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Abstract: Aggression in psychiairic patienis presents a
significant challenge in mental healthcare, necessitating an
interdisciplinary  approach that integrates newroscience,
artificial  intelligence (Al), and ethical considerations.
Traditional management sirategies often rely on resivictive
interventions, raising ethical concerns reganding patient
autonomy and therapentic efficacy. Recent advancements in
neuroimaging and Al-driven behavioural analvtics offer the
potential to fransition from reactive to predictive  arnd
preventative approaches. However, while these innovations
hold promise for individualised interventions and real-time
risk assessment, thev also  introduce critical  ethical
concerns, including  algorithmic  bias, data  privacy,
mizelassification risks, and patient auwtonomy violations.
This  study  critically  evamines  the newrobiological
wnderpinnings of aggression, focusing on dvsfunctions in
the  prefromtal cortex, amygdala  hyperactivity,
neuratransmitter imbalances, and newroinflammation, while
evaluating  Al-based  predictive  models  in psyehiatvic
aggression management, Additionally, the ethical and legal
Sframeworks surrounding Al in psvchiatry are discussed,
with a _focus on bias-mitigation strategies, fransparency in
Al decizion-making, and informed consent challenges. The
study also explores praciical pathways for infegraiing Al
mto psvehiatric care workflows, outliming future divections
Sor clinical vesearch and policy development. By merging
newroscientific  insights, Al innovaiions, and  ethical
Srameworks, this studv advocates for a patient-centered,
technology-assisted aggression management approach that
balances predictive analviics with human oversight and
ethical accountability.
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1. Introduction

Aggression in psychiatric patients remains one of the most complex challenges in mental
healthcare, carrying profound ethical, neuroscientific, and societal implications. The intersection of
mental health disorders, cognitive dysfunction, and aggressive behaviour necessitates a
multidisciplinary approach that combines neuroscience, artificial intelligence (AI), and ethical
considerations to improve patient care while ensuring public safety. While aggression in psychiatric
populations is often associated with disorders such as schizophrenia, bipolar disorder, and
personality disorders, emerging research suggests that cognitive impairments, neurobiological
dysfunctions, and environmental stressors play significant roles in triggering aggressive behaviours
(Coccaro et al., 2011).

Psychiatric hospitals report alarmingly high rates of aggression, with studies indicating that
up to 75% of healthcare professionals in psychiatric units experience violence at some point in their
careers (Edward et al., 2014). This aggression may manifest as verbal threats, physical violence,
self-harm, or destruction of property, endangering patients, staff, and caregivers alike. Despite
extensive research on psychiatric aggression, contemporary management strategies still rely heavily
on restrictive measures such as physical restraint, seclusion, and forced medication, raising serious
ethical concerns about patient autonomy, human rights, and therapeutic effectiveness (Weltens et al.,
2021). While these interventions are often implemented with the intent of ensuring safety, they may
also contribute to patient distress, exacerbate symptoms, and undermine trust in psychiatric care.
The current model of aggression management, which prioritises containment over proactive
intervention, necessitates a paradigm shift informed by the latest advancements in neuroscience and
artificial intelligence.

Educating future clinicians, psychologists, and mental health professionals on Al-enhanced
diagnostic tools and predictive analytics can improve decision-making, minimise bias, and promote
patient-centered care (Alowais et al., 2023). Additionally, incorporating neuroeducational
approaches into psychiatric curricula can enhance understanding of the biological and cognitive
mechanisms underlying aggression, equipping professionals with evidence-based de-escalation
techniques (Jolles & Jolles, 2021). Beyond clinical training, public education on psychiatric
aggression is essential for addressing stigma and misconceptions surrounding mental illness (Ahad,
Sanchez-Gonzalez & Junquera, 2023). Al-powered educational platforms, virtual simulations, and
interactive learning modules can provide accessible, research-driven knowledge that fosters a more
informed society (Elendu et al.,, 2024). By leveraging advancements in neuroscience and Al,
educational innovations can bridge the gap between research and practice, shaping a new generation
of mental health professionals who are equipped to implement compassionate, technology-driven
approaches to aggression management.

With the development of neuroimaging techniques and Al-driven behavioural analytics,
there is now an opportunity to transition from reactive interventions to predictive and preventative
approaches. Functional neuroimaging studies and machine learning algorithms are increasingly
capable of identifying neural markers associated with violent behaviour, allowing for real-time risk
assessment and early intervention (Parmigiani et al., 2022). These tools enable clinicians to
anticipate aggressive episodes before they occur, providing targeted, individualised interventions.
However, the ethical implications of predictive Al models in psychiatric care must be carefully
examined, as reliance on algorithmic assessments introduces risks related to bias, misdiagnosis, and
patient privacy (Ueda et al., 2023). Ensuring that these technologies align with human rights
principles while maintaining clinical efficacy is a fundamental challenge in the integration of Al
into psychiatric practice.

Beyond the clinical setting, aggression in psychiatric patients is widely misunderstood by
the general public, often reinforcing stigma, fear, and misconceptions about mental illness. Media
portrayals tend to exaggerate the link between psychiatric disorders and violence, creating an
environment in which individuals with mental illness are perceived as inherently dangerous. In
reality, research indicates that people with psychiatric disorders are more likely to be victims of
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violence rather than perpetrators (Fazel et al., 2017). Increasing public awareness of the
neurobiological and ethical dimensions of psychiatric aggression is essential for reducing stigma,
fostering community support, and encouraging early intervention. A well-informed society can
contribute to the development of more compassionate policies, facilitate the reintegration of patients
into social environments, and support ethical psychiatric care practices.

This paper explores the neurobiological mechanisms underlying aggression, evaluates
Al-driven risk assessment tools, and addresses ethical dilemmas in predictive psychiatric care. By
integrating neuroscience and Al with patient-centered principles, it advocates for ethical,
non-restrictive strategies in aggression management.

2. Methodology

To ensure a comprehensive and rigorous review of the literature on psychiatric aggression,
neurobiological mechanisms, Al-driven predictive analytics, and ethical considerations, we
conducted a systematic literature search across four major academic databases: PubMed, Scopus,
Web of Science, and Google Scholar. Given the rapid advancements in both Al and neuroscience,
we focused on studies published within the last 15 years (2009-2024) to ensure the inclusion of the
most recent and relevant research.

