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This narrative review explores the transformative role of artificial intelligence (AI) in forensic mental health,
focusing on its applications, benefits, limitations, and ethical considerations. Al's capabilities, particularly in
areas such as risk assessment, mental health screening, behavioral analysis, and treatment recommendations,
present promising advancements for accuracy, efficiency, and objectivity in forensic evaluations. Predictive
models and natural language processing enhance the precision of high-stakes assessments, enabling early
intervention and optimized resource allocation. However, AI's integration in forensic mental health also brings
significant challenges, particularly regarding data quality, algorithmic bias, transparency, and legal account-
ability. Limited access to high-quality, representative data can hinder reliability, while biases within AI models
risk perpetuating existing disparities. Ethical concerns surrounding data privacy and the “black box” nature of
many Al algorithms underscore the need for transparency and accountability. The review highlights future di-
rections for responsible Al use, including improving data standards, fostering interdisciplinary collaboration, and
establishing robust regulatory frameworks to safeguard ethical and fair Al applications in forensic settings.
Balancing technological innovation with ethical considerations and legal obligations is essential to ensure Al
supports justice and upholds public trust. This review calls for ongoing research, policy development, and
cautious implementation to harness AI’s potential while protecting individuals’ rights within the justice system.

1. Introduction

Forensic mental health is a specialized field within mental health
services that intersects with the criminal justice system, focusing on
individuals who have encountered legal issues and whose mental health
status plays a critical role in their legal proceedings.'*

This domain encompasses the assessment, treatment, and manage-
ment of individuals with mental disorders who are also involved in
criminal activities or at risk of offending. Professionals within forensic
mental health engage in complex evaluations, such as risk assessments
for violent behavior, competency evaluations for trial proceedings, and

post-conviction treatment plans aimed at reducing recidivism.> These
evaluations and interventions hold significant weight in the legal
context, often influencing judicial decisions regarding sentencing,
rehabilitation, and community reintegration.? Given the severe impli-
cations of these assessments for individuals and society, there is a
continuous need for accuracy, efficiency, and reliability within forensic
mental health.”

The advent of artificial intelligence (AI) has transformed numerous
aspects of healthcare, providing innovative tools for diagnosis, treat-
ment planning, and predictive analytics.6 Al in healthcare leverages
algorithms and machine learning models that process vast amounts of
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data to identify patterns, make predictions, and generate recommen-
dations with high precision.” In mental health, Al applications have
advanced significantly, with tools now capable of early diagnosis, sui-
cide risk prediction, and customized treatment pathways based on in-
dividual patient data.® These advancements are especially promising in
cases where human biases or resource limitations might otherwise
impede optimal care. For instance, Al-driven platforms utilizing natural
language processing can analyze speech patterns to detect mental health
issues, while machine learning models can assess vast clinical datasets to
forecast the likelihood of psychiatric episodes.” As Al technologies
evolve, their integration within mental health has created new possi-
bilities for addressing patient needs more effectively, increasing the
accessibility and accuracy of care in a domain traditionally marked by
diagnostic complexities and subjective assessments. '’

Within the niche field of forensic mental health, the potential of Al
applications is particularly compelling. The ability to automate portions
of risk assessment, offender profiling, and behavioral analysis could
greatly enhance the efficiency and reliability of forensic evaluations,
which are often resource-intensive and prone to human bias.'' However,
the integration of Al into forensic mental health raises unique consid-
erations. Unlike general mental health care, forensic mental health ap-
plications must navigate legal, ethical, and human rights concerns due
to the often-coercive nature of forensic interventions and the high stakes
involved in their outcomes. Furthermore, forensic settings require
particular sensitivity to biases, as any misjudgments in risk assessments
or mental health evaluations could disproportionately affect marginal-
ized communities, possibly leading to unjust treatment within the
criminal justice system.'”? The complex ethical landscape, alongside
technical challenges like data availability and algorithmic fairness, un-
derpins the importance of a nuanced examination of AI’s role in forensic
mental health."”

This review aims to provide a comprehensive overview of the
application of AI within forensic mental health, focusing on existing
tools, their benefits, limitations, and ethical considerations. By
analyzing current Al-driven methodologies in risk assessment, diag-
nostic support, and treatment recommendations, this review highlights
both the advancements Al brings to forensic mental health and the
ethical and practical challenges that arise. These challenges include
concerns about data privacy, algorithmic bias, transparency, and the
risk of reinforcing existing systemic biases within the justice system.
Additionally, this review explores the regulatory landscape and call for
interdisciplinary approaches that involve professionals in Al, law, and
mental health to guide responsible Al integration in forensic settings.
The ultimate goal of this review is to inform practitioners, policymakers,
and technologists of the promise and pitfalls of Al in forensic mental
health, encouraging ethical practices and ongoing research in this
evolving intersection between technology, healthcare, and justice.

