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ABSTRACT: The increasing volume, velocity, and variety of healthcare data require advanced analytics frameworks 

capable of delivering real-time insights while supporting heterogeneous data modalities. This paper presents a 

multimodal AI–driven framework for real-time healthcare analytics using leading multicloud platforms integrated with 

Databricks. The proposed architecture enables seamless ingestion, processing, and analysis of structured, unstructured, 

imaging, and streaming healthcare data through unified data engineering and machine learning pipelines. Multimodal 

learning techniques are employed to fuse clinical records, medical images, sensor data, and textual information for 

enhanced predictive accuracy. Databricks serves as the core analytics and orchestration layer, facilitating scalable 

feature engineering, distributed training, and real-time inference across multicloud environments. The framework 

supports interoperability, fault tolerance, and elastic resource management, ensuring reliable performance for mission-

critical healthcare applications. Experimental evaluation demonstrates improved latency, scalability, and analytical 

effectiveness compared to conventional single-cloud approaches. The results highlight the potential of multimodal AI 

and multicloud analytics in enabling intelligent, responsive, and data-driven healthcare systems. 
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I. INTRODUCTION 

 

In the era of democratized artificial intelligence, building scalable, responsive, and reliable machine learning systems 

has become a strategic imperative for data-driven enterprises. Real-time feature engineering and intelligent model 

serving are critical pillars of such systems: the former transforms raw data streams into representations that models can 

act upon in milliseconds, and the latter enables automated inference at scale. Traditionally, organizations leverage a 

mix of cloud services and analytics platforms — each with unique strengths yet isolated operational boundaries. 

Databricks excels in unified analytics and stream processing, AWS SageMaker provides a mature managed model 

training and serving environment, and Azure Machine Learning offers rich MLOps features with deep integration into 

enterprise identity and governance frameworks. However, orchestrating workflows that span these platforms — so that 

feature generation on one system feeds inference on another in real time — remains complex. 

 

Real-time feature engineering requires low latency, scalability, and semantic consistency. Features must be computed 

and synchronized across streaming sources and batch stores, ensuring freshness for operational models. This becomes 

particularly challenging when platforms use different execution engines, APIs, and metadata systems. Further, disparate 

model registries and deployment mechanisms can impede cohesive lifecycle management. Without a unified 

framework, organizations often resort to point-to-point integrations that lack observability, increase operational 

overhead, and reduce adaptability. 

 

Multimodal data further complicates this picture. Modern applications ingest structured event logs, unstructured text, 

images, sensor time-series, and graph-based signals simultaneously. Engineering features from such diverse modalities 

in real time demands flexible pipelines capable of supporting heterogeneous transformations, distributed compute 

scheduling, and global consistency in feature definitions. 

 

Beyond the technical complexity, enterprises have stringent operational requirements. They must enforce security 

policies, manage costs, comply with regulatory standards, and ensure uptime for mission-critical workflows. In this 

context, existing solutions often fall short: siloed implementations cannot share lineage, fail to reuse features across 

models, and lack unified monitoring for performance and drift. 
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This research tackles these challenges by proposing a Multimodal AI Framework capable of coordinating real-time 

feature engineering and intelligent model serving spanning Databricks, AWS SageMaker, and Azure Machine 

Learning. The framework integrates event-centric feature stores, distributed compute orchestration, unified metadata 

tracking, and service-agnostic model serving endpoints. It bridges heterogeneous environments with abstraction layers 

that promote interoperability while maintaining each platform’s native capabilities. 

 

Specifically, the framework addresses the following needs: 

1. Unified Feature Lifecycle Management: Features are defined once using a canonical specification and 

materialized across platforms in a consistent manner. Real-time streaming feature pipelines produce low-latency feature 

views accessible to models across environments. 

2. Cross-Cloud Model Registry Integration: Trained models from different systems are cataloged in a shared 

registry, enabling consistent versioning, governance, and deployment across SageMaker and Azure ML endpoints. 

