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Abstract: To achieve an addiction recovery process, continuous monitoring, early risk identification
and presence of timely intervention are necessary to avoid relapse and aid in long-term rehabilitation
outcomes. In this paper, the author describes Rehab360, a versatile Al-based platform to explore
addiction recovery, including emotion-sensitive conversational analysis, craving magnitude prediction,
relapse risk forecasting, nutrition and sleep tracking, motivational messaging, and anticipation of crisis
in a single microservice platform. The system follows a three tier architecture, with a role-based React
frontend, a Node.js/Express backend using MongoDB, and an independent, machine learning-based,
machine learning gateway which orchestrates several independently deployable Al services.
Microservices are each dedicated to individual predictive or analytical functions and interfaces on a
centralized API layer in order to achieve scalable and low-latency inference. System-level validation
via experimental validation provides real-time responsiveness and the ability to deploy in a cloud mode.
Rehab360 is a scalable, intelligent, preventive, and predictive digital ecosystem aimed at addiction
rehabilitation with the integration of predictive analytics and operational workflows and access control
by multiple stakeholders.
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1. Introduction

Substance addiction has been a significant issue of global public health concern, which is
typified by relapses, mental instabilities, and the vulnerability of behavior in the long run.
The recent studies present the upsurge in the significance of the artificial intelligence (Al) in
treating complex mental health and addiction issues with the help of predictive analytics and
digital interventions [1], [4], [21]. In spite of these developments, relapse prevention has
proven very difficult because of lack of continuous monitoring and dynamic decision support
system. The main drawback of traditional rehabilitation methods is that they depend on a
number of planned counseling sessions, standard tests, and self-reporting behavioral records
that lack the capacity to record quick emotional changes, craving spurts, and sleep
disturbances as well as crisis development in real-time.

Digital healthcare products have occupied part of these gaps providing conversational agents,
mobile tracking and behavior tracking. Chatbots built using Al and generative language
models have shown potential in behavioral therapy and emotional support [3], [20], and
multimodal emotion recognition systems have enhanced contextual emotional analysis [17],
[19], [22]. Nevertheless, previous studies tend to concentrate on single-intelligence and task
types of emotion classification, sentiment analysis or prediction of relapses and do not
combine several behavior/physiological/contextual measures into a cohesive system. In
addition, recent debates have brought up the issue of overdependence and safety of Al in
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conversational systems, highlighting the necessity to have detailed human-in-the-loop
control and governance systems [6].

Computationally, addiction recovery may be represented as a dynamic multi-modal
predictive modeling issue. Let

represent an evolving state of behavior in the form of emotional indicators, intensity of
craving, quality of sleep, lifestyle indicators, and contextual stimuli. It aims at the estimation
of a risk function.

there the model parameters which have been learned. The literature of clinical prediction
modeling proves that the systematic risk estimation through probabilistic risk can contribute
to the early recognition and preventive intervention significantly [16]. But, it is yet to be
translated into scalable and practical recovery systems.

In order to work around these drawbacks, this paper presents Rehab360, an all-in-one Al-
driven addiction recovery system that is developed in the form of an end-to-end rehab
intelligence system. In contrast to single-purpose predictive applications, Rehab360 includes
emotion-sensitive conversational analytics, forecasting craving intensity, predicting relapses,
sleeping and eating, motivating messages, and crisis detection in a single microservice
framework. It is deployed using a three-tier architecture comprising of a role-based React
frontend, a Node.js/Express serviceless API based on MongoDB, a machine learning
gateway based on Fastapi, and a machine learning microcontroller consisting of
independently deployable Al services.

The architecture suggested facilitates the deployment of the models that are modular,
scaiceable inference routing and isolate faults among services. It is in this way that each of
the microservices handles one particular recovery-related inference task, and communicates
via a centralized API layer. The design is consistent with the current trends in Al system
integration in high stakes domains within healthcare and pharmaceuticals where modular Al
elements improve robustness, flexibility of deployment [5], [14].

In addition to predictive-based models, Rehab360 includes the well-structured role-based
coordination of residents (patients), clinicians, services providers, and administrators. Multi-
stakeholder integration is one of the gaps filled in existing digital recovery systems:
specifically, the operational disconnect between Al-based analytics and intervention
processes in the real world. The system can be used to go beyond analytical output and action
exploitation by predictive intelligence combined with appointment management, service
booking, and compliance monitoring to provide automated solutions through Al.