2. Needs and challenges in forensic mental health

The forensic mental health field is inherently complex, existing at the
intersection of healthcare, criminal justice, and legal ethics. Pro-
fessionals within this domain deal with a diverse range of challenges
that are compounded by the dual need for accurate mental health
evaluations and reliable risk assessments to ensure both individual
rights and public safety.'* AI has emerged as a promising tool to assist
forensic mental health professionals, yet several unique needs and
challenges, including risk assessment, criminal profiling, mental state
evaluations, treatment compliance, and data constraints, complicate its
implementation. Forensic mental health operates under unique con-
straints that differentiate it from other mental health domains. The
primary areas of focus—risk assessment, criminal profiling, mental state
evaluations, and treatment compliance—each come with challenges
that AI could help address but also raise concerns about accuracy, reli-
ability, and ethical ramifications."”
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2.1. Risk assessment

Risk assessment is critical in forensic mental health as it helps
determine the potential for future violent behavior, recidivism, and self-
harm among individuals with mental health issues.'® These assessments
are essential for judicial decisions related to sentencing, parole, and
treatment. Traditionally, risk assessments rely on standardized tools and
clinical judgment, both of which are prone to subjectivity and vari-
ability.'” AI offers potential here by providing data-driven risk models
that can assess risk levels based on large datasets, patterns, and histor-
ical data, potentially leading to more accurate predictions.'® Studies
show that machine learning models, such as logistic regression and
neural networks, have shown higher predictive validity than traditional
methods in violence risk assessment, suggesting their ability to improve
accuracy in high-stakes environments. For example, a study showed that
a wide variability in the experimental settings and characteristics of the
enrolled samples emerged across studies, which probably represented
the major cause for the absence of shared common predictors of violence
found by the models learned.'® Nonetheless, a general trend toward a
better performance of ML models compared to structured violence risk
assessment instruments in predicting the risk of violent episodes
emerged with three out of eight studies with an AUC above 0.80.
However, the implementation of these Al tools in forensic settings is still
met with concerns about over-reliance on algorithmic predictions,
which could reduce the nuanced and case-specific judgment required in
forensic cases.”’

2.2. Criminal profiling

Criminal profiling is another area where Al is believed to have
transformative potential. Profiling involves analyzing behaviors, psy-
chological patterns, and other individual traits to assist in criminal in-
vestigations and understand the psychological underpinnings of
criminal behavior.?! Al particularly natural language processing (NLP),
has been leveraged to examine vast amounts of unstructured data, such
as text from criminal records, case files, and behavioral reports, to detect
patterns and assist in profiling.>> A recent study demonstrates the
effectiveness of Al in creating behavioral profiles by analyzing linguistic
markers and personality indicators, showing promise in identifying
underlying psychological traits of offenders.”® Yet, the use of Al in
profiling introduces risks of reinforcing stereotypes or biases that may
exist in the training data. Moreover, over-reliance on Al for criminal
profiling can lead to ethical challenges, as Al-generated profiles might
skew judgment and lead to confirmation bias in investigations, further
complicating the already complex role of profiling in forensic mental
health.*

2.3. Mental state evaluations

Mental state evaluations in forensic contexts are used to determine
an individual’s mental capacity and competence, which is essential for
legal proceedings, particularly in cases involving insanity defenses or
competency to stand trial.?” The mental state at the time of the offense
and during the trial influences sentencing, treatment requirements, and
sometimes the entire outcome of the legal process. Al-driven tools, such
as those employing speech and facial analysis, have been proposed to aid
in assessing mental states by detecting subtle behavioral cues that may
indicate distress, deception, or specific mental health symptoms.
Another studies conducted showed that Al tools can reliably analyze
speech patterns to identify mental health disorders with reasonable
accuracy, especially in controlled environments.?® A systematic review
of studies using speech for automated assessments across a broader
range of psychiatric disorders.’® Additionally, the narrative review
thoroughly examined the use of AI in mental health care and success-
fully highlighted the increasing awareness of AI’s potential to aid and
improve mental well-being.?” Thus, suggesting a future where AI plays
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an integral role in addressing global mental health crisis. However, the
application of Al in mental state evaluations I,s constrained by the
variability of human behavior and context-dependent nuances that
cannot be fully captured by current algorithms.?® Additionally, ethical
issues arise from using Al-driven evaluations in a legal context, where
the stakes are high and any inaccuracies in evaluation could lead to
grave legal consequences.”’

2.4. Treatment compliance

In forensic settings, treatment compliance is essential to reduce
recidivism and aid in the rehabilitation of individuals with mental
health needs.*” Forensic mental health practitioners face unique chal-
lenges in ensuring compliance, especially when treatment is
court-mandated. Al could support treatment compliance monitoring by
tracking behavioral patterns, attendance, and adherence to prescribed
interventions through mobile applications or wearable devices. A study
conducted revealed that digital tools powered by Al can predict treat-
ment adherence based on user data, identifying potential lapses early
on.’! Nevertheless, the use of Al to monitor compliance raises privacy
concerns, as continuous surveillance can be perceived as invasive.
Furthermore, mandatory Al-based monitoring may encounter resistance
from individuals, as the potential for misuse or mishandling of sensitive
data could lead to mistrust and affect their willingness to participate
fully in treatment.>?

