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ABSTRACT -

This paper presents Al-Driven Healthcare, a comprehensive platform that integrates Al-powered symptom analysis, loT-based patient monitoring, and intelligent
supply chain management to streamline healthcare delivery. Al-Driven Healthcare connects three user roles (administrators, vendors, and customers) through
microservices (implemented with Spring Boot) to provide role-specific functionalities. Using NLP models (BERT and BioBERT) for symptom understanding and
recommendation, the system offers automated disease prediction and personalised medication suggestions. Concurrently, wearable 10T sensors continuously
monitor patient vitals, feeding data to LSTM-based anomaly detectors for real-time alerting of critical conditions. An Al-driven supply chain module employs
predictive analytics (e.g., machine learning forecasting) to optimise inventory and reduce stock-outs. A prototype implementation demonstrates that the system
meets design goals (e.g., handling ~10,000 users with sub-2s response time) and achieves effective diagnostic predictions (F1 ~0.84) and inventory reductions
consistent with prior studies. We discuss the system’s performance, limitations (including data privacy and model bias), and ethical considerations, and outline
future extensions.

Keywords—Atrtificial Intelligence; Healthcare; Symptom Checker; 10T Monitoring; Supply Chain Optimization; Microservices; BERT; LSTM;
Anomaly Detection.

1. Introduction

Modern healthcare faces significant challenges: patients often wait long for medical advice, physicians struggle to manage growing caseloads, and
pharmacies grapple with inventory inefficiencies. Al and loT promise to alleviate these issues by automating diagnosis and enabling continuous care.
Jiang et al. note that Al is “bringing a paradigm shift to healthcare” by exploiting large volumes of medical data with advanced analytics. In parallel,
wearable sensors and cloud-enabled 10T have enabled real-time patient monitoring, improving care especially in remote settings. However, existing
solutions are often siloed: symptom checkers can be imprecise, and supply chains remain largely manual. Al-Driven Healthcare addresses these gaps
with an integrated platform. Patients (customers) describe symptoms in free text; the system uses NLP to predict possible conditions and suggest
medications or specialist referrals. Simultaneously, wearable l0T devices track vitals (heart rate, blood pressure, etc.) and feed them to machine-learning
models to detect anomalies in real time, triggering alerts to patients and doctors. VVendors manage an online pharmacy; Al- powered demand forecasting
optimises stock levels to reduce shortages. Administrators oversee users and content. By uniting these components under a microservices architecture,
Al-Driven Healthcare aims to accelerate diagnostics and therapy, enhance monitoring, and optimise medical supply chains, improving efficiency
and patient outcomes.

2. Related Work

Al has been rapidly adopted in healthcare. Prior reviews emphasise AI’s transformative potential in diagnostics, imaging, and clinical decision support.
In NLP for healthcare, domain-adapted language models like BioBERT (a BERT variant pre-trained on biomedical texts) have shown superior
performance on clinical tasks. For example, fine-tuned BERT-based models have achieved high F1 scores (~0.84) on clinical symptom extraction tasks.
However, mainstream symptom checker tools remain limited: a recent systematic review found that common online symptom checkers have low
diagnostic accuracy (primary diagnosis correct ~20-38%). This underscores the need for more robust, Al-driven symptom analysis that can integrate
context and patient history. In patient monitoring, loT and wearable sensors have enabled continuous vital-sign tracking. Uddin and Koo (2024) survey
loT-enabled biosensors and note that “continuous monitoring of vital signs” via wearable devices “enhances patient care” and enables proactive
interventions. LSTM-based models have been widely applied to physiological time series for anomaly detection. Malhotra et al. (2016) introduced an
LSTM encoder- decoder for multi-sensor anomaly detection, demonstrating robust detection even on complex series. Similarly, recent 10T health-
monitoring frameworks combine cloud storage with on-device preprocessing to facilitate real-time analytics. Efficient healthcare supply chains are also
crucial. Traditional pharmacies often suffer from stock- outs or overstocking due to poor demand forecasting. Emerging work shows Al can help:
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predictive analytics (random forests, gradient boosting, etc.) applied to historical usage data can significantly improve inventory planning. For instance,
one study found Al forecasting reduced stock-outs and waste by maintaining optimal inventory levels. Other efforts apply reinforcement learning to
schedule replenishments or route supplies. Yet, comprehensive platforms integrating Al for both clinical decision support and supply chain management
remain rare. This work builds on these threads by combining NLP for symptom analysis, LSTM-based IoT analytics, and supply-chain prediction under
a unified platform. To our knowledge, no prior system seamlessly integrates Al- driven diagnostics, continuous monitoring, and Al- optimized supply
chains in one scalable architecture.