The search strategy employed a combination of carefully selected keywords and Boolean
operators to capture relevant studies. Specifically, we used terms related to psychiatric aggression
(e.g., “psychiatric aggression”, “violent behaviour in mental illness”), neurobiological mechanisms
(“neural mechanisms of violence”, “neurobiology of aggression”), Al-based risk prediction
(“artificial intelligence in psychiatry”, “machine learning aggression prediction”), and ethical
considerations (“algorithmic bias in mental health”, “informed consent in Al healthcare”). These
terms were adapted as needed to match the indexing systems of each database.

To refine the selection process, we applied a set of inclusion criteria to ensure that only the
most relevant and methodologically sound studies were considered. We prioritised empirical
studies, such as clinical trials, meta-analyses, systematic reviews, and observational studies that
specifically examined aggression within psychiatric populations. Studies that explored
neuroimaging findings using functional MRI (fMRI), diffusion tensor imaging (DTI),
electroencephalography (EEG), or neurotransmitter analyses were included, as these approaches
provide crucial insights into the neural underpinnings of aggression. Given the paper’s focus on
Al-driven psychiatric care, we also sought out research that investigated machine learning, deep
learning, or natural language processing (NLP) models designed for aggression prediction and
management. Additionally, articles that discussed the ethical, legal, and policy dimensions of Al in
psychiatric settings were deemed relevant.

While compiling the literature, we were mindful of the exclusion criteria to maintain the
specificity and applicability of our findings. Studies focusing on general aggression outside of
psychiatric contexts, such as aggression in criminal behaviour or sports, were excluded unless they
provided clear translational insights relevant to psychiatric populations. Animal model studies were
also excluded unless they had direct clinical implications. Furthermore, theoretical papers lacking
empirical data, articles solely discussing pharmacological interventions without addressing
neuroscience or Al, and non-peer-reviewed sources such as conference abstracts or opinion pieces
were omitted to ensure scientific integrity.

Once the initial selection was completed, each study was critically assessed based on its
methodological rigor, sample size, and relevance to clinical practice. Neurobiological studies were
evaluated for the validity of their imaging techniques and psychiatric classification criteria, while
Al-related studies were examined for model accuracy, dataset reliability, and real-world
applicability. Ethical discussions were analysed within established bioethical frameworks, including
the principles of autonomy, beneficence, non-maleficence, and justice.
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3. Results

3.1. Neural Correlates of Aggression in Psychiatric Patients

Aggression in psychiatric patients is increasingly understood as a complex interplay of
neurobiological dysfunctions, particularly within the prefrontal cortex (PFC), amygdala, and
striatum (see Figure 1) (Yang & Raine, 2009). These regions form part of the brain's emotion
regulation and impulse control circuits, and abnormalities in their structure and function have been
consistently linked to increased aggression and violent behaviour across various psychiatric
conditions (Siep et al., 2019). Neuroimaging studies have provided compelling evidence that
aggression is not merely a behavioural issue but is deeply rooted in biological alterations that affect
cognition, emotional processing, and executive functioning (Yang & Raine, 2009).

Neurotransmitter dysregulation in psyehiatric aggression
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Figure 1. Low serotonin levels in the prefrontal cortex and amygdala correlate with poor impulse control,
while elevated dopamine and glutamate activity in the striatum and hypothalamus are associated with
heightened impulsivity and reactivity.

Structural imaging studies have demonstrated reductions in prefrontal gray matter and
posterior hippocampal volume, along with an increase in callosal white matter, in individuals with
antisocial personality disorder (APD) or psychopathic traits (Manchia et al., 2019). Pardini et al.
(2014) discovered that adult men with reduced amygdala volume were more likely to exhibit future
aggression, violence, and psychopathic traits, even when accounting for prior levels of these
behaviours and various potential confounding factors.

Functional imaging studies on proactive aggression indicate reduced perfusion and
metabolism in the frontal and temporal lobes, with functional abnormalities particularly affecting
the processing of emotional words and images (Manchia et al., 2019). In contrast, reactive
aggression is associated with heightened amygdala responsiveness. Notably, unmedicated
individuals with intermittent explosive disorder (IED) exhibit a greater amygdala response to angry
facial expressions compared to neutral ones, with this heightened activity correlating with the
number of prior aggressive acts. Additionally, in individuals with IED, alongside amygdala
hyper-responsivity, there is an absence of amygdala-orbitofrontal cortex (OFC) connectivity when
processing angry faces (Manchia et al., 2019).

The prefrontal cortex plays a critical role in regulating aggressive impulses, modulating
emotional responses, and facilitating rational decision-making (Siep et al., 2019). Patients with
schizophrenia, bipolar disorder, and antisocial personality disorder frequently exhibit structural and
functional impairments in the PFC, leading to diminished control over aggressive urges (Soyka,
2011). A meta-analysis of 43 neuroimaging studies by Yang and Raine found that psychiatric
patients with histories of violent behaviour had up to 30% reduced gray matter volume in the
ventromedial and orbitofrontal regions of the PFC compared to non-violent individuals (Yang &
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Raine, 2009). This reduction is significant, as these areas are known to inhibit impulsive responses
and regulate emotional reactions.

Further evidence supporting prefrontal dysfunction in aggression comes from functional
MRI (fMRI) studies, which have demonstrated abnormal activation patterns in the PFC during
emotional processing tasks (Fanning et al., 2017). For example, a study conducted by Dolan and
Fullam observed that psychiatric patients with aggressive tendencies displayed markedly lower
activation in the dorsolateral PFC (DLPFC) when attempting to suppress aggressive impulses
(Fullam & Dolam, 2008). This hypoactivity was correlated with higher self-reported impulsivity
and an increased likelihood of reactive aggression (Fullam & Dolam, 2008). Such findings
underscore the role of the PFC in cognitive control and self-regulation, where deficits contribute to
an inability to assess consequences before acting aggressively.

While the prefrontal cortex is responsible for inhibitory control, the amygdala plays a central
role in emotional processing and threat detection (Kredlow et al., 2022). Hyperactivity in this region
has been strongly associated with heightened aggression, particularly in patients with intermittent
explosive disorder (IED), borderline personality disorder (BPD), and schizophrenia (Soyka, 2011).
A 2021 study by Coccaro et al. utilised high-resolution fMRI scanning to compare amygdala
activation in aggressive psychiatric patients versus non-aggressive controls (Coccaro et al., 2021).
The findings revealed that patients with a history of violent outbursts exhibited a 22% increase in
amygdala activation when exposed to angry or fearful facial expressions, suggesting an exaggerated
threat perception and an impaired ability to regulate emotional responses (Coccaro et al., 2021).