3. Intelligent Model Serving Orchestration: Utilizing policy-driven routing, the framework dynamically dispatches 

inference requests to the most appropriate serving endpoint based on performance, cost, and availability metrics. 

4. Event-Driven Synchronization: Leveraging event streaming and message brokers, pipelines coordinate state 

changes and propagate metadata updates, ensuring that feature stores and model registries remain synchronized. 

 

This paper presents the architectural design, implementation details, and empirical results validating the framework on 

real-world benchmarks. We demonstrate improvements in latency, feature reuse, and operational manageability 

compared to traditional platform-specific pipelines. The remainder of this article is structured as follows: Section 2 

reviews prior work, Section 3 describes the research methodology, Section 4 discusses results, Section 5 concludes, and 

Section 6 suggests directions for future work. 

 

II. LITERATURE REVIEW 

 

Research at the intersection of real-time analytics, distributed machine learning platforms, and cross-cloud 

orchestration has matured significantly over the last decade. Early work in distributed computing laid theoretical 

foundations for synchronization, fault tolerance, and consensus in heterogeneous systems (Chandra & Toueg, 1996; 

Lamport, 1998). These principles remain relevant as AI workloads span clusters and clouds. 

 

Feature engineering — traditionally a batch-centric activity — has evolved toward real-time processing with the rise of 

stream processing engines such as Apache Spark Streaming, Flink, and Kafka Streams. Kreps et al. (2011) highlighted 

the role of distributed messaging in handling large-scale event ingestion, while Zaharia et al. (2013) established unified 

analytics using in-memory processing at scale. Real-time feature stores (e.g., Feast) emerged to serve features with low 

latency and consistent semantics across training and production. 

 

Cloud-native machine learning platforms such as AWS SageMaker and Azure Machine Learning abstract much of the 

complexity around training, tuning, and deploying models. Researchers have explored automated model deployment 

and monitoring in these managed environments, but many studies remain limited to single-cloud scenarios. 

 

Multicloud orchestration has risen as a strategy to mitigate vendor lock-in and improve resilience. Smith and Kumar 

(2018) discussed frameworks for cross-cloud resource management, and Li et al. (2017) investigated federation 

mechanisms across heterogeneous environments. Federated learning and distributed model training across clouds have 

also been explored. 

 

In healthcare and other regulated domains, ensuring consistent data governance across analytics pipelines adds another 

layer of complexity. Work on privacy-preserving analytics and secure cross-cloud workflows underscores the need for 

unified governance models. 

 

However, there is limited prior work that explicitly connects real-time feature engineering with cross-cloud model 

serving mechanisms in a multimodal context. Most contributions address subsets of the problem, such as intra-cloud 

analytics, singular model deployment, or feature stores decoupled from serving infrastructure. This research fills that 

gap by presenting an integrated framework that spans Databricks, AWS, and Azure ecosystems. 
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III. RESEARCH METHODOLOGY 

 

1. Objective Definition:  
Define the goals of real-time feature engineering and orchestrated model serving across platforms. Identify key 

performance indicators (latency, throughput, resource utilization) and governance metrics (lineage, versioning 

compliance). 

2. System Architecture Blueprint:  
Design a modular architecture featuring (a) streaming ingestion pipelines, (b) distributed feature store with canonical 

definitions, (c) metadata catalog and model registry, and (d) cross-cloud model serving layer with intelligent routing. 

3. Unified Metadata Specification:  
Create a canonical metadata schema using industry standards (e.g., OpenAPI, OpenLineage) for feature definitions, 

model artifacts, and pipeline state. This schema ensures consistency across Databricks, AWS, and Azure. 

4. Feature Store Implementation:  
Implement an event-driven feature store architecture using streaming sources and CDC connectors to ensure real-time 

sync of features into consistently defined materialized views. 

5. Databricks Real-Time Pipelines:  
Use Databricks Structured Streaming to extract and transform incoming events into feature vectors. Augment with 

Delta Lake for stateful storage that supports incremental updates and versioning. 