3. Data constraints in forensic mental health

AT’s success in forensic mental health depends heavily on the quality,
quantity, and diversity of data used to train algorithms.>> However, the
forensic mental health domain faces specific data challenges, including
limitations in data availability, potential biases, and concerns about data
quality. These constraints pose significant barriers to developing effec-
tive, fair, and reliable Al applications.®

3.1. Issues around data availability

The forensic mental health field faces unique data constraints
because case data is often protected due to confidentiality, legal re-
strictions, and ethical considerations.>* Access to high-quality, longitu-
dinal data is limited, restricting the capacity to develop comprehensive
models. This limited data availability also hampers the diversity of
datasets, leading to less representative models.*> Without diverse data,
Al models risk being undertrained or poorly generalized, which could
lead to inaccurate assessments when applied to a broader population.
Moreover, since forensic cases are often rare and complex, data is
inherently limited, requiring alternative data-gathering methods, such
as data synthesis, which might not accurately reflect real-world forensic
mental health cases.*®

3.2. Biases in forensic data

Data biases are especially problematic in forensic mental health,
where training data might reflect historical inequalities within the
criminal justice system. For instance, if an Al model is trained on his-
torical criminal records, it could inadvertently inherit biases present in
those records, which may disproportionately affect certain de-
mographics, particularly marginalized communities.®” Studies indicate
that Al models trained on biased data can perpetuate or even exacerbate
existing disparities, leading to unfair risk assessments or profiling.>® Bias
mitigation techniques, such as fairness-aware algorithms and balanced
sampling, are being explored; however, they are still not foolproof, and
bias remains a persistent issue in forensic Al applications. Ensuring
fairness in forensic Al requires ongoing data monitoring, robust
bias-detection tools, and consideration of systemic issues that might
influence Al-generated outcomes.
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3.3. Data quality in forensic cases

For Al models to be reliable, data quality is paramount. In forensic
mental health, data quality can be inconsistent, as records might be
incomplete, subjective, or contain errors. Human error in data entry,
inconsistent reporting practices, and variations in data standards across
regions all contribute to this problem.”® A study conducted found that
data quality issues led to significantly lower predictive accuracy in
forensic Al models, underlining the importance of data integrity in
achieving reliable AI outcomes.>® This study also looked closely at how
Al and ML techniques are used in digital forensics and incident response.
Low-quality data not only impacts accuracy but can also lead to erro-
neous interpretations, which are especially detrimental in forensic set-
tings where Al-driven decisions can have severe consequences.
Addressing data quality issues may require standardized protocols for
data entry, cross-agency collaboration, and rigorous quality control
processes.

4. Al applications in forensic mental health

Artificial intelligence is being increasingly applied in forensic mental
health, addressing critical areas such as risk assessment, mental health
screening, behavioral analysis, and treatment recommendations. These
applications offer the potential to improve the accuracy, objectivity, and
efficiency of forensic evaluations, thereby supporting judicial decisions
and mental health interventions with greater data-driven precision.?®*°
Below, the key AI applications in this field are explored, including
specific tools and examples that highlight their utility and challenges in
forensic settings.

4.1. Risk assessment and prediction

One of the primary applications of Al in forensic mental health is in
risk assessment, which involves evaluating the likelihood of violence,
recidivism, or self-harm among individuals involved in the criminal
justice system. Al-driven predictive algorithms are employed to enhance
the accuracy of these assessments, utilizing vast datasets to identify risk
factors and behavioral patterns. Predictive models such as logistic
regression, decision trees, and neural networks have demonstrated
promising results in assessing risk. For example, the Correctional
Offender Management Profiling for Alternative Sanctions (COMPAS)
tool uses machine learning to predict recidivism risk based on a variety
of individual data points, such as criminal history and personal back-
ground.”! Some studies did also revealed that COMPAS and similar al-
gorithms often perform with greater consistency than traditional
assessment methods, with predictive accuracy rates around 70-75 %. "
Fig. 1 presents a simplified flowchart illustrating the application of Al in
forensic mental health risk assessment. However, these tools have also
been critiqued for potential biases, particularly regarding racial dis-
parities, which can impact their fairness and acceptance in forensic
contexts. Thus, while AI can enhance the efficiency and standardization
of risk assessments, it also necessitates careful consideration of ethical
implications to prevent exacerbating existing inequalities.43

4.2. Mental health screening and diagnosis

Al is also being applied to aid in the psychological evaluations
required in legal cases, offering tools that assist with mental health
screening and diagnosis. Traditional diagnostic procedures can be time-
consuming and subjective, relying heavily on clinician interpretation.**
Al-based tools provide a more objective analysis by leveraging data from
psychological tests, clinical records, and even direct interactions to
assess mental health conditions more systematically. Automated tools
that analyze responses from structured interviews or digital question-
naires have shown significant potential in supporting diagnostic de-
cisions. For example, the AI platform MindStrong utilizes machine
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Fig. 1. Schematic representation of AI application in forensic mental
health risk assessment. Thia figure illustrates the flow from concept to
implementation, key components, and ethical considerations. This diagram
showecases the integration of data inputs, predictive models, and performance
metrics in Al-driven risk assessment tools, while also emphasizing the critical
role of ethical considerations in their development and use.

learning algorithms to analyze mobile device interactions—such as
typing patterns and screen navigation—to detect cognitive patterns
associated with various mental health disorders.”” By identifying de-
viations in these patterns, MindStrong can signal the presence of con-
ditions like depression or anxiety with high sensitivity. Furthermore,
automated analysis tools that track verbal and non-verbal responses
during interviews can offer insights into emotional states and potential
behavioral risks.® Although promising, the use of Al in diagnosis must
be approached with caution, as nuances in individual cases may not
always be accurately captured by algorithms, especially in the complex
and high-stakes context of forensic evaluations.

