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Abstract:

Children and adults with Autism Spectrum Disorder (ASD) are frequently subject to
behavioral escalation events that can overwhelm families and clinical teams.
Traditional escalation management strategies involve clinician expertise and
subjective observation, and may result in delayed or inconsistent responses. This
research proposes an artificial intelligence (AI) augmented clinical decision support
system (CDSS) in order to predict, detect, and control escalation risks in ASD. The
system uses multimodal data from wearable sensors, electronic health records and
behavioral observations to produce de-escalation prompts in real-time. Pilot
simulation shows 22% fewer incidents of crisis and more confident clinicians in
escalating crises. These findings emphasize the potential of Al-enhanced decision
support for revolutionizing behavioral care in ASD and remaining compliant with
safety and privacy frameworks.

Keywords Autism Spectrum Disorder; Behavioral Escalation; Clinical Decision
Support; Artificial Intelligence; Crisis Management; De-escalation; Healthcare
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Introduction:

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder with difficulties in social
communication, restricted interests and repetitive behaviour [1]. A major cause for concern for caregivers
and clinicians is behavioral escalation, in which agitation escalates into aggression, self-injury or
destruction of property. Such events may lead to controlled use of restraints, emergency department (ED)
visits, as well as long lasting psychological damage [2]. Current management strategies are highly clinician-
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based, involve subjective observation and static behavioral support plans [3]. However, these approaches
are often reactive and are often lacking in predictive insight. Recent studies are pointing to the potential of
artificial intelligence (Al) to support proactive clinical decision-making by identifying subtle early warning
signals [4,5]. This paper introduces an Al augmented CDSS that is specifically designed for behavioral
escalation management in ASD. By combining multimodal data, and embedding artificial intelligence
models into clinical workflows, the system aims at predicting escalation events and recommending targeted
de-escalation strategies in real time.

Related Work:

Research on artificial intelligence (Al) and mental health and Autism Spectrum Disorder (ASD) has grown
dramatically in the past decade. According to the DSM-5, ASD is characterized by chronic deficiencies in
social communication and restricted and repetitive patterns of behaviour [1]. These characteristics can often
make emotion regulation more difficult and leave the person more susceptible to behavioral escalation [2,3].
Traditional approaches to crisis management are based on functional behavior assessments and static
support plans; however, they often do not have a capacity to anticipate escalation before overt symptoms
manifest [3,14]. This disparity has driven a craze for adding Al-enabled machine monitoring and prediction
tools alongside clinical practice. One of the most promising ones has been the adoption of wearable sensors
to detect physiological metrics like heart rate variability (HRV) and galvanic skin response (GSR). These
are markers of objective signals of increased levels of arousal that can precede behavioral outbursts [6]. For
example, stress surveys in people with developmental disabilities were validated by Goodwin et al. and
shown to be associated with physiological states [6]. More recently, Billeci et al. found that fluctuations in
HRYV were associated with stereotyped behaviours in ASD, indicating that such measures may provide early
warning of agitation [7]. Beyond the sense, the techniques of machine learning (ML) have been used to
identify patterns in multimodal data. Islam et al. [4] highlighted the role of Internet of Things (IoT)
architectures for smart healthcare monitoring for continuous data collection and integration into Al driven
models. Anzai [5] further emphasized the support of medical decision-making by pattern recognition and
machine learning, by detecting nonlinear relationships beyond human observational capability. Together
these studies suggest that Al methodologies are well positioned to improve proactive escalation detection
in ASD. The concept of Clinical Decision Support Systems (CDS) is a great precedent. CDSS have been
implemented widely in centres of oncology, cardiology, and psychiatry where they enhance compliance
with evidence-based guidelines and can reduce diagnostic errors [8,9]. While they have been found to be
effective in somatic and psychiatric care, they have a limited application to behavioral health in ASD. Tools
like the Behavior Problems Inventory developed by Rojahn et al. [10] provide sets of measures of
aggression, self-injury and stereotyped behaviors, but are mostly used for assessment rather than for
predictive or intervention-oriented purposes. The absence of closed-loop systems that can both anticipate
escalation and suggest real-time de-escalation strategies is clearly a research gap. Equally important are the
ethical and governance considerations that come with integration of Al in healthcare. Scholars such as
Brundage et al. [11] and Raji et al. [12] emphasize that if Al systems are not based on transparent
mechanisms for auditing and accountability, they can cause clinicians and patients to lose trust in the
systems. Floridi et. al. [13] proposed the Al4People framework to harmonize technological innovation with
human values to underscore that ethical oversight has to change as the technical development of these
technologies. For ASD in particular, this data sensitivity is raised as a concern because of the vulnerability
of this population and the use of caregiver-reported behavioral logs. Finally, work on emotion regulation in
ASD has added support to the importance of early intervention. Mazefsky et al. [14] have found impaired
emotion regulation as a key mechanism behind behavioral escalation. This finding supports the rationale
for predictive, technology-enabled systems, for if clinicians can be alerted to the fact of dysregulation before
it is manifested as aggression or self-injury, more supportive and less restrictive intervention can be brought
to bear. In summary, previous researches have shown the feasibility of Al-enabled sensing, predictive
modeling, and CDSS integration in healthcare. Yet, it is also clear from the literature that there are major
gaps in the research: gaps in application to ASD-specific escalation management, gaps in the development
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of closed-loop intervention systems, and unresolved questions of governance and clinician trust. This study
builds on these insights by proposing a novel, ASD-focused, Al-augmented CDSS for detecting escalation
risk and recommending individuals' de-escalation strategies while embedding ethical safeguards.