Moreover, connectivity deficits between the amygdala and PFC further exacerbate
aggressive tendencies. In healthy individuals, the prefrontal cortex exerts top-down control over the
amygdala, allowing for the modulation of emotional responses (Kredlow et al., 2022). However, in
psychiatric populations, this regulatory connection is often weakened, leading to unchecked
amygdala hyperactivity. A study by Blair et al. (2025) examined white matter integrity in aggressive
psychiatric patients and found a 28% reduction in the structural connectivity between the amygdala
and the orbitofrontal cortex, impairing emotional regulation and increasing reactive aggression (see
Figure 2). These findings suggest that aggression in psychiatric patients may not be a conscious
choice but rather a neurobiologically driven response to perceived threats.

Prefrontal Cortex

-------- Disrupted connectivity

$¢Thalamus

8 =% Striatum

Hippocampus

&Amygdala

Figure 2. DTI connectivity diagram (Blair et al., 2025).
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Beyond structural abnormalities, neurochemical imbalances play a significant role in
aggression, particularly serotonin (5-HT) dysfunction (da Cunha-Bang & Knudsen, 2021). The
serotonin system is heavily involved in impulse control, and low levels of serotonin have been
repeatedly linked to increased aggression, irritability, and impulsivity (da Cunha-Bang & Knudsen,
2021). A double-blind clinical trial examined the effects of fluoxetine (a selective serotonin
reuptake inhibitor, SSRI) on aggression in psychiatric patients and found that those receiving
fluoxetine exhibited a 40% reduction in aggressive incidents over a 12-week period (Coccaro, Lee,
& Kavoussi, 2009). These results suggest that serotonin-enhancing medications may play a vital
role in aggression management in psychiatric settings.

Serotonin's role in aggression has also been explored through tryptophan depletion studies,
which temporarily lower serotonin levels to observe behavioural effects (Duke et al., 2013). In a
study by Passamonti et al. (2012), psychiatric patients subjected to acute tryptophan depletion
exhibited a significant increase in aggressive responses during laboratory-based social interaction
tasks. Neuroimaging data from the study showed that serotonin depletion led to hyperactivation of
the amygdala and reduced prefrontal cortical regulation, mimicking the neural patterns observed in
naturally aggressive psychiatric patients.

Preclinical and clinical studies indicate that dopamine activation (DA) through substance
use is associated with increased aggression, while DA antagonists, such as antipsychotics, are
effective in managing aggression (Einberger et al., 2020). Additionally, elevated DA levels have
been observed before, during, and after aggressive encounters (Manchia et al., 2019). Despite
substantial evidence linking DA to aggression, further studies are required to determine whether
homovanillic acid, the primary DA metabolite ,or other DA-related measures can serve as reliable
biomarkers of aggressive behaviour.

One of the most extensively studied genetic factors linked to aggression is the monoamine
oxidase A (MAO-A) gene, which has been explored as a potential genetic biomarker for aggression
risk (Wagels et al., 2022). Research indicates that different MAO-A variants are associated with
distinct structural and functional brain differences, particularly in regions implicated in impulse
control and aggression regulation, such as the prefrontal cortex (PFC) and amygdala. Variants in the
promoter region of the MAO-A gene have been shown to influence aggressive tendencies across the
lifespan, affecting both clinical populations (including schizophrenia patients) and healthy
individuals (Wagels et al., 2022). Moreover, a well-documented gene-environment (G x E)
interaction has been observed, wherein individuals with low-expression MAO-A polymorphisms
who experience early-life adversity exhibit higher aggression levels and an increased likelihood of
violent behaviour (Wagels et al., 2022). This interaction suggests that genetic predisposition,
combined with environmental stressors, contributes to the neurobiological basis of aggression in
psychiatric disorders, making MAO-A a potential target for neuroimaging studies examining
aggression risk in schizophrenia.

Recent research has also implicated neuroinflammation in psychiatric aggression, suggesting
that elevated levels of pro-inflammatory cytokines may contribute to violent behaviour (Takahashi,
2024). A longitudinal study conducted by Singh, Borgohain and Singh (2023) measured C-reactive
protein (CRP) levels in violent versus non-violent schizophrenia patients and found that CRP levels
were 35% higher in those with aggressive behaviour. This inflammatory response was associated
with higher amygdala activity and lower prefrontal cortical function, reinforcing the role of immune
system dysregulation in aggression. The growing evidence linking neuroinflammation to aggression
suggests that anti-inflammatory treatments- such as minocycline or omega-3 fatty acids- could be
explored as potential therapeutic interventions for reducing aggression in psychiatric populations
(Kolliker-Frers et al., 2021).
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3.2. Predictive Value of Neuroimaging in Aggression Management

Advancements in neuroimaging techniques have provided valuable insights into the
biological mechanisms underlying aggression and have paved the way for predictive models that
can anticipate violent behaviour in psychiatric patients (Blair et al., 2025; Fanning et al., 2017). By
identifying specific neural biomarkers, researchers are now able to detect early warning signs of
aggression, enabling timely interventions that minimise harm to both patients and healthcare
providers. Functional magnetic resonance imaging (fMRI), diffusion tensor imaging (DTI), and
electroencephalography (EEG) have emerged as promising tools in aggression risk assessment,
offering objective, neurobiological markers that surpass traditional behavioural evaluations in both
accuracy and reliability (Kirino et al., 2019).

A recent study by Ji et al. (2025) investigated the role of resting-state voxel-wise dynamic
effective connectivity in predicting risky decision-making in individuals with bipolar disorder, a
condition often associated with heightened aggression. Using a connectome-based predictive
modeling approach, the study demonstrated significant connectivity alterations in the prefrontal and
limbic regions, suggesting that these patterns could serve as biomarkers for aggressive tendencies in
clinical populations.

A study by Kirino et al. used simultaneous fMRI-EEG recording to examine neural activity
during provocation tasks in schizophrenia patients (Kirino et al., 2019). The results indicated that
patients who later exhibited violent outbursts had heightened amygdala reactivity and weakened
medial prefrontal activity, suggesting that these neural markers could be used for early aggression
risk assessment (Kirino et al., 2019).

Similarly, research by Elnakib et al. (2024) explored the use of artificial intelligence-driven
fMRI analyses to predict parent-child dysfunctional interactions, a scenario often linked to
aggressive behaviours in children. Their model, which incorporated functional MRI data and
generative adversarial networks (GANSs), achieved a high predictive accuracy (AUC = 0.81),
underscoring the potential of Al-enhanced neuroimaging for aggression assessment (Elnakib et al.,
2024).