4.3. Natural language processing for behavioral insights

Natural language processing (NLP), a branch of AI focused on
analyzing language patterns, is particularly valuable in forensic mental
health for gaining insights into an individual’s cognitive and emotional
state. NLP algorithms can analyze written or spoken language to detect
signs of mental health issues, as well as identify behavioral patterns
relevant to forensic assessments.*” For instance, Al-driven NLP models
can process court transcripts, interview recordings, or written reports to
identify language markers of psychological distress, deception, or
cognitive distortions. Research indicates that NLP tools can identify cues
of depression, anxiety, and other mental health conditions based on
language patterns, such as tone, sentiment, and complexity of speech.48
Moreover, these models have been used to detect deception by analyzing
linguistic inconsistencies, speech hesitations, or changes in sentence
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structure during testimony or interrogations. For example, IBM’s Wat-
son system has been used to assess the veracity of statements by
analyzing language for patterns indicative of lying or cognitive stress.
While effective, NLP tools in forensic settings must be carefully cali-
brated to account for individual differences in language use, as failing to
do so could lead to inaccurate interpretations and potential miscarriages
of justice.*’

4.4. Computer vision in behavioral assessment

Computer vision is another powerful Al technology used to interpret
visual cues relevant to forensic mental health assessments. By analyzing
facial expressions, eye movements, and body language, computer vision
algorithms can provide objective measures of emotional and behavioral
states that are crucial in evaluating mental health conditions.”” Facial
recognition software, for example, can detect micro-expressions asso-
ciated with emotions like anger, fear, or sadness, which may indicate
underlying psychological states or intentions. Eye-tracking technology is
also utilized to monitor gaze patterns, which can provide insights into
attentional focus, arousal levels, and even deception. Additionally,
movement analysis, which tracks body posture and gestures, can assist
in understanding behavioral tendencies that might relate to aggression
or risk of harm. In a study conducted by a group of scholar, computer
vision models achieved an accuracy of over 80 % in detecting signs of
agitation or distress during interviews, proving useful in assessing in-
dividuals with potentially volatile behavior.>! Despite these advance-
ments, ethical and privacy concerns are significant, as continuous
surveillance and interpretation of personal behaviors raise questions
about consent and the right to privacy, especially in mandatory assess-
ment situations.>?

4.5. Treatment recommendations and monitoring

In the realm of forensic mental health, treatment is often directed
toward reducing recidivism and aiding rehabilitation, requiring that
treatment plans be closely tailored to each individual. Al is employed in
creating personalized treatment recommendations by analyzing histor-
ical treatment data, clinical outcomes, and individual characteristics to
propose intervention plans.”® Machine learning algorithms can predict
treatment responses, suggesting interventions that align with an in-
dividual’s unique psychological profile and treatment history. For
example, tools like Quartet Health employ predictive models to match
patients with appropriate treatment resources based on their needs,
increasing the likelihood of treatment adherence and positive out-
comes.” Al is also instrumental in treatment monitoring, where wear-
able devices and mobile applications can track physiological and
behavioral data to gauge compliance with treatment plans. For instance,
Al-enabled applications can monitor medication adherence, mood
fluctuations, and participation in therapy sessions, providing real-time
feedback to both the individual and the clinician.”® A study by Bain
et al., 2017 indicate that Al-based monitoring can improve treatment
adherence rates by 20-30 % by identifying lapses and intervening
promptly.>® However, such monitoring raises ethical considerations, as
individuals may perceive constant surveillance as intrusive, potentially
impacting their engagement with the treatment process. Fig. 2 presents a
simple illustration for the application of Al in forensic mental health
treatment. Ensuring transparent communication about AI’s role in
treatment monitoring is essential to maintain trust and cooperation in
forensic settings.”’

5. Benefits of Al in forensic mental health

The integration of artificial intelligence in forensic mental health has
introduced transformative benefits, allowing for more accurate, effi-
cient, and equitable decision-making processes in a complex field where
high-stakes outcomes are the norm. Al tools can analyze vast datasets,
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Fig. 2. Al applications in forensic mental health treatment. This figure illustrates the dual role of Al in generating personalized treatment recommendations and monitoring
treatment progress. It highlights the key inputs, processes, and outputs for each application, demonstrating how Al integrates various data sources to enhance treatment efficacy

and patient monitoring in forensic mental health contexts.

reduce subjective biases, enable early intervention, and optimize
resource allocation, ultimately enhancing the quality of forensic mental
health services and their impact on the criminal justice system.®

5.1. Increased accuracy and efficiency

One of the primary benefits of Al in forensic mental health is its
ability to analyze large datasets rapidly and accurately, improving the
precision of predictions regarding mental health and risk assessments.
Traditional methods rely on clinical interviews and standardized
assessment tools, which can be limited by human error and subjective
interpretation.z&59 Al on the other hand, can process complex datasets,
such as behavioral records, criminal history, and psychological assess-
ments, identifying patterns that may not be immediately evident to
clinicians. For instance, machine learning algorithms applied in forensic
risk assessment, such as those used in predictive models for recidivism or
violent behavior, have demonstrated enhanced predictive accuracy
compared to traditional risk assessment tools.°” This heightened accu-
racy allows forensic mental health practitioners to make more reliable
determinations, thereby contributing to fairer and more informed judi-
cial decisions.