Methodology

System Architecture

The proposed CDSS combines four parts (Fig. 1):

L.

2.

3.

4,

Data Collection Layer - Wearables (HRV, skin conductance, motion), EHR data and caregiver
notes.

Al Engine - Hybrid model between Bayesian and reinforcement learning in order to predict the
probability of escalation.

Decision Layer - Creates the de-escalation prompts (e.g. sensory breaks, communication
adaptations).

Governance Overlay - Compliance with HIPA, Nist Al RMF, Differential Privacy

Placeholder: Al-Augmented CDSS Architecture Diagre

System Layers

[
]
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Data Flow & Integration

Figure 1. Al-Augmented CDSS Architecture for ASD Escalation Management

Data Features
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Data Source Features Extracted Clinical Relevance
Wearables HRV, GSR, motion accelerometer Stress and agitation signals
EHR Medication schedule, comorbidities | Escalation risk factors
Behavioral Logs Frequency/duration of outbursts Baseline risk scoring
Environmental Data | Noise level, lighting Sensory overload detection

Table 1. Features Extracted from Multimodal Inputs

Mathematical Formulation

Escalation risk P(E) :

a-fwearable+B-fbehavior+y-fEHR
Z

P(E)=
Where:
o fwearable = normalized stress index,
e fbehavior = weighted behavioral frequency,
e fEHR = comorbidity + medication factor,
e 0,p,y =learned weights,
e 7 =normalization factor.
Risk scores above threshold 6=0.7, trigger clinical prompts.
Al Model Training

In order to assess the feasibility of the proposed Al-augmented Clinical Decision Support System (CDSS),
a simulated multimodal data set was produced for 30 people with Autism Spectrum Disorder (ASD). The
dataset contained features that were obtained from wearable sensors (heart rate variability, galvanic skin
response, accelerometer based motion data), observation logs of behavior, and relevant clinical parameters
extracted from electronic health records. This combination reflects previous evidence that escalation risk
in ASD is best understood through physiological, behavioral and contextual integration [1-3]. While the
data set was simulated, it was created to mimic distributions reported in empirical studies about ASD
emotion regulation and behavioral dysregulation [3,14]. The model training procedure used a reinforcement
learning (RL) methodology, selected for its capacity to optimize sequential decision-making in the face of
uncertainty. In this framework, the agent (AI-CDSS) took inputs of patient states and made
recommendations for de-escalation: modification of the environment, structured breaks or communication
adaptations. Each intervention was given a reward signal that was dependent on its effectiveness in reducing
escalation probability, with punishments for false alarms or ineffective strategies. Over many iterations, the
model learned to maximize cumulative reward, and therefore improve its ability to recommend contextually
appropriate interventions [4,5]. To ensure robustness, the RL model was trained using a Bayesian-informed
prior on the probability of escalation, using the weighted features in Section 3.3. This hybridization made
it possible to fuse probabilistic inference (capturing uncertainty in multimodal signals) and adaptive
learning (optimizing strategies through trial and error) in the model. Such integration is also in line with
previous work showing the value of Bayesian reasoning in clinical decision-making [5]. The model was
tested by several performance measures:
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Prediction Accuracy: percentage of correctly identified escalation and non escalation cases.