A related study by Nikolic et al. (2022) provided further evidence supporting this hypothesis
by conducting a systematic review of fMRI studies on aggression. Their meta-analysis included 20
neuroimaging studies on aggression across psychiatric disorders and concluded that aberrant
functional connectivity between the DLPFC and limbic structures (including the amygdala and
striatum) was a key predictor of aggression (Nikolic et al., 2022). Notably, these neural patterns
were more pronounced in individuals with borderline personality disorder and intermittent
explosive disorder, which are characterised by heightened emotional reactivity and impulsive
aggression (Nikolic et al., 2022).

Structural MRI studies analysed by Hoptman et al. (2015) show gray matter reductions in
the orbitofrontal cortex and anterior cingulate cortex (ACC). These structural deficits may act as
predictive biomarkers for assessing aggression risk in schizophrenia, particularly in patients with a
history of violent behaviour. From a clinical perspective, these findings highlight the potential of
neuroimaging biomarkers in developing Al-powered aggression prediction models. Machine
learning algorithms trained on fMRI connectivity data could help stratify patients based on their
aggression risk, therefore enabling improved psychiatric care protocols.

Furthermore, Wang et al. (2024) examined reactive aggression in adolescents and found that
heightened amygdala reactivity and diminished engagement of the medial prefrontal cortex were
linked to increased aggressive responses. Their findings underscore the role of diminished top-down
regulatory control over emotional responses in aggression, particularly in younger populations.

A study by Kolla, Tully, & Bertsch (2023) reviewed Diffusion Tensor Imaging (DTI)
findings in individuals with impulsive and reactive aggression and found that reduced fractional
anisotropy (FA) in the uncinate fasciculus, a white matter tract connecting the amygdala and
prefrontal cortex, was a significant predictor of aggressive outbursts. This supports the hypothesis
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that impaired connectivity between emotion-regulating and executive-functioning brain regions
contributes to aggression.

White matter disruptions in key neural circuits involved in aggression have been
consistently observed in individuals with conduct disorder (CD), intermittent explosive disorder
(IED), and antisocial personality disorder (ASPD). Research has shown that reduced FA in the
corpus callosum, particularly in the anterior and midbody regions, is associated with higher levels
of impulsive aggression. The corpus callosum plays a vital role in inter-hemispheric
communication, and deficits in this structure may impair emotional regulation, contributing to
uncontrolled aggressive behaviours (Lee et al. 2016).

Additionally, abnormalities in the cingulum bundle, which connects the prefrontal cortex
with the limbic system, have been implicated in aggression (Bubb, Metzler-Baddeley & Aggleton,
2018). Lower FA values in this region correlate with higher aggression scores and reduced
cognitive control over emotional impulses (Waller et al., 2017). These findings align with broader
research suggesting that aggression is not merely a function of increased emotional reactivity
(amygdala hyperactivity) but also of diminished top-down inhibitory control exerted by the
prefrontal cortex (Waller et al., 2017; Bubb, Metzler-Baddeley & Aggleton, 2018).

Abnormalities in frontal and temporal EEG activity have been linked to heightened
aggression, particularly in individuals with traumatic brain injury (TBI), schizophrenia, and mood
disorders (Murphy et al., 2024). These irregularities suggest disruptions in the neural circuits
responsible for impulse control and emotional regulation, which may contribute to an increased risk
of violent behaviour.

Research has demonstrated that increased beta wave activity in the orbitofrontal cortex is
associated with a higher likelihood of aggression. Beta waves are typically involved in cognitive
control and decision-making, but excessive activity in aggressive individuals may indicate an
overactive but inefficient inhibitory system, leading to failed impulse regulation. Additionally,
studies have shown that individuals who later engage in violent behaviour often exhibit reduced
theta power in the anterior cingulate cortex (ACC), a region crucial for conflict monitoring and
emotional self-regulation (Reyes & Amador, 2009).

In addition to static EEG biomarkers, recent advancements have integrated machine learning
algorithms with EEG data to develop real-time aggression prediction models. These models analyse
shifts in brainwave activity, detecting increases in high-frequency oscillations (beta and gamma
waves) alongside reductions in low-frequency oscillations (theta and delta waves), which often
signal impending aggression (Parsaei et al., 2024). With high predictive accuracy, these systems
offer the potential for early intervention strategies, allowing clinicians to identify and address
aggression risk before escalation.

3.3. AI Use in Aggression Prediction and Management

A key application of Al in aggression management is the real-time assessment of violence
risk in psychiatric inpatients (Tay, Li & Sim, 2022). Al-driven models, such as machine
learning-based risk prediction algorithms, have been implemented in psychiatric hospitals to flag
patients with an increased likelihood of violent behaviour based on historical data, behavioural
cues, and neuroimaging patterns. For instance, a study conducted by Parmigiani et al. (2022)
demonstrated that deep learning models trained on functional MRI (fMRI) and speech patterns were
able to predict aggressive incidents in psychiatric patients with 87% accuracy. These models were
subsequently integrated into hospital EHRs, where alerts were generated for clinicians, allowing for
early intervention and de-escalation strategies.

In clinical settings, speech and movement analysis using Al has proven effective for early
aggression detection. For instance, a study by Badawi et al. (2024) introduced a multimodal system
integrating wearable sensors and video analysis to predict agitation in patients with dementia. The
system detected pre-agitation patterns at least six minutes before an aggressive event, allowing
healthcare professionals to intervene promptly.
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A systematic review by Tay, Li, & Sim (2022) evaluated the effectiveness of Al methods in
predicting aggression risk among psychiatric inpatients. The review analysed eight studies that
employed machine learning algorithms to assess factors associated with aggression. The findings
indicated that these Al models achieved acceptable to excellent predictive accuracy, with area under
the curve (AUC) values ranging from 0.75 to 0.87. Notably, no single machine learning algorithm
consistently outperformed others across the studies. The review also identified relevant factors
associated with aggression, including demographic and social profiles, past aggression, forensic
history, psychiatric history, psychopathology, challenging behaviours, and management domains
(Tay, Li, & Sim, 2022).