5.2. Objective analysis

The use of Al introduces a level of objectivity in forensic mental
health evaluations that traditional methods often lack. Forensic assess-
ments are frequently subject to biases stemming from human factors,
such as clinician experiences, cultural perceptions, and implicit biases."*
Al mitigates this issue by relying on data-driven algorithms that can
reduce the influence of subjective judgments, offering a more stan-
dardized approach to evaluations. By using Al algorithms trained on
diverse datasets, forensic assessments can avoid some of the common
biases that may affect human evaluators. A recent study showed that
Al-based risk assessment tools, when properly calibrated, provided less
biased outcomes in recidivism predictions across different demographic
groups.®’ While not entirely free from biases—since AI models reflect

the data they are trained on—the structured and consistent application
of these tools still reduces some of the more overt subjective influences,
leading to more equitable and balanced assessments.

5.3. Early detection and intervention

AI has shown significant promise in the early detection of mental
health issues and high-risk behaviors, facilitating timely interventions
that could reduce the likelihood of crime or escalation of mental health
crises.*® By leveraging predictive analytics, Al can identify individuals at
high risk of violent behavior, self-harm, or other dangerous behaviors
earlier than traditional methods. This capability is crucial in forensic
settings, where timely intervention can prevent potential harm to in-
dividuals and society. For example, predictive models developed to
monitor behavioral patterns have been used to flag individuals with a
high likelihood of reoffending or violating parole terms.'® Early detec-
tion mechanisms can enable preemptive actions, such as targeted mental
health interventions, enhanced supervision, or placement in rehabili-
tative programs. A study demonstrated that Al-powered early inter-
vention systems reduced reoffending rates by 15 % among high-risk
individuals, highlighting the potential of Al to contribute to crime pre-
vention.®” By identifying high-risk cases sooner, forensic practitioners
can implement preventive measures more effectively, promoting public
safety and reducing the demands on the criminal justice system.

5.4. Resource allocation

Al-driven insights allow for the strategic allocation of resources,
helping forensic mental health practitioners and legal authorities pri-
oritize cases based on risk and urgency. Forensic mental health resources
are often limited, with caseworkers, treatment programs, and moni-
toring systems under substantial strain.>*> AI’s ability to categorize and
prioritize cases according to assessed risk levels enables agencies to
allocate their resources more effectively, ensuring that high-risk in-
dividuals receive timely attention. This optimization can be particularly
beneficial in settings where resources are stretched thin, allowing
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practitioners to address the most critical cases first and reducing case
backlogs. For example, Al tools that assess mental health risk and
treatment needs can direct resources toward individuals requiring
intensive intervention while recommending less-intensive support for
lower-risk cases. This tiered approach not only optimizes resource use
but also enhances the outcomes of forensic mental health programs by
ensuring that interventions are appropriately matched to individual
needs. Fig. 3 provides an overview of the benefits of Al in forensic
mental health. It highlights four main advantages: increased accuracy
and efficiency, objective analysis, early detection of issues, and better
resource allocation. It was reported that Al-assisted resource allocation
has improved efficiency in forensic case management by 20 %, under-
scoring its potential to streamline case workflows and improve
outcomes.®

6. Future directions and research opportunities

As Al continues to evolve, its application in forensic mental health
offers new pathways for innovation, requiring robust frameworks and
multidisciplinary research to address current challenges and enhance its
efficacy. The future of Al in this field hinges on improving data quality,
fostering interdisciplinary collaboration, ensuring fairness and trans-
parency, advancing predictive tools, and establishing ethical regulatory
standards. Each of these areas presents substantial research opportu-
nities to build a responsible, effective, and fair Al ecosystem in forensic
mental health.**

6.1. Improving data quality and accessibility

Data quality is critical for AI's success in forensic mental health, yet
the sector often faces issues with incomplete or biased data that can
undermine the reliability of AI applications. Improving data quality
involves curating datasets that are accurate, representative, and ethi-
cally sourced. One promising avenue is the promotion of open-source
data initiatives, which facilitate access to a diverse range of high-
quality datasets while maintaining ethical standards.®* Open-source

2y

@
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data can democratize AI research, allowing a wider pool of re-
searchers to refine algorithms and improve model robustness across
varying demographic and situational contexts. Additionally, more
ethical data collection practices, such as obtaining informed consent and
anonymizing sensitive information, are essential to protect individual
rights and uphold privacy. These approaches will require ongoing
research into secure, responsible data-sharing methods that ensure data
integrity while minimizing risks of misuse. By focusing on quality and
accessibility, future AI tools can be better trained to produce more
reliable, fair outcomes, ultimately leading to more trustworthy appli-
cations in forensic settings.65