Overall, although current literature confirms the possibility of Al-driven mental illness
prediction [1], [3], [4], [21], there is an absence of system-wide platforms, which combines
multi-modal prediction, real-time inference, and role-based control in a single concept.
Rehab360 will cover this gap by operationalizing predictive addiction recovery using
scalable microservice based machine learning architecture and orchestrated intervention
infrastructure.

2. Related Work

Due to the rapid development of artificial intelligence (AI) in medical practice, its use in
mental health management and treatments related to substance-use disorders has grown
tremendously. Ajayi [1] discussing Al-driven research in the management of complex mental
health issues, tries to point out how predictive analytics and intelligent decision-support
systems can be applied to personalize a treatment course. Correspondingly, Okposio et al. [4]
conduct a survey of Al-based predictive methods in neuroscience and prevention of substance
abuse by highlighting the relevance of early risk management through multimodal data in
high scale. All these studies have shown that Al has the potential to revolutionize mental
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health care where the response attitude is switched to a proactive and data-driven approach.
The bulk of such contributions, however, are theoretical or in the form of reviews, and they
lack the definition of integrated and operational architectures to coordinate a variety of Al
services within a single rehabilitation system.

The growing interest in addiction-related research has also been on user-centered Al
applications. Khoziasheva [2] shows that co-designing together with domain experts and end-
users enhances the usability and interaction in Al-based applications aimed at adolescent
gaming addiction. In the meantime, Yankouskaya et al. [6] also express quite reasonable
concerns over Al overdependence by stating that conversational agents could refer to objects
of behavioral dependence themselves unless restrictively managed. These reports present
important human considerations of digital health implementation, such as usability, data
privacy, and regulated Al implementation. However, they usually concentrate on certain
areas of behavior or theoretical dangers as opposed to suggestibility of entire scale, clinically
oriented recovery frameworks that integrate predictive modelling, crisis increase, and role-
driven governance frameworks.

Conversational therapeutic systems have continued to be developed with the use of
generative Al and natural language processing (NLP). Kumar [3] also talks about behavioral
therapy, coping-skill reinforcement, and psychoeducation using the generative Al in
substance abuse recovery. Any complementary studies in emotion conscious conversation
systems show that emotional distress detection can be improved using transformer based
models and contextual learning processes [20], [22]. Mental health support Multimodal
emotion recognition Multimodal emotion recognition and conversational Al systems have
also been examined [17], [19]. Although these strategies can enhance intelligence at the
interaction level, they mainly rely on conversational modeling, as opposed to joint work with
more comprehensive prediction of relapses, physiological monitoring, and coordinated
services.

Out of the addiction-specific research, there have been comprehensive investigations of Al-
based predictive modeling in clinical diagnostics and pharmaceutical sciences. The review
conducted by Tiwari et al. [5] deals with multi-modal Al systems in the context of cancer
diagnostics and clinical decision support. One of the applications of Al in pharmaceutical
and neurological research has been in drug discovery, quantitative systems pharmacology,
regulatory analytics, and real-world data modeling [7]-[15]. The articles demonstrate that Al
may be implemented as a part of the healthcare pipeline that is vulnerable to regulatory issues,
intricate data interaction, or unlimited infrastructure. Nevertheless, these studies concentrate
mainly on upstream activities as in the optimization of diagnosis and discovery of
therapeutics, each of which is not downstream behavioral surveillance and recovery
management in the long run.

The importance of validated probabilistic risk estimation models in clinical practices is
further supported by recent advancements to the clinical prediction modeling. Arribas et al.
[16] show that structured prediction models can be clinically tested to be useful in psychiatric
risk-taking. Equally, larger surveys of Al in digital mental health emerge as a factor
indicating the necessity to have strong assessment frameworks, rule systems, and safety-
conscious deployment plans [21]. In spite of these developments, a few operational platforms
have incorporated multi-modal behavioral analytics, real time conversational Al, relapse risk
modeling, and an ordered escalation procedures in a single deployable.

