only if collection is lawful and necessary. The
model services layer generates risk or needs
estimates, while the application layer presents
those results to judges, probation officers, and
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supervisors through role-specific dashboards
[48].

The audit layer logs inputs, predictions,
overrides, and outcomes so the system can be
reviewed later. A simplified form is

Platform =

Data Layer + Model Layer + Workflow Layer +

Audit Layer (8)
This design supports transparency and

helps prevent a black-box system from

dominating juvenile decisions.
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6.2 Integration with Case-Management and
Monitoring Systems

Integration should occur through secure
APIs that connect the Al engine to existing case-
management and monitoring software. This
allows probation officers and court staff to see
the Al output inside the tools they already use,
rather than forcing duplicate data entry. The OJP
community supervision work shows that Al-
enabled systems can be embedded into
operational corrections environments without
disrupting normal workflows when carefully
implemented [49].
A typical integrated flow is Case Record -
Al Analysis — Case Dashboard — Staff Review —
Action

This integration should also support

alerts, service recommendations, and follow-up
scheduling, but only as prompts for human
review. It should not automatically trigger
punitive responses [50].

6.3 Access Control, Role-Based Interfaces,
and Audit Trails
Access control is essential because juvenile
records contain sensitive personal data. Role-
based access should ensure that judges,
probation officers, administrators, analysts, and
family-facing staff see only the information they
need for their function. For example, a probation
officer may view supervision notes and case
recommendations, while a family interface may
show a simplified explanation and next steps.
Strong authentication, permission tiers, and data
minimization reduce privacy risk and accidental
misuse [51].
Audit trails should record who viewed the data,
what recommendation was shown, whether it
was overridden, and what reason was entered.
This creates accountability and supports later
review if a decision is challenged. A useful audit
structure is:
Audit Log
= {user,timestamp,input,output,override,reason}
Such  records help organizations
demonstrate responsible use and detect patterns
of misuse or unequal treatment [52].

6.4 Safeguards Against Automation Bias and
Over-Reliance
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Automation bias is the tendency to trust a
machine recommendation too much, even when
human judgment or case facts suggest otherwise.
In juvenile justice, this is especially dangerous
because a risk score may appear objective and
can strongly influence detention or supervision
decisions. Research on automation bias shows
that people often defer to automated outputs
unless they are actively trained to question them
[53].

Safeguards should include mandatory
human review, training on model limits,
explanation screens that show uncertainty, and
policy rules that prohibit one-click adoption of
algorithmic suggestions. High-stakes
recommendations should require a second
reviewer or supervisory sign-off. A practical rule
is

Final Action #
Al Output Alone
Instead, the final action should combine
model output, case context, and professional
judgment. This keeps the platform aligned with
youth justice values and reduces the risk of over-
reliance [54].

7. Case Studies and Real-World Deployments
Real-world juvenile justice deployments
show that Al and risk tools can improve
consistency and service targeting, but they also
reveal persistent concerns about fairness,
calibration, and policy legitimacy. The strongest
lesson is that technology can support better
decisions only when agencies, communities, and
courts are prepared to govern it carefully [55].

7.1 Case Study 1: Juvenile Risk-Assessment
Tool in a Probation Service

A well-known line of work in juvenile
probation has used structured risk assessment
to support supervision and service planning
rather than to replace professional judgment.
Studies of county probation implementations
found that risk tools improved the assignment of
community-based services and helped agencies
tailor interventions more systematically. In one
evaluation, the use of assessment-informed
practice improved the fit between youth needs
and available programs, which is important
because effective probation is not only about
control but also about support [56].
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At the same time, research on juvenile risk
assessment shows that predictive performance
can differ by race, ethnicity, and sex. For
example, a recent study of the PACT tool found
that Black and Hispanic boys had the highest
base rates of rearrest and the highest rates of
inaccurate classification, especially where low-
risk youth were used as the reference group.
This shows why agencies must examine error
patterns, not just overall accuracy [57].

7.2 Case Study 2: Pretrial Diversion and
Supervision Algorithm

Pretrial diversion programs are often used
to keep young people out of formal court
processing when a restorative or low-risk
response is more appropriate. NIJ evaluations of
prosecutor-led diversion programs found
reduced likelihood of conviction and
incarceration in several sites, and in many cases
reduced rearrest as well. A randomized trial of
San Francisco’s Neighbourhood Courts also
suggested that restorative diversion can reduce
recidivism, although that result was not
statistically significant [58].

In algorithmic versions of diversion and
supervision, the main promise is to help
agencies identify candidates for less intensive
intervention. But if the model is trained on
biased enforcement data, it may incorrectly steer
some youth away from diversion or toward
heavier supervision. The policy lesson is that
diversion algorithms must be treated as support
tools, not automatic gatekeepers [59].

7.3 Lessons on Bias Reduction, Stakeholder
Buy-In, and Policy Reform

These case studies suggest three practical
lessons [60]. First, bias reduction must be built
into the system from the start, with regular
testing for subgroup error rates, calibration, and
disparate impact. Second, stakeholder buy-in
matters because judges, probation staff, defence
counsel, families, and community advocates
must trust the process enough to use it
responsibly. Third, policy reform is often needed
because technical fixes alone cannot solve
structural problems in arrest patterns, school
discipline, or unequal supervision [61].
A useful framing is:
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Effective Deployment = Technical Performance +
Stakeholder Trust + Policy Alignment
The evidence shows that fairer outcomes
are most likely when Al is embedded in a
broader reform strategy rather than introduced
as a standalone solution [62].

8. Conclusion

Services highlight a critical truth: Al can
improve consistency and efficiency in juvenile
justice, but only if fairness is built into every
stage of design and deployment. The system
must not simply automate decisions; it must
actively reduce racial, socioeconomic, and
developmental bias that can affect young
people’s lives. Juvenile courts and probation
services deal with vulnerable individuals, so
even small errors or hidden biases can lead to
serious long-term harm. For that reason,
fairness, transparency, human oversight, and
regular auditing are not optional features but
essential safeguards. A responsible Al system
should support judges and probation officers,
not replace their judgment, while ensuring that
decisions remain equitable, explainable, and
centred on rehabilitation rather than
punishment.
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