6.2. Interdisciplinary collaboration

The development of Al applications for forensic mental health cannot
be confined to the field of Al alone. Integrating insights from psychol-
ogy, ethics, law, and criminology is vital to creating tools that address
the complexities inherent in this field. Interdisciplinary collaboration
fosters a holistic approach, enabling the creation of Al solutions that are
scientifically rigorous, ethically sound, and legally viable.®® For
example, psychologists and mental health professionals can contribute
insights into behavior patterns and mental health diagnostics, ensuring
Al tools are contextually relevant and accurate. Ethical scholars can
provide guidance on developing tools that respect individual rights and
avoid stigmatization, while legal professionals can assist in aligning Al
tools with judicial standards.®” Establishing forums, conferences, and
collaborative research projects that bring together experts from these
diverse fields can foster the innovation needed to address complex
forensic mental health issues. Research in interdisciplinary methodolo-
gies, such as how to effectively integrate psychological and legal insights
into AI models, will be essential for developing nuanced solutions that
meet the demands of forensic applications.®®

6.3. Focus on algorithmic fairness and transparency

Algorithmic fairness and transparency are central to the ethical use

Benefits of Al in Forensic
Mental Health

Improved accuracy and

Objective Analysis
efficiency

Less Bias

More reliable predictions
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Fig. 3. Overview of the benefits of Al in Forensic Mental Health. This diagram illustrates four key advantages: increased accuracy and efficiency, objective analysis, early
detection of high-risk behaviors, and improved resource allocation. Each benefit leads to specific positive outcomes that enhance decision-making and service delivery in forensic

mental health settings.
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of Al in forensic mental health, particularly given the high stakes
involved in forensic assessments, such as risk predictions and criminal
profiling.®® As biases in data can lead to unfair treatment of certain
groups, ongoing research must focus on developing frameworks that
ensure algorithmic fairness. This involves identifying and mitigating
biases in training data, as well as adopting fairness-aware algorithms
that can adjust for disparities among demographic groups. Transparency
is equally important, as the “black box” nature of many Al algorithms
can obscure how decisions are made, leading to mistrust and resistance
in legal contexts. Developing interpretable models that allow forensic
professionals to understand and validate Al-driven assessments is a
priority for responsible AL’ Transparent Al frameworks will also
improve accountability, ensuring that practitioners can trace
decision-making processes and verify the soundness of assessments.
Future research should explore explainability techniques that strike a
balance between transparency and model complexity, as well as meth-
odologies for continuously auditing Al systems to uphold fairness over
time.

6.4. Expansion of Al-driven predictive tools

Al-driven predictive tools offer considerable promise in forensic
mental health, particularly for assessing risks and anticipating behav-
ioral patterns.”! However, current models have limitations in accuracy
and generalizability, highlighting the need for further development of
more precise predictive tools. Future research can explore advanced
machine learning techniques, such as deep learning and ensemble
methods, to enhance the predictive capabilities of Al in this context.
These tools could be designed to evaluate not only static factors, such as
criminal history, but also dynamic factors, such as recent behavior or
changes in mental health status. The incorporation of real-time data
from wearable devices or mobile applications also presents new research
opportunities for continuous monitoring and prediction of high-risk
behaviors. Improved predictive models can lead to better-tailored in-
terventions and more precise risk assessments, ultimately contributing
to more effective rehabilitation and public safety efforts.”” As predictive
tools evolve, however, researchers must remain vigilant about ethical
considerations, particularly the risks of over-surveillance and the po-
tential for infringing on individual freedoms.

6.5. Policy development for ethical Al use

The adoption of Al in forensic mental health necessitates compre-
hensive policies and regulations to ensure ethical use, protect individual
rights, and promote accountability. Given the sensitive nature of
forensic assessments, policy frameworks must address issues such as
data privacy, informed consent, and the appropriate scope of Al appli-
cations.'® Regulations should specify when and how Al can be used in
forensic settings, particularly in high-stakes applications like risk
assessment and criminal profiling. Policy development should involve
stakeholders across various fields, including AI researchers, legal ex-
perts, ethicists, and mental health professionals, to establish balanced
guidelines that safeguard both individuals and the integrity of the
judicial system. Standardizing AI use in forensic mental health can also
facilitate public trust, as clear policies provide transparency on how Al
tools are employed and outline protocols for addressing potential errors
or biases.”® Researchers and policymakers alike should consider how
international regulations, such as the EU’s GDPR or forthcoming Al
legislation, could inform national policies to create a coherent frame-
work for Al ethics in forensic mental health.

7. Regulatory frameworks and the need for harmonized
international standards

Artificial intelligence (AI) applications in forensic mental health are
developing rapidly, yet the regulatory landscape remains fragmented
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across jurisdictions, creating challenges for consistent, ethical, and
effective implementation.”® Existing regulatory frameworks vary widely
in their focus, comprehensiveness, and enforceability, leaving gaps in
oversight that could compromise the responsible use of Al in forensic
settings.”* This section provides a brief comparative analysis of key
regulatory frameworks in different jurisdictions and underscores the
urgent need for harmonized international standards.

7.1. Comparative analysis of regulatory frameworks

In the United States, Al regulation in forensic and healthcare contexts
largely falls under existing laws, such as the Health Insurance Portability
and Accountability Act (HIPAA) and the Federal Trade Commission
(FTC) Act.”® HIPAA provides guidance on data privacy and security but
does not specifically address AI’s unique challenges, such as algorithmic
transparency and bias. The FDA has begun to issue guidelines for
Al/ML-based medical devices, but these are limited to healthcare ap-
plications and do not comprehensively cover forensic uses.”® State-level
initiatives, like California’s AI accountability measures, highlight
growing awareness but also contribute to a patchwork regulatory
approach.