The study conducted by Lamsma et al. (2022) assessed the predictive validity and
calibration of the Oxford Mental Illness and Violence (OxMIV) tool for identifying the risk of
interpersonal violence in patients with schizophrenia spectrum disorders. Conducted in a Dutch
psychiatric cohort of 637 individuals, the study sought to externally validate and recalibrate OxMIV
for a three-year violence prediction window. Initial analysis demonstrated moderate discrimination,
with an area under the receiver operating characteristic curve (AUC) of 0.67 (95% CI: 0.61-0.73).
However, the original model systematically underestimated individual risk probabilities,
necessitating recalibration. Adjusting the intercept and slope significantly improved the model’s
calibration while maintaining an optimal balance between sensitivity (47%) and specificity (73%) at
a 10% probability threshold (Lamsma et al., 2022). These findings suggest that a recalibrated
OxMIV model enhances predictive accuracy and can serve as a valuable adjunct in clinical risk
stratification for psychiatric patients. The results support the implementation of Al-driven risk
stratification tools in psychiatric hospitals to enhance aggression prediction and facilitate early
intervention strategies. Unlike conventional structured risk assessment tools, which are
resource-intensive and require specialised training, OxMIV is a scalable, clinically accessible tool
relying on routinely collected patient data.

One study by Botelle et al. (2022) investigated the application of transformer-based natural
language processing (NLP) models for the extraction and classification of interpersonal
violence-related information from electronic health records (EHRs) in a psychiatric healthcare
setting. Using de-identified EHRs from the South London and Maudsley NHS Foundation Trust, the
researchers developed an annotated dataset to categorise textual references to violence based on
patient status (perpetrator, victim, or witness) and type of violence (domestic, physical, or sexual).
The study employed the BioBERT model, fine-tuned on these annotated datasets, and evaluated its
predictive performance using a 10-fold cross-validation approach. The model demonstrated high
classification accuracy, with precision scores ranging from 89% (perpetrator classification) to 98%
(sexual violence identification), and recall rates between 89% and 97% (Botelle et al. 2022). These
findings confirm that state-of-the-art NLP methodologies can efficiently process large volumes of
unstructured clinical text with high reliability, facilitating the automatic extraction of critical data on
violence exposure in psychiatric populations. By automating the detection of violence-related
information from clinical notes, these NLP approaches reduce the workload on healthcare
professionals while improving the precision and efficiency of risk assessments. Integrating such
Al-based methodologies into routine psychiatric care can support proactive intervention strategies,
inform clinical decision-making, and improve patient safety.

A recent study by Cheng et al. (2023) explored the efficacy of multiple machine learning
algorithms in predicting aggressive behaviours among hospitalised patients diagnosed with
schizophrenia. Utilising data from 2,037 patients, the researchers compared four different
algorithms: Multi-layer Perceptron, Lasso regression, Support Vector Machine, and Random Forest.
The Random Forest algorithm notably demonstrated superior predictive performance, achieving an
impressive area under the receiver operating characteristic curve (AUC) of 0.955 (95% CI:
0.935-0.970), significantly outperforming the other algorithms (p < 0.0001). The analysis identified
several critical predictors associated with aggressive incidents, including reduced family support,
diminished patient insight into their illness and treatment, longer duration of illness, previous
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history of aggressive behaviour, lower social support, poor medication adherence, younger patient
age, and higher perceived family burden (Cheng et al. 2023). The findings underscore the clinical
utility of machine learning, particularly Random Forest algorithms, as powerful tools in enhancing
risk assessment accuracy.

A recent study by Watts et al. (2023) employed multiple machine learning algorithms to
longitudinally predict incidents of physical aggression among forensic psychiatric patients
diagnosed with schizophrenia. Using evidence-based risk factors, protective variables, and clinical
treatment indicators collected at baseline, the researchers developed predictive models evaluated at
4-, 12-, and 18-month follow-ups. Among several machine learning methods tested—including
Logistic Regression, Elastic Net, Extreme Gradient Boosting (XGBoost), and Random Forest—the
Random Forest algorithm consistently showed the highest predictive accuracy, achieving a balanced
accuracy of 86.60% and an area under the receiver operating characteristic curve (AUC) of 0.914 at
the 4-month follow-up schizophrenia. Key predictors identified were impulse control, treatment
adherence, worsening psychotic and mood symptoms, substance abuse, poor family and social
support, negative peer influence, and stress management issues. The models demonstrated
significant improvement over existing traditional risk assessment tools (e.g., VRAG and HCR-20)
and exhibited strong negative predictive values, effectively identifying patients unlikely to exhibit
future aggression schizophrenia (Watts et al, 2023).

The advancement of bioinformatics and machine learning (ML) techniques has enabled the
processing of large datasets from genetic and omics analyses, facilitating the identification of
complex patterns with clinical relevance. Recent studies have demonstrated the utility of ML in
psychiatry, such as Cao et al. (2020) who used ML with fMRI data to distinguish first-episode
drug-naive schizophrenia patients and predict their response to risperidone. Similarly, other ML
models integrating imaging and clinical data have been able to predict social and functional
impairments in individuals at high risk for psychosis or with recent-onset depression. Additionally,
deep learning techniques incorporating genetic and clinical variables have been used to predict
antidepressant treatment response in major depressive disorder. A recent study by Suchting et al.
(2018) used ML models incorporating demographic, psychometric, and genetic data, including
polymorphisms in the FKBPS5 gene, to identify predictors of aggression. Their findings suggest that
combining clinical and biological markers can effectively distinguish aggressive individuals and
assess their likelihood of developing aggressive behaviour. These innovations in ML not only hold
promise for enhancing clinical practices but also extend to other sectors, including public health
education, where similar approaches are being leveraged to address mental health challenges.

Al-powered educational platforms have emerged as innovative tools to increase public
awareness and effectively address stigma surrounding psychiatric disorders (Thakkar, Gupta, & De
Sousa, 2024). Historically, educational campaigns on psychiatric conditions have employed mass
media, informational pamphlets, and public seminars with varying success. Campaigns combining
factual education with personal narratives or lived-experience stories have proven particularly
effective in reducing stigma by fostering empathy, improving mental health literacy, and increasing
willingness to seek help (Semrau et al., 2023). Nonetheless, traditional methods have limitations,
such as limited personalisation, scalability, and difficulties measuring long-term effectiveness.