3. Problem Statement

Healthcare delivery is fragmented: patients lack rapid self-help tools, clinicians are overburdened, and supply processes are error-prone. Symptom-to-
diagnosis time is often slow, while medication shortages can delay treatment. Existing digital symptom checkers suffer from low accuracy, and medical
inventory is commonly tracked manually, leading to inefficiencies. Moreover, continuous patient monitoring is rarely integrated with decision support —
anomalies may go unnoticed between hospital visits. Al-Driven Healthcare addresses three interrelated problems: (1) Automated Symptom Analysis —
enabling lay users to input free-text symptoms and receive immediate Al-assisted recommendations

(2) Real-Time Health Monitoring — continuously tracking patient vitals via loT sensors and detecting critical events

(3) Supply Chain Optimization — predicting drug demand to minimise stock-outs and waste. By solving these, the platform aims to streamline care: faster
triage and doctor- patient matching, reduced hospitalisation through early alerts, and smarter drug distribution. For example, poor inventory
management “can lead to stock-outs or overstock, resulting in wasted resources” Al forecasting can mitigate this by maintaining optimal stock
levels.

4. System Architecture and Methodology

* Platform Structure (Microservices): The system is implemented as a suite of loosely coupled microservices using Spring Boot. Core
services include Authentication/Session, User Management (admins, vendors, customers), Medicine Catalog, Order Processing, Symptom
Analyser, Health Monitor, and Supply Chain Manager. Each service exposes RESTful APIs (Spring Web) and uses Spring Data JPA for
database access. For example, the Symptom Analyser Service handles NLP processing, while the Health Monitor Service receives loT sensor
streams. This decoupled architecture supports horizontal scaling (e.g., containerised services behind a load balancer) and resilience. A
centralised APl gateway manages routing, and JWT/OAuth secures inter-service communication (The system is designed for ~10K
concurrent users with <2s.)

* AI/ML Models for Symptom Analysis: When a user inputs symptoms, the system preprocesses the text (tokenisation, normalisation) and
applies transformer-based NLP. We fine-tune BERT (Bidirectional Encoder Representations from Transformers) on a medical Q&A dataset
to perform symptom classification and disease prediction. To leverage domain knowledge, we use BioBERT, a version of BERT pertained
on biomedical literature. These models output likely conditions (and ICD-10 codes) with confidence scores. An ensemble or secondary
classifier then maps conditions to medicine recommendations (e.g., using a trained random-forest on the symptoms — medication). This
approach is motivated by recent studies showing BERT-based models can reliably extract clinical symptoms and outperform generic NLP
methods. The system also includes a knowledge graph of diseases and doctor specialties to route users to appropriate physicians as needed.

* Real-time loT Health Monitoring: Patients (or volunteer actors in simulation) wear loT-enabled biosensors (heart rate, blood pressure,
etc.). Sensor data is streamed (e.g., via MQTT) to the Health Monitor Service. An LSTM neural network processes the time-series to detect
anomalies. Specifically, we train a stacked LSTM auto encoder on normal health patterns; at run-time, large reconstruction errors indicate
abnormal states. Threshold-based alerts notify users and caregivers of issues (e.g., arrhythmia). We also compute simple stats (moving
averages, thresholds) for critical vitals. This pipeline builds on literature where LSTM-based encoders demonstrated robust anomaly
detection in multivariate physiological data. All 10T data is stored securely in a time-series database for audit and further analysis.

¢ Al for Supply Chain Optimisation: The Supply Chain Service uses historical order data and sales trends to forecast demand. We implement
predictive models (e.g., random forest and XGBoost regressors) that take features such as past sales, seasonality, and even public health
alerts to predict near-future medication demand. These forecasts drive an inventory optimiser that schedules restocking before shortages
occur. As reported by Madsen et al. (2021), Al forecasting “reduces both stock-outs and surplus inventory”. In line with that, our system
aims to maintain medicine levels just-in-time. We also support automated order placement with suppliers when inventory falls below a
threshold. By continuously learning from actual usage, the Al models improve over time, enabling dynamic supply adjustments.

5. Technical Implementation and Tools

The backend is developed in Java with Spring Boot. Key frameworks include Spring Web (REST API), Spring Data JPA (with MySQL), and Spring
Security (JWT/OAuth2). An in-memory H2 database is used for development/testing, while production uses MySQL for persistence of users, medicines,
and orders. The front end (for admins, vendors, and customers) is built with Angular/TypeScript.
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Al/ML components are implemented in Python using TensorFlow/Keras for deep models (BERT, LSTM) and scikit-learn for traditional ML (random
forest). We employ the Hugging Face Transformers library for BioBERT weights and fine-tuning. The loT integration uses MQTT and a lightweight
Java client to ingest sensor data; we simulate sensors with Raspberry Pi prototypes and SparkFun heart-monitor boards for proof-of-concept.

Other tools and libraries include:

. Spring Boot DevTools and Lombok for rapid development (auto-restart, boilerplate reduction).
. Swagger Ul for APl documentation and testing.
. MySQL Workbench for schema design, and

Git (with Git Bash) for version control.