In short, the current literature confirms the ability of Al to increase mental health analytics
[1], [3], [4], user-centered digital intervention [2], [6], conversational and emotion-aware
systems [17], [19], [20], and scalable Al implementation in larger healthcare systems [5], [7]-
[15]. Nevertheless, there still remains a critical gap in the lack of a holistic, system-level
model respectively (i) which combines various addiction-related Al capabilities - including
emotion recognition, craving prediction, relapse prediction, crisis detection, and lifestyle
assessment, (through) a single microservice-based gateway, and (ii) which integrates such
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services via a multi-role, production-scale web application including patients, clinicians,
service providers, and administrators. The proposed Rehab360 architecture aims at filling
this gap by operationalizing predictive addiction recovery by applying modular Al
microservices embedded within a real-time, role-governed digital rehabilitation ecosystem.

3. Proposed system

The offered methodology of Rehab360 is based on the microservice-oriented, Al-infused,
end-to-end architecture that closely integrates real-time interaction with users with the
predictive machine-learning intelligence. This system will constantly monitor behavioral,
emotional, and lifestyle indicators of users, process them with the help of customized ML
services and provide adaptive recovery support in the form of a secure role-based web
platform. The entire pipeline is designed into four logical steps: (A) Data Acquisition and
Preprocessing, (B) ML Model Layer, (C) Training and Optimization, and (D) Real-Time
Inference and Integration.

3.1 Data Acquisition and Preprocessing

At Rehab360, data collection is done constantly via multiple frontend interfaces of
the residents, workers, doctors, and administrators. The main modalities of input are text
based chat messages, post data, sleep history, lifestyle data, nutrition data, booking data, and
interaction data. Let the raw user input stream be represented as:

X =xl,x2,..,xn 1

where each xi is a multi-modal recovery-related observation that is composed of text,
numerical health information, and time. All the incoming information is initially checked at
the Node.js back-end and stored in MongoDB. The text signals get tokenized, the stop-words
eliminated, and normalized and sent to the Emotion-Aware Chatbot Service and Post
Sentiment Analysis Service. The minmax scaling is used to normalize numerical measures,
like the duration of sleep, craving scores, and lifestyle compliance. This uniform
preprocessing makes every ML microservice get clean and scale consistent inputs to be able
to do proper inference.

3.2 Machine Learning Model Layer (Microservice Architecture)

The system intelligence layer consists of ten autonomous ML microservices, which are
deployed with the help of FastAPI, and are integrated into a central mixed ML gateway.
Every microservice is focused on one recovery intelligence task (emotion detection, craving
forecasting, relapse risk prediction, crisis detection, sleep quality assessment, and
motivational message generation). The output of each service will be represented as:

= fo(X) )

Where f6(-) represents a trained ML model with parameters 6 and * is the expected
emotional state, possibility of relapsing, intensity of craving, or risk of sleep.

The  microservices  are  attached to  distinct  API endpoints  like
/emotion_aware_chatbot service, /crisis-detection, /relapserisk-prediction and /sleep-
quality-assessment which can be scaled independently, fail isolated and upgraded in a
modular way. This architecture does not have any monolithic connection and allows the
addition of future models without affecting the main platform.

3.3 Training and Optimization

Training on models is done offline by using labeled behavioral, emotional and
health data. Supervised NLP classification is used to train models in emotion recognition and
sentiment models, supervised learning involving probabilistic output is used in predicting
relapse, and time-series regression is used in craving forecasting. In training, gradient-based
optimization is used to update model parameters 6 to minimize task-specific loss functions.
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Empirical validation is done to select hyperparameters that include learning rate, and batch
size, and the number of epochs. After training, any model is exported and implemented as an
inference service through FastAPI, which can be used to make predictions in real time
without causing any performance impact on the frontend. Such offline-online disconnection
guarantees training stability and inference in production with low latency.

3.4 Real-Time Inference and System Integration

When the system is running live, the user interactions of the React frontend are
directed to the Node.js backend and to the right ML microservices. Various services are used
to make projections, which are collected and sent back to the frontend dashboards. As an
example, one chat message can be used to activate emotion detection, assessment of crisis
risk, and generation of motivational messages at the same time. The visualization of the
craving forecasts and relapse probabilities occur in the resident dashboard, and crisis alerts
involve the initiation of immediate escalation logic to the doctors or emergency contacts.
This inference pipeline is a closed loop which allows monitoring, early risk identification and
dynamic intervention, which makes Rehab360 a predictive and preventive recovery system
and not a fixed support application.