The European Union (EU) has been proactive in establishing
comprehensive regulations for AL. The EU’s General Data Protection
Regulation (GDPR) sets strict rules for data processing, consent, and
individual rights, which have implications for AI use in forensic con-
texts.”” Additionally, the proposed AI Act aims to establish a risk-based
framework for AI applications, including stringent requirements for
high-risk systems like those used in forensic mental health. While these
measures are robust, their implementation across member states can
result in inconsistencies.

China has introduced sector-specific guidelines, such as the Al Ethics
Governance Guidelines and regulations under its Cybersecurity Law.”®
These frameworks emphasize data security, algorithmic transparency,
and accountability. However, China’s regulatory focus is often criticized
for prioritizing state interests over individual rights, raising concerns
about privacy and ethical AI use in forensic applications. Countries like
Canada and Australia have also introduced frameworks for Al gover-
nance, such as Canada’s Directive on Automated Decision-Making and
Australia’s Al Ethics Framework.”® While these guidelines address
general principles like fairness, accountability, and transparency, they
often lack enforceable regulations specific to Al in forensic settings.

7.2. Challenges of fragmented regulations

The variability in regulatory frameworks across jurisdictions creates
several challenges. First, inconsistencies in data privacy standards,
algorithmic accountability, and ethical oversight make it difficult for
multinational Al developers to ensure compliance across markets. Sec-
ond, these differences can lead to unequal protections for individuals
undergoing forensic assessments, potentially exacerbating existing dis-
parities in justice systems. Finally, the lack of global standards compli-
cates efforts to validate and benchmark Al systems, hindering cross-
border collaboration and research.”®

7.3. The need for harmonized international standards

Given the global nature of Al development and its widespread ap-
plications, harmonized international standards are essential to address
the challenges posed by fragmented regulatory frameworks. Consistent
rules for data privacy and security are crucial to protect sensitive
forensic data, particularly in cases where individuals’ mental health
information is subject to scrutiny.® A unified approach to algorithmic
transparency is also needed to ensure Al-driven decisions in forensic
contexts are understandable and can be challenged when necessary.
Standards for bias mitigation should require rigorous detection and
correction protocols to promote fairness and equity, reducing the risk of
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exacerbating existing disparities in justice systems. Additionally, clear
guidelines for accountability and oversight are essential to define the
roles and responsibilities of developers, users, and regulators, ensuring
that all stakeholders uphold ethical practices. International standards
must also prioritize validation and benchmarking processes to establish
consistent criteria for evaluating the effectiveness and reliability of Al
systems in forensic settings. Efforts such as the OECD’s AlI Principles and
UNESCO’s Recommendation on the Ethics of AI provide valuable
foundations, but these initiatives must be expanded and tailored spe-
cifically to the complexities of forensic applications. By fostering
collaboration between governments, international organizations, Al
developers, and forensic professionals, it is possible to create actionable
and enforceable standards that support responsible Al use while safe-
guarding individual rights and public trust.®!

Overall, the lack of harmonized international standards for Al
regulation in forensic mental health poses significant ethical, legal, and
operational challenges. While existing frameworks in jurisdictions like
the EU, US, and China provide valuable starting points, their in-
consistencies highlight the need for a globally coordinated approach. By
establishing unified standards, stakeholders can ensure that Al systems
are used responsibly, equitably, and effectively in forensic settings,
safeguarding both individual rights and public trust.

8. Challenges, limitations, and ethical considerations

The application of artificial intelligence (AI) in forensic mental
health holds significant promise, but its real-world implementation
comes with a range of challenges, limitations, and ethical consider-
ations. While AI can enhance accuracy, efficiency, and objectivity, these
benefits are accompanied by practical difficulties, inherent pitfalls, and
complex ethical and legal concerns that need to be addressed for suc-
cessful adoption.®?

8.1. Practical challenges in real-world implementation

The integration of Al tools into forensic mental health settings faces
several practical barriers, starting with resistance from practitioners.
Many forensic evaluators are accustomed to traditional methods and
may lack familiarity with Al technologies. This resistance often stems
from concerns about the reliability of Al tools, their interpretability, and
the potential erosion of professional judgment.>® For example, practi-
tioners may question the validity of Al-driven risk assessments if the
underlying algorithms are not transparent or easily understood. To
overcome this challenge, training programs and workshops tailored to
forensic professionals can help bridge the knowledge gap, fostering trust
and confidence in Al tools.

Legal constraints also pose significant hurdles. In many jurisdictions,
the admissibility of Al-driven evidence in court remains ambiguous.
Questions about the reliability of AI outputs, the opacity of algorithms,
and the potential for bias can lead to reluctance among legal pro-
fessionals to rely on Al-generated insights. Clear legal frameworks that
define the admissibility criteria for Al-driven evaluations are necessary
to build trust in these tools and ensure their ethical application. More-
over, integrating Al tools into existing forensic workflows requires sig-
nificant infrastructural adjustments. Many organizations lack the
technological infrastructure or financial resources to adopt Al solutions.
Establishing partnerships with technology providers and securing
funding through government or private grants could alleviate this issue,
making Al adoption more feasible.