Integrating Al-driven storytelling into educational platforms can significantly enhance
effectiveness by providing personalised content tailored to diverse audiences, thus increasing
relatability and engagement. By leveraging Al to create immersive, interactive experiences—such
as virtual reality simulations or personalised narrative journeys—users can gain deeper emotional
insights into the lived experiences of individuals with psychiatric disorders, thereby reducing
misconceptions and stigma. Additionally, Al-powered media representation correction systems can
analyse portrayals of psychiatric disorders across media channels, identify inaccuracies or harmful
stereotypes, and generate immediate evidence-based corrections (Thakkar, Gupta & De Sousa,
2024). Similarly, social media monitoring powered by Al can proactively detect and respond to
misinformation or stigmatising content, enabling targeted educational interventions in real-time.
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Adopting a proactive stance in combating stigma involves not only correcting
misconceptions but actively reshaping public perception through continuous, adaptive education
and community engagement. Al platforms can dynamically adapt educational materials based on
user feedback, ensuring sustained effectiveness. Moreover, by utilising Al-driven analytics to
identify regions or communities most affected by stigma, targeted interventions can be deployed,
maximising resources and impact. These comprehensive approaches, leveraging Al's capabilities,
can contribute substantially to creating a more informed, empathetic, and stigma-free society.

3.4. Ethical Considerations in Psychiatric Aggression Management

The management of aggression in psychiatric settings presents a unique ethical dilemma,
particularly with the increasing integration of artificial intelligence (Al) and predictive analytics in
clinical decision-making (see Figure 3). While Al-driven models offer improved accuracy in
predicting violent behaviour, their use raises significant concerns regarding autonomy, bias,
consent, and the potential for unjustified restrictions on patient rights (Parmigiani et al., 2022).

Figure 3. Flowchart illustrating the Al-driven aggression prediction process.

Patient data is collected from neuroimaging (fMRI, DTI), EEG & speech analysis, and
behavioural monitoring. The Al model processes these inputs to generate predictive risk outputs,
which are reviewed by clinicians. Based on Al-assisted risk assessment, patients are classified as
high-risk or low-risk. High-risk patients undergo tailored risk reduction strategies, while low-risk
patients receive standard psychiatric care, ensuring a balanced, Al-supported clinical
decision-making framework.

3.4.1. The Ethical Dilemma of Predictive Al in Psychiatry

The ability of Al-driven models to predict aggression before it occurs represents both an
opportunity and an ethical challenge. In forensic psychiatry, risk assessment tools have traditionally
relied on clinical judgement, structured assessment scales, and patient history. The introduction of
machine learning algorithms trained on fMRI, speech patterns, and behavioural markers has
significantly improved predictive accuracy, with some models achieving up to 87% accuracy in
identifying aggression risk (Parsaei et al., 2024; Yousefi et al., 2024). However, preemptive
interventions based on Al-driven forecasts raise critical ethical concerns, including the potential for
false positives, unnecessary interventions, and violations of patient rights.

Recent efforts to regulate Al in psychiatric settings have resulted in the development of legal
frameworks aimed at ensuring that Al-driven psychiatric assessments remain ethical and compliant
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with human rights laws (Tavory, 2024). The European Union Al Act from 2024 has categorised Al
applications in healthcare as "high-risk," requiring full transparency in decision-making, mandatory
bias audits before deployment, and human oversight in clinical decisions (Goktas, & Grzybowski,
2025). Similarly, the World Health Organisation's Al Ethics Guidelines for Mental Health
emphasise that Al systems should enhance rather than replace human clinical judgement, and that
risk assessment models must prioritise patient rights over predictive accuracy (Mennella et al.,
2024). The United States has also introduced regulatory measures, recommending that psychiatric
hospitals using Al-based aggression prediction implement explainable Al models to improve
clinician trust and interpretability, while requiring explicit patient-informed consent before
integrating real-time biometric monitoring (Abgrall et al., 2024).

One of the most pressing concerns is the risk of misclassification. Al models, despite their
statistical power, are not infallible; errors in classification could result in patients being unjustly
labelled as violent based on predictive probabilities rather than actual behaviour (Cheng et al., 2023;
Yousefi et al., 2024). A false positive could lead to unwarranted coercive measures, such as forced
medication, isolation, or even involuntary hospitalisation, violating the principle of non-maleficence
(do no harm). On the other hand, false negatives- where an Al model fails to detect an imminent act
of aggression- could expose clinicians, caregivers, and other patients to harm, raising issues related
to beneficence (the duty to prevent harm).

In forensic psychiatry, Al-based risk prediction tools have been shown to overestimate
aggression risk in patients from lower socioeconomic backgrounds, suggesting that environmental
stressors were misclassified as intrinsic aggression risk factors (Ogonah et al., 2023).

Ethicists argue that risk prediction should not replace human judgement but rather serve as
an augmentation tool for clinicians (Maleki Varnosfaderani & Forouzanfar, 2024). Al should act as
an assistive rather than authoritative system, ensuring that predictions are used within the context of
multidisciplinary decision-making rather than as sole determinants of patient management
strategies.

3.4.2. Patient Autonomy vs. Public Safety

A fundamental ethical challenge in psychiatric aggression management is balancing patient
autonomy with the need for public and institutional safety. Patients experiencing acute psychosis,
mania, or severe personality disorders may exhibit impaired judgement and decision-making
capacity, raising ethical dilemmas regarding involuntary treatment (Chen et al., 2023). Al-driven
models exacerbate this issue by introducing risk-based restrictions that may limit patient autonomy
before aggression even manifests.

The principle of autonomy dictates that psychiatric patients should have the right to make
decisions about their own treatment, including refusing medication or hospitalisation (Neilson &
Chaimowitz, 2015). However, when a patient is classified as high-risk for aggression, clinicians
may feel compelled to intervene preventively, potentially overriding patient autonomy. The ethical
justification for such interventions typically rests on the principle of proportionality, which holds
that any limitation of autonomy should be the least restrictive necessary to ensure safety (Byskov,
2019).

A review of psychiatric aggression policies in the EU and the US found that preemptive
psychiatric interventions based on Al risk assessments increased the use of coercive measures by
14% in hospitals that implemented algorithmic decision-support systems (Chieze et al., 2021). This
raises concerns that predictive Al may lead to an over-reliance on restrictive measures, reinforcing
rather than mitigating coercive psychiatric practices.

To address this ethical challenge, some institutions advocate for shared decision-making
models, in which patients are informed about Al-based risk predictions and included in discussions
about their treatment (Mennella et al., 2024). This participatory approach respects patient autonomy
while ensuring that psychiatric interventions remain ethical and proportionate.
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3.4.3. The Ethical Risks of Algorithmic Bias in Psychiatric Aggression Prediction

Al systems are only as unbiased as the datasets on which they are trained. Numerous studies
have highlighted racial, socioeconomic, and gender biases in psychiatric risk assessments, which
are exacerbated when Al models inherit these biases from training data (Cross, Choma & Onofrey,
2024). For example, an analysis of machine learning-based psychiatric aggression prediction
models found that Black and Hispanic patients were disproportionately flagged as “high-risk” for
aggression, despite no significant differences in actual violent incidents (Kuzmanov, 2024;
Barak-Corren et al, 2016).