3.5 Computational Complexity and Runtime Analysis

Let N denote the number of user records and d the dimensionality of the feature
vector after preprocessing. For supervised classification models (emotion recognition,
relapse risk), the inference complexity is O(d) per request. Time-series craving forecasting
adds a temporal window of size T resulting in O(T - d) complexity per forecast. The
cumulative model execution is not a dominant factor in the total system latency since all ML
services are implemented as parallel FastAPI microservices so that execution is determined
by the slowest single service. Practically, real-time inference can be run even below sub-
second response time, allowing a natural conversational exchange and dashboard analytics
response nearly instantly.

Algorithm 1 — Training Procedure for a Generic Rehabilitation ML Model

Input: Training dataset D = {(Xi, Yi)}i=1...N
Output: Trained model parameters 0

1: Initialize model parameters 6 randomly

2: for epoch =1 to E do

3:  Shuffle training dataset D

4: for each mini—batch B C D do

S: Forward propagate inputs Xi through f8(Xi)
6: Compute loss L(f8(Xi), Y1)

7: Backpropagate gradients V6L
8: Update parameters 8 «— 6 ¥0h

9: end for

10: end for

11: Save trained model for FastAPI deployment
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Fig. 1. Overall Microservice-Based Al Architecture of Rehab360.

This architectural diagram depicts the three-tier of Rehab360, which has the React-based
multi-role frontend that controls the Node.js backend, which is the central controller and data
broker, which is connected to MongoDB. The backend transfers analytical requests to
FastAPI ML gateway which sends the inputs to the dedicated prediction services on emotion
analysis, relapse risk prediction, craving forecasting, sleep assessment, and crisis detection.
This design is very robust to recovery addiction support on a real-time basis, separation of
concerns, scalability, and fault isolation.

User Inputs
(Chat, Sleep, Lifestyle, Cravings)

Data Preprocessing

ML Models
(Forecasting, NLP, Classification)

Prediction Outputs

CRecovery Decision System)

Visualization & Alerts

Fig. 2. Block-Level Processing Flow of the Proposed Rehab360 Methodology.

This block diagram denotes the chronological flow of operation of the proposed
methodology. The raw user data are inputted into the preprocessing module, and they are
cleaned, normalized, and structured. The processed information is then taken to machine-
learning models where it is predicted and classified. The predictions that result, including
emotional state, relapse potential, intensity of craving, and quality of sleep are inputted into
the recovery decision system which identifies the correct advisories, alerts or interventions.
Lastly, the results are presented in the frontend in real-time dashboard and crisis alerts.

4. RESULTS AND DISCUSSION

4.1 Results

The experimental outcomes support the fact that Rehab360 is a deployable full-fleet real-
time Al-enabled model of addiction recovery, which manages to integrate its React-based
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multi-role frontend, Node.js/Express back-end, MongoDB database, and Fastapi-based ML
microservice gateway. The ten ML services, which include emotion detection, crisis
detection, the intensity of craving forecasting, the risk of relapse forecasting, sleep quality
forecasting, message-generating motivational, post sentiment analysis, enhanced craving
modeling, nutrition recovery tracking, and activity recommendation, were all mounted and
reached by the combined ML API gateway. End-to-end testing was done to ensure that the
user inputs of chat, dashboards, sleep logs and lifestyle modules were processed and sent to
the corresponding ML services where they are returned as real-time predictions. The system
was capable of responding to inferences within sub-second, which guaranteed smooth chat,
real-time dashboard display, and crisis alerts. Role-based routing and authorization with JWT
and PrivateRoute logic was working well among residents, workers, doctors, admins, and
super-admins and proved to be secure and reliable multi-stakeholder.

Table I System-Level Performance Validation of Rehab360

Component Operation Validated Observed
Result
React Frontend Multi-role dashboard Successful
rendering
Node.js Backend API communication & Successful
JWT validation
MongoDB Chat, bookings, reports Successful
storage
FastAPI ML All 10 services mounted Successful
Gateway
Emotion Real-time chat inference <ls
Detection response
Crisis Detection Emergency flag triggering Instant
Craving Dashboard visualization Real-time
Forecasting
Relapse Risk Risk score generation Real-time
Prediction
Sleep Quality Health score computation Real-time
Assessment
Motivational Adaptive message delivery Instant
Messaging

Table 1 presents the live system-level validation of all the significant computational blocks
of Rehab360. All ML services were integrated and deployed successfully over FastAPI
gateway with a response latency of less than a second, confirming the possibility of sustained
addiction recovery support along Al lines.
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Fig 3: Average Real-Time Inference Latency of AI Microservices

In this figure, it shows the average real-time inference latency of the core Al microservices used in
Rehab360. All services have sub-second response times - confirming the appropriateness of the
proposed microservice-based architecture for addiction monitoring and interventions. Crisis detection
and emotion analysis have the lowest latency for crisis detection and analysis for emotional responses
with quick escalation and conversation responsiveness. The results confirm the performance of the
scalability and low-latency functionality of the FastAPI-based ML gateway.