8.2. Limitations and pitfalls

Despite its potential, Al in forensic mental health is not without
limitations. One critical limitation is the issue of data quality. Al models
rely heavily on large datasets for training and validation, but forensic
mental health data is often scarce, fragmented, or biased. Inconsistent
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data collection practices, incomplete records, and demographic dispar-
ities can lead to models that perform poorly or reinforce existing bia-
ses.'®> Another significant limitation is the risk of over-reliance on Al
tools. While these tools can provide valuable insights, they are not
infallible and may produce false positives or negatives. For instance, an
Al system might incorrectly label an individual as high-risk due to errors
in the data or algorithmic misinterpretation. Such errors can have severe
consequences in forensic contexts, affecting legal outcomes and indi-
vidual rights.

Additionally, Al systems often lack contextual understanding. Unlike
human practitioners, AI cannot consider the nuanced, case-specific
factors that are critical in forensic evaluations. For example, an algo-
rithm might overlook cultural or environmental factors that influence
behavior, leading to incomplete or inaccurate assessments. Addressing
these limitations requires ongoing validation and refinement of Al
models, as well as their use as complementary tools rather than re-
placements for human judgment.®*

8.3. Ethical and legal challenges

The ethical challenges of using Al in forensic mental health are
multifaceted. One of the most pressing concerns is the potential for
algorithmic bias. If Al systems are trained on biased datasets, they can
perpetuate or even amplify existing disparities, particularly for
marginalized communities.'® For example, an Al model trained on his-
torical data from a justice system with systemic racial bias might pro-
duce risk assessments that disproportionately affect minority
populations. To mitigate this, developers must prioritize bias detection
and correction during the design and testing phases of Al systems.

Privacy is another significant ethical concern. Forensic mental health
evaluations often involve highly sensitive personal information, raising
questions about how data is collected, stored, and used. Ensuring
compliance with data protection regulations such as GDPR and HIPAA is
essential, but additional safeguards may be necessary to address the
unique sensitivities of forensic data. Transparency and accountability
are also critical. Many Al systems function as "black boxes," producing
outputs without clear explanations of how decisions were reached. This
lack of transparency can undermine trust in Al tools, particularly in legal
settings where decision-makers require clear justifications for their ac-
tions. Developing explainable AI systems that provide interpretable
outputs is essential to address this issue.®*

From a legal perspective, the question of liability is particularly
contentious. If an Al-driven evaluation produces an erroneous risk
assessment, it is unclear who should be held accountable—the devel-
oper, the user, or the organization deploying the tool. Establishing clear
legal guidelines for AI accountability is crucial to ensure fairness and
prevent misuse. Finally, the use of Al in forensic mental health raises
broader societal questions about the balance between public safety and
individual rights. While Al tools can improve public safety by identifying
high-risk individuals, they must not infringe on the rights of those un-
dergoing forensic evaluations. Ethical guidelines and legal frameworks
should ensure that AI applications prioritize human dignity and
fairness.”’

To navigate these challenges and limitations, several strategies can
be employed. First, fostering interdisciplinary collaboration among Al
developers, forensic professionals, ethicists, and legal experts can ensure
that AI tools are designed with a holistic understanding of forensic
contexts. Second, implementing robust regulatory frameworks that
address data quality, algorithmic fairness, and accountability is essential
for responsible AI use. Third, ongoing training and education for prac-
titioners can help reduce resistance and improve the integration of Al
into forensic workflows. Lastly, adopting a cautious and iterative
approach to AI implementation—starting with pilot programs and
rigorous validation studies—can help identify and address potential is-
sues before broader deployment.
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9. Conclusion

Al has emerged as a transformative tool in advancing forensic mental
health, providing enhanced accuracy, efficiency, and objectivity in as-
sessments that shape critical outcomes within the criminal justice sys-
tem. From predictive risk assessment and mental health diagnostics to
behavioral analysis and treatment recommendations, Al applications
have introduced data-driven precision into a field traditionally limited
by subjective interpretation and resource constraints. The potential
benefits of Al in improving early intervention, streamlining resource
allocation, and promoting fairer, more consistent evaluations under-
score its significant contribution to forensic mental health practices.

However, the integration of Al in forensic contexts must be
approached with a balanced perspective, recognizing both the techno-
logical possibilities and the ethical and legal responsibilities inherent in
its use. The high stakes associated with forensic mental health evalua-
tions amplify the need for Al models that are both reliable and equitable,
as decisions based on these models can significantly impact individuals’
lives and public safety. Ethical considerations, including data privacy,
algorithmic fairness, and transparency, are essential to prevent bias,
ensure individual rights, and uphold public trust in Al-driven evalua-
tions. Legal frameworks must also adapt to govern Al use responsibly,
establishing guidelines that protect against misuse and ensure
accountability within forensic practices.

A continued focus on interdisciplinary research, ethical oversight,
and cautious implementation is necessary to realize the full potential of
Al in forensic mental health. Collaboration among AI developers, mental
health professionals, ethicists, and legal experts will be key to devel-
oping tools that not only advance the field but also respect the rights of
individuals and communities. As Al technology progresses, so too must
our commitment to responsible use, ensuring that AI applications in
forensic mental health are guided by both innovation and integrity. This
careful balance will be essential to foster trust, improve justice out-
comes, and create an ethical framework that supports both technological
advancement and human dignity.
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