o Sensitivity (Recall): ability to identify true events of escalation without underestimation
False Positive Rate (FPR): proportion of false alarms, which has a direct effect on the trust of the
clinician.

o Clinician Satisfaction - Qualitative rating of usefulness and interpretability of the system, based on
walkthrough of simulated scenarios with expert raters.

This combination of quantitative and qualitative metrics reflects the best practices of Al evaluation in
healthcare, where technical accuracy is not all that matters as you also need to consider human factors and
workflow integration [8,9]. Although the current dataset is simulated, the described training protocol shows
how reinforcement learning, guided by Bayesian modelling and assessed with multi-dimensional
parameters, can be used as a basis for real-world deployment of AI-CDSS in ASD escalation management.

Results
Prediction Accuracy

The Al-augmented CDSS achieved 87% escalation prediction accuracy, outperforming baseline
clinician-only accuracy of 68%.

Reduction in Crisis Events
Compared to baseline, simulated results showed:
e 229 reduction in restraint use
e 18% reduction in ED visits
e 15% decrease in staff incident reports
Pie Chart of Intervention Types
¢ Sensory environment adjustments: 40%
¢ Communication support: 35%
e Scheduled breaks: 15%

¢ Pharmacological review: 10%

Al-Recommended Interventions Distribution

Scheduled Breaks
macological Review

Communi

Adjustments

Figure 2. Distribution of Al-recommended Interventions
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Sample Calculation

Patient A: HRV = low, GSR = high, 3 behavioral incidents/day, ADHD comorbidity.

0.4(0.8))+0.4(0.6)+0.2(0.7) —0.72

P(E)= ¢

Since P(E)>6=0.7, a sensory break recommendation is triggered.

Discussion:

The results of this research study have shown the meaningful role that an Al-augmented Clinical Decision
Support System (CDSS) can play in improving clinician decision-making in the management of behavioral
escalation by an individual with Autism Spectrum Disorder (ASD). By drawing on multimodal inputs that
come from wearable device, behavioral observations and electronic health records, the system delivers real-
time predictive alerts and de-escalation prompts. These capabilities go beyond traditional behavioral
support plans, which often occur after the fact and involve static interventions [1,3,14]. The findings are
consistent with previous evidence that early recognition and intervention is critical in reducing the severity
of behavioral crises. Mazefsky et al. (2010) identified impaired regulation of emotion as a key factor in
escalation in ASD with a focus on the importance of recognizing dysregulation prior to its manifestation
into aggression or self-injury. By combining physiological signals like heart rate variability, with the
behavioral context, the proposed CDSS operationalizes this principle and gives clinicians a chance to
intervene proactively. A major contribution of this work is the creation of a first integrated, ASD-specific
AI-CDSS with real-time, individual recommendation generation capability. Unlike previous research, in
which the main emphasis has been on escalation prediction or retrospective behavior assessment.6,10 This
system is a closed-loop architecture in which not only is the risk forecasted but concrete strategies for de-
escalation are proposed. This is a paradigm shift in crisis management from reactive to proactive and
adaptive. Another novel contribution is the use of hybrid Bayesian and reinforcement learning (RL) model.
Bayesian inference can offer a probabilistic framework to deal with uncertainty in multimodal data and
reinforcement learning can learn how to adapt decision making strategies based on iterative feedback.5
Together, these approaches help the system balance predictive accuracy with adaptability to learn, so that
recommendations stay context sensitive and get better over time. Equally as important is the focus on
privacy preserving and governance aligned design. Informed by frameworks such as the NIST Al Risk
Management Framework and HIPAA the system implements differential privacy mechanisms and
auditability features to protect sensitive health and behavioral data [11-13]. Addressing such governance
issues is key, as clinician trust and ethical alignment have been regularly cited as obstacles to Al adoption
in healthcare [12,13]. Despite these contributions, this current study is not without constraints. The analysis
was based on a simulated dataset of 30 patients, which, while in the range of distributions found in empirical
research, is not entirely representative for the variability of real world clinical populations. As such, the
results must be interpreted as proof-of-concept rather than definitive proof of clinical efficacy. In addition,
while reinforcement learning allows adaptability, it needs careful calibration in order to avoid unintended
recommendations in a dynamic environment. Future studies should focus on multi-center clinical validation
in a variety of ASD populations and care settings such as schools, residential and outpatient clinics. In
particular, the usability of caregivers will have to be evaluated, because the success of such systems will
depend on not only technical performance but on acceptance and interpretability by end users. Incorporating
caregiver and clinician feedback into iterative development of the model will be important to achieve
sustainable deployment. Furthermore, longitudinal studies are necessary to assess the system's effect on
long-term outcomes such as reduced use of restraints, reduced emergency department visits and changes in
the quality of life for individuals with ASD. In summary, the potential of Al to supplement clinical judgment
in behavioral health is highlighted and presents a pathway for safer, more proactive, and ethically
responsible escalation management. While preliminary, these results illustrate a promising direction of

206



AI-Augmented Clinical Decision Support For Behavioral Escalation Management In Autism Spectrum Disorder

development for the integration of Al in the care of people with ASD, with the potential to significantly
limit the consequences of crises and enhance the daily lives of individuals with ASD and their caregivers.

Conclusion:

This study presented a new and innovative Al-Augmented Clinical Decision Support System (CDSS) for
behavioral escalation management for Autism Spectrum Disorder (ASD). By integrating multimodal data
streams from wearable devices, behavioral observations and electronic health records, the system could
predict escalation events with promising levels of accuracy and recommend de-escalation strategies in time
and personally. The inclusion of a hybrid Bayesian and reinforcement learning framework enabled the
model to balance between probabilistic reasoning and adaptive learning and therefore deal with the dynamic
and individualized nature of escalation in ASD. Preliminary results indicate that the system offers great
potential for trimming crisis events, such as the use of restraints and emergency room visits, while at the
same time supplementing clinician confidence in decision-making. These results dovetail with
accumulating evidence that early, proactive intervention can help blunt the negative outcomes related to
behavioral dysregulation in ASD. Importantly, the proposed architecture incorporates privacy-preserving
measures and complies with governance standards including the NIST Al Risk Management Framework
and HIPAA, fulfilling concerns about ethical use of Al in sensitive clinical settings that have long been
raised. Despite these encouraging outcomes, the study also highlights its own limitations, in particular the
use of a simulated dataset of 30 patients. Future work should focus on multi-center validation across a
variety of ASD populations and settings with emphasis on real world usability by clinicians and caregivers.
Additionally, longitudinal studies will be necessary to evaluate the long-term effect of Al-augmented CDSS
on patient outcomes, caregiver burden, and healthcare resource utilisation. In conclusion, this research
offers proof-of-concept evidence of Al's responsible use in improving clinical decision-making within ASD
care. By integrating predictive analytics, adaptive learning, and governance safeguards all in one place, the
proposed system builds the foundation for a new generation of clinical decision support tools - tools that
not only predict crises, but they also help prevent them. If proven in practice, such systems have the
potential to revolutionize care for ASD into something that is safer, more pro-active and more consistent
with the principles of dignity and patient-centered support.
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