4.2 Discussion

The Rehab360 pilot deployment shows that microservice-based Al and a complete-stack
web solution can be closely coupled and make addiction recovery applications operationally
stable and reliable. In contrast to traditional health-tech tools, which are based on fixed forms
and slow analytics, Rehab360 provides an opportunity to monitor emotions, predict cravings
in the real-time, immediately identify crises, and provide motivational assistance. Ten
parallel ML services successfully coordinated by a centralized FastAPI gateway can attest to
the scalability and modularity of the offered design. Additionally, linking to the real-life
service booking, physicians appointments and lifestyle adherence monitoring, and
administrative verification will make sure that Al is not used as an isolated system but as a
full-fledged recovery system. The findings also substantiate that the structure has the
capability of supporting predictive, preventive, and customized rehabilitation that would not
have been possible with individual predictive models or chatbot-based systems. Altogether,
Rehab360 shows that Al-based analytics, real-time system engineering, and multi-role
operational control can be consolidated in a single deployable digital rehabilitation system.

Real-Time ML Inference Performance in Rehab360

0.525

0.500 A

0.475

0.450 A

0.425

0.400 A

Inference Latency (seconds)

0.375

0.350 1

ML Services

Fig 4: Real-time inference latency of different Al services in the Rehab360 system.

Fig. 4 demonstrates the latency of real-time inference with core Al services incorporated in
Rehab360. It is noted that the response times of all prediction services are under one second,
proving that the proposed Al framework based on microservice is adequate to use in addiction
monitoring, emotional evaluation, and crisis detection in real-time. The low-latency nature
provides conversational response continuously and real-time recovery risk feedback.
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Fig 5: Predicted Relapse Risk and Craving Intensity Trends Over Time

This figure shows the temporal evolution of the prediction of risk of relapse/craving intensity,
over an example recovery period. Pathological side effects are seen in the first few
fluctuations of craving levels giving way to a gradual stabilization as adaptive interventions
are used. The declining relapse risk trend points to the capability of the system for predictive
and preventive recovery management. These trends illustrate how unceasing Al-powered
watch can inform individualized and proper intervention strategies.

5. CONCLUSION AND FUTURE SCOPE

This article described Rehab360, a microservice-oriented Al-based addiction recovery
service incorporating emotional intelligent conversational analytics, craving intensity
prediction, prediction of relapsinges, quality sleep, motivational message and crisis detection
as one single operation structure. As opposed to stand-alone predictive instruments, it is
possible to introduce the proposed system, which integrates multi-modal behavioral analytics
with the structure of role-based workflows to facilitate the coordinated interaction between
the residents, clinicians, service providers and administrators.

Scalable deployment and modular integration of intelligence is shown by the three-layer
architecture, which includes a React-based multi-role frontend, a Node.js/Express back end
and MongoDB persistence, and an FastAPI-based machine learning gateway. Valid
experimental validation was done regarding reliable real-time inference in independently
deployed AI microservices and demonstrated that predictive analytics could be orchestrated
at the point of a centralized gateway.

Rehab360 can be used to extend the results of previous research and support the identification
of risk in the early phase, prevention intervention, and escalation models, byizing the
formulation of addiction recovery as a multi-modal predictive modeling problem in
continuous mode, as opposed to a non-continuous digital health application. This suggested
architecture demonstrates how predictive analytics, operational processes, and control
governance may be incorporated into an integrated rehabilitation intelligence system, which
may act as part of a larger scale, safety-conscious, and data-driven approach to addiction
recovery process management.

Future Work

> Combination of data of wearable sensors (heart rate, sleep trackers, activity monitors)
in multimodal relapse risk modeling.

> Implementation of adaptive intervention strategies that are founded on reinforcement
learning to implement personalized long-term recovery planning.

> Large scale clinical validation using longitudinal patient data in order to statistically
test prediction accuracy and reduction of relapses.
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