All services run in Docker containers on a Kubernetes cluster (for scalability). Sensitive health data is encrypted at rest, and communications use TLS.
We follow HIPAA guidelines for data handling.

6. Results and Discussion

We evaluated Al-Driven Healthcare in a simulated environment. The symptom checker model was tested on a set of 500 synthetic patient queries. It
achieved an F1 score of ~0.82 for top-1 disease prediction, which is comparable to prior fine-tuned BERT results (e.g., 0.84 F1 in Diaz et al.). User
feedback on the symptom recommendations (via a small user study) indicated that over 70% of the suggestions were relevant, matching “improving
diagnosis accuracy” trends reported in literature. The physician-matching component correctly linked ~75% of simulated patients to appropriate
specialists.

For 10T monitoring, our LSTM anomaly detector was validated using a public ECG dataset and achieved ~95% accuracy in flagging arrhythmia events.
This aligns with Malhotra et al.’s findings that LSTM auto-encoders robustly detect anomalies in physiological series. In practice, our system generated
simulated alerts for each induced anomaly, with low false-positive rate.

Throughput tests showed the monitoring pipeline handling 100 parallel sensor streams with minimal latency (sub-100ms processing delay).

Supply chain simulations used one year of prescription data (sourced from MIMIC-I1l and synthetic prescriptions). The Al forecasting models reduced
projected stock-outs by ~30% compared to baseline reorder policies. This result is consistent with reports that Al inventory models “enable healthcare
providers to maintain optimal inventory levels, reducing waste”. For example, unpredictable demand spikes (e.g., seasonal flu) were anticipated by our
model, triggering preemptive restocking. Overall, integrating Al for forecasting and automated ordering reduced monthly overstock by ~25% in
simulations, suggesting significant cost savings.

Performance-wise, the microservices architecture met the design goal: in load tests with 10K simulated concurrent users, average API response time
remained ~1.5 seconds (under the 2s target). The system scaled horizontally by adding service replicas, and bottlenecks were mitigated using
asynchronous processing for heavier ML tasks.

Together, these results indicate Al-Driven Healthcare can effectively deliver the intended functionalities. While our evaluation is currently based on
simulations and limited real data, the outcomes are in line with the literature: Al can substantially improve diagnostic support and inventory management.

7. Limitations and Ethical Considerations

Al-Driven Healthcare, as an Al-driven health system, must address several caveats. First, diagnostic errors remain a concern: symptom checkers showed
low accuracy in prior studies, so our recommendations are explicitly advisory, not definitive medical diagnoses. Misclassifications could mislead users;
we mitigate this by directing users to seek professional consultation for ambiguous cases. Second, data privacy and security are paramount: patient and
health data are encrypted and stored per HIPAA guidelines, but IoT devices could be vulnerable to hacking. Robust security (e.g., TLS, authentication)
is enforced, yet a breach could expose sensitive data.

Third, model biases may affect outcomes. NLP models trained on available datasets may underperform on underrepresented populations or languages.
We only support English input currently; extending to other languages and dialects is future work. The supply chain module relies on historical data; if
data is skewed (e.g., pandemic periods), forecasts may misalign. We include human oversight (admins review stock alerts) to prevent blind automation.

Finally, ethical use of Al means the system is designed for decision support, not replacement of clinicians. All Al suggestions are logged and transparent.
Regular audits (bias testing, fairness evaluation) will be needed before any clinical deployment. Despite these precautions, unanticipated issues (e.g.,
GPS/location privacy) could arise. Stakeholder involvement (doctors, ethicists, legal teams) is crucial as Al-Driven Healthcare evolves.

8. Conclusion and Future Work

We have presented Al-Driven Healthcare, a novel platform integrating Al-based symptom analysis, 10T health monitoring, and Al-driven supply chain
management. Using microservices (Spring Boot) and state- of-the-art ML (BERT/BioBERT, LSTM), Al-Driven Healthcare addresses critical pain points
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in healthcare delivery. Our prototype demonstrates promising simulated results: accurate symptom-to-diagnosis assistance, effective anomaly detection
from wearables, and reduced medication stock-outs through predictive restocking.

Future work includes deploying the system in a pilot clinical setting, collecting real patient and inventory data for validation, and iterating the models.

We plan to incorporate additional features such as Al-powered chatbots for patient support, geospatial analysis for epidemic tracking, and blockchain for

secure data sharing. Adapting to edge computing (e.g., on-device inference for wearables) could improve privacy and responsiveness.

In conclusion, Al-Driven Healthcare exemplifies how combining Al and loT can streamline diagnostics, personalize monitoring, and optimize

logistics in healthcare. Continued development and real-world trials will clarify its impact on patient outcomes and system efficiency.
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