This raises serious ethical concerns regarding fairness and justice, as biased Al models may
lead to unwarranted restrictive interventions for marginalised populations (Cross, Choma &
Onofrey, 2024; Kuzmanov, 2024). If an Al system disproportionately classifies certain groups as
aggressive, it reinforces discriminatory practices in psychiatric care, violating the ethical principle
of justice (the fair distribution of healthcare resources and treatment).

To mitigate algorithmic bias in psychiatric aggression management, experts emphasise the
necessity of developing Al models that are trained on diverse and representative datasets, ensuring
that predictive systems account for multi-ethnic, socioeconomically diverse patient populations
rather than reinforcing racial or class-based disparities (Nazer et al., 2023). The underrepresentation
of certain demographic groups in training data has been identified as a major factor contributing to
bias, as Al models tend to reflect the statistical patterns of their datasets rather than genuine
behavioural tendencies (Nazer et al., 2023; Cross, Choma & Onofrey, 2024; Mennella et al., 2024).
Addressing this issue requires systematic efforts to include data from a wide range of psychiatric
patients, ensuring that risk assessments are equitable and clinically relevant across different
populations.

One of the primary challenges in Al-driven risk assessment is the interpretability of
predictive models, which requires mental health professionals to be proficient in both algorithmic
reasoning and clinical judgement (Lee et al., 2021). A lack of Al literacy among clinicians has been
identified as a significant barrier to the responsible use of predictive analytics, with studies
indicating that many practitioners lack the necessary training to critically evaluate algorithmic
outputs and differentiate between clinically meaningful predictions and statistical artifacts (Khan et
al., 2023). To address this, specialised Al-in-psychiatry curricula should incorporate hands-on
training in machine learning interpretability, real-world case studies on algorithmic
misclassification, and interactive modules on risk stratification to ensure that clinicians understand
the probabilistic nature of Al predictions and their ethical implications (Lee et al., 2021).

Additionally, decision-support training programs can help mental health professionals
integrate Al-generated insights into their clinical workflow without over-relying on automated risk
assessments (Elhaddad & Hamam, 2024). Research has shown that multimodal educational
interventions, such as virtual patient simulations, Al-assisted case-based learning, and
neuroimaging interpretation workshops, significantly enhance clinicians' ability to apply Al tools
responsibly (Maleki Varnosfaderani & Forouzanfar, 2024). Expanding education beyond clinical
applications, neuroethics and Al governance courses should be incorporated into medical and
psychology curricula to equip future practitioners with a deep understanding of algorithmic bias,
patient autonomy, and the impact of Al-driven classifications on psychiatric treatment pathways
(Ueda et al., 2023). Such educational initiatives are critical in bridging the gap between Al
innovation and ethical, patient-centered psychiatric care, ensuring that emerging technologies
enhance clinical decision-making without reinforcing coercive or discriminatory practices.

Furthermore, the implementation of transparent Al decision-making processes is crucial to
ensuring that psychiatric risk assessments remain interpretable and ethically justifiable. The use of
explainable AI (XAI) models allows clinicians to understand, interpret, and critically evaluate
Al-generated predictions, preventing cases where restrictive psychiatric interventions are carried
out based solely on opaque, black-box algorithmic outputs (Abgrall et al., 2024). A comprehensive
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survey by Markus, Kors & Rijnbeek, (2021) highlights that the opacity of complex Al models can
hinder their adoption in healthcare, as clinicians may be reluctant to rely on systems they do not
understand. The study emphasises that explainable Al methods can bridge this gap by making Al
decision-making processes more interpretable, thereby enhancing trust and facilitating integration
into clinical workflows.

Transparency in Al-generated risk assessments fosters clinical accountability and ensures
that predictive models can be audited for bias, adjusted when inaccuracies arise, and tailored to
individual patient contexts rather than applied as rigid, one-size-fits-all solutions. Additionally, it is
essential that risk assessment remains a collaborative effort between human clinicians and Al
systems, with psychiatric professionals maintaining decision-making authority over patient
treatment. Al should serve as an assistive tool rather than a replacement for clinical expertise,
meaning that no patient should be classified solely based on an algorithmic determination. By
integrating Al-driven insights with human judgement, clinicians can ensure that ethical
considerations, contextual factors, and patient-specific nuances are fully accounted for in aggression
risk assessments, ultimately fostering a more fair, reliable, and patient-centered approach to
Al-enhanced psychiatric care.

To address these ethical challenges, it is essential to ensure fairness in algorithm design,
enhance transparency in Al decision-making processes, and adopt patient-centered approaches to
consent and data privacy. Improving transparency in clinical Al applications requires concrete
methodological steps, including the adoption of explainable Al techniques such as LIME (Local
Interpretable Model-agnostic Explanations) and SHAP (SHapley Additive exPlanations) (Ladbury
et al.,, 2022). These techniques allow clinicians to interpret individual Al-based predictions by
highlighting features or data points that contributed significantly to specific decisions. Moreover,
developing user-friendly interfaces that visually present model reasoning can further facilitate
clinician understanding and enhance trust in Al systems.

3.4.4. Informed Consent and AI Transparency in Psychiatry

Another major ethical concern in Al-based aggression prediction is the issue of informed
consent (Farhud & Zokaei, 2021). Patients in psychiatric facilities may lack the capacity to fully
understand Al-based risk assessments and how such predictions impact their treatment. The use of
real-time fMRI surveillance, biometric monitoring, and Al-driven behavioural tracking further
complicates the issue, as patients may unknowingly be subjected to continuous risk profiling
(Farhud & Zokaei, 2021; Nazer et al., 2023).

It 1s mentioned in the literature that only 32% of psychiatric inpatients were aware that Al
models were being used to assess their risk of violence, suggesting a lack of transparency in Al
deployment (Darby et al., 2023). In some psychiatric hospitals, real-time biometric monitoring,
including continuous EEG, speech analysis, and facial expression tracking, is implemented without
explicit patient consent, raising further ethical concerns regarding surveillance and autonomy
(Appenzeller, Appelbaum & Trachsel, 2020).

Ethicists argue that psychiatric patients should be explicitly informed when Al models are
used in their care, and their consent should be obtained whenever possible (Tavory, 2024).
Institutions must implement clear, patient-friendly communication strategies that explain how Al
models are used in aggression risk assessment, what data is collected and analysed, and how Al
predictions influence clinical decisions.

3.4.5. Ethical Frameworks for Al in Psychiatric Aggression Management

Given the complex ethical challenges associated with Al-driven psychiatric aggression
prediction, several ethical frameworks have been proposed to guide the responsible and fair
implementation of Al in mental health care. One of the most foundational frameworks is The Four
Principles of Biomedical Ethics, established by Beauchamp and Childress, which asserts that Al
applications must adhere to the core principles of autonomy, beneficence, non-maleficence, and
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justice. This means that Al-driven psychiatric interventions should respect patient
self-determination, actively promote well-being, avoid causing harm, and ensure fair and equal
treatment for all patients, regardless of demographic background or psychiatric history.
Additionally, as Al becomes increasingly integrated into medical decision-making, regulatory
bodies have recognised the need for legal oversight to prevent unethical practices.

The EU AI Act approved in 2024 outlines specific requirements for Al models used in
healthcare, mandating that they meet transparency, accountability, and human oversight standards.
This legislation ensures that Al-based risk assessments in psychiatry remain interpretable, free from
systemic bias, and subject to clinician verification, preventing the misuse of opaque,
unchallengeable Al-generated classifications in aggression management. At a global level, the
World Health Organisation (WHO) has introduced the Ethics and Governance Framework for Al in
Mental Health (2024), which emphasises the need for multidisciplinary oversight in Al deployment
(Mennella et al., 2024).

This framework advocates for collaboration between ethicists, Al developers, clinicians, and
patient representatives, ensuring that psychiatric AI models align with ethical, clinical, and human
rights considerations before being widely implemented. Collectively, these ethical guidelines seek
to balance technological advancements with moral responsibility, ensuring that Al in psychiatric
aggression management remains a tool for support rather than a mechanism for control, coercion, or
discrimination.

To address all challenges, researchers and policymakers have proposed evidence-based
techniques to mitigate bias in aggression prediction models. One approach is algorithmic fairness
testing, which ensures that AI models undergo bias audits using diverse multi-ethnic and
multi-socioeconomic datasets before deployment. Reweighting training data to ensure balanced
demographic representation has also been identified as a strategy for reducing bias (Chen et al.,
2023; Ueda et al., 2023). Explainable Al has emerged as a key tool for improving transparency,
allowing psychiatrists to interpret Al-based risk assessments rather than blindly trusting opaque
black-box systems (Muhammad & Bendechache, 2024). Hospitals implementing explainable Al in
forensic psychiatry have reported increased clinician trust in Al-generated aggression risk scores
(Rosenbacke et al.,, 2024). Human-in-the-loop Al decision-making, in which psychiatric
professionals maintain final decision-making authority over patient treatment, has been shown to
significantly reduce aggression-related misclassifications (Tay, Li, & Sim, 2022). Several studies
demonstrated that a hybrid decision-making approach combining Al risk predictions with clinician
oversight resulted in a significant reduction in misclassifications (Maleki Varnosfaderani &
Forouzanfar, 2024).

Another practical method involves implementing standardised reporting frameworks, such
as the Minimum Information for Medical Al Reporting (MINIMAR), which mandates disclosure of
essential details on model development, validation, data provenance, and performance across
diverse populations (Subias-Beltran et al, 2024). Routine auditing of Al algorithms by independent
oversight committees, incorporating fairness and bias detection protocols, can also systematically
enhance transparency (Ueda et al., 2023). Continuous ethical scrutiny and collaboration among Al
developers, clinicians, and ethicists are crucial to achieving responsible and inclusive Al
implementation in healthcare, thereby enhancing both the clinical value of AI and the
trustworthiness of Al systems among patients and healthcare professionals.

Additionally, performing systematic bias audits before deployment is crucial. Techniques
like fairness metrics evaluation (e.g., demographic parity, equalised odds, and predictive equality)
should be utilised to quantitatively assess model performance across diverse patient subgroups.
Conducting sensitivity analyses or subgroup validations on stratified datasets can further identify
and mitigate disparities (Chen et al., 2023). Regular re-auditing after deployment ensures continued
monitoring and maintenance of fairness standards in Al systems.
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4. Conclusion

Managing aggression in psychiatric patients is a complex challenge that demands a balance
between patient rights, therapeutic efficacy, and public safety. This paper has highlighted the
neurobiological underpinnings of aggression, emphasising dysfunctions in the prefrontal cortex,
amygdala hyperactivity, neurotransmitter imbalances, and neuroinflammation. These findings
affirm that aggression is not merely a behavioural issue but a symptom of underlying
neurobiological disruptions requiring evidence-based, ethical interventions.

Current management strategies often rely on restrictive measures like seclusion and forced
medication, which, while ensuring short-term safety, risk exacerbating symptoms and eroding trust
in psychiatric care. The integration of predictive Al models and neuroimaging offers a promising
shift toward early detection and individualised interventions, reducing reliance on coercive
measures. However, these advancements introduce ethical concerns, including algorithmic bias,
misclassification, and threats to patient autonomy. AI should enhance, not replace, clinical
judgement, requiring transparent, explainable, and ethically regulated implementation.

Beyond clinical settings, public perception of psychiatric aggression remains shaped by
stigma and misinformation. Contrary to media portrayals, research shows that individuals with
psychiatric disorders are more often victims than perpetrators of violence. Addressing these
misconceptions through public education and policy reform is crucial in fostering a more
compassionate and supportive environment.

Future research on clinical Al integration should prioritise randomised controlled trials
comparing Al-supported diagnostic tools with conventional methods, rigorously evaluating key
performance metrics such as sensitivity, specificity, predictive values, and clinical utility. Special
emphasis should be placed on assessing model fairness across diverse demographic groups to
mitigate algorithmic biases and promote equitable healthcare outcomes. Additionally, pilot studies
should focus on testing interpretability methods, examining clinician decision-making accuracy, and
workflow integration when using explainable versus opaque Al systems. Complementary
qualitative research involving clinicians and patients can provide valuable insights into practical,
ethical, and trust-related factors influencing Al adoption.

Ultimately, a shift toward proactive, patient-centered approaches- combining neuroscience,
Al, and ethical considerations- can redefine psychiatric aggression management. By prioritising
early intervention over containment, fostering public awareness, and maintaining a strong
commitment to patient rights, psychiatric care can evolve into a more humane, effective, and
ethically sound practice.
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