6. Cross-Cloud Model Registry:  
Integrate AWS SageMaker Model Registry and Azure ML Model Registry into a unified logical catalog. Synchronize 

metadata and model artifacts via APIs and event notifiers. 

7. Model Training Workflows:  
Develop pipelines to train models on aggregated datasets with scheduled batch jobs or interactive sessions. Capture 

model lineage and hyperparameter metadata for traceability. 

8. Intelligent Serving Layer:  
Build a policy-driven routing service that monitors endpoint performance and allocates inference requests to available 

SageMaker or Azure endpoints based on SLA objectives. 

9. Orchestration and Workflow Automation:  
Use workflow engines (e.g., Apache Airflow) for orchestrating dependent jobs, retries, and conditions. Ensure 

consistent scheduling across platforms. 

10. Monitoring and Observability:  
Implement centralized logging, metrics collection, and alerting using standards (e.g., Prometheus, Grafana) to measure 

system health and detect drift or bottlenecks. 

11. Security and Access Control:  
Enforce encrypted communications, role-based access control, and identity federation across environments to maintain 

compliance and governance. 

12. Latency and Throughput Benchmarking:  
Create synthetic workloads and replay real-world streaming datasets to measure feature computation and inference 

latencies. 

13. Failure Injection Testing:  
Simulate platform outages, network partitions, and resource fluctuations to evaluate robustness of the orchestration and 

service routing mechanisms. 

14. Model Accuracy Evaluation:  
Compare model performance using cross-validation and real-time inference accuracy measures to ensure that 

engineering choices do not degrade predictions. 

15. Cost and Resource Analysis:  
Record compute utilization and billing metrics to assess cost efficiency across scenario variations. 
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Figure 1: Architectural Design of the Proposed Framework 

 

Advantages 

• Unified pipelines improve feature reuse and reduce duplication.  

• Intelligent routing optimizes latency and availability.  

• Cross-cloud orchestration increases fault tolerance.  

• Centralized metadata ensures traceability and governance.  

• Supports multimodal data sources with heterogeneous feature types. 

 

Disadvantages 

• Complexity of cross-cloud integration increases operational overhead.  

• Data movement between clouds incurs performance and security concerns.  

• Cost estimation and optimization require careful planning.  

• Latency overhead may occur due to inter-cloud communications. 

 

IV. RESULTS AND DISCUSSION 

 

Performance Metrics:  
Latency analysis showed a consistent reduction in feature access delay when using the unified feature store compared 

to independent isolated pipelines. Average inference time dropped below predefined SLAs when intelligent routing 

dispatched requests to best-performing endpoints. 

Fault Tolerance:  
Simulated outages of individual endpoints triggered automatic rerouting with negligible impact on end-user experience. 

Monitoring dashboards showed graceful degradation without major errors. 

Model Accuracy:  
Models trained and served in this integrated environment maintained performance comparable to isolated pipelines, 

indicating that orchestration overhead did not compromise predictive quality. 

Operational Overhead:  
While initial integration effort was significant, once instrumented, automated workflows reduced manual intervention 

and increased maintainability. 

Cost Analysis:  
Shared orchestration reduced redundant compute usage by consolidating feature engineering tasks, producing cost 

benefits when scaled. 
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Governance Compliance:  
Unified metadata and lineage tracking fulfilled regulatory audit requirements, supporting enterprise compliance 

frameworks. 

 

V. CONCLUSION 

 

This research demonstrates that real-time feature engineering and intelligent model serving can be effectively bridged 

across Databricks, AWS SageMaker, and Azure ML using a multimodal AI framework. By abstracting common 

concerns such as feature definitions, metadata tracking, and intelligent endpoint routing, the framework provides a 

unified operational surface that improves latency, reliability, and governance. The empirical results confirmed that the 

proposed architecture met performance expectations and provided resilience against failures while enabling model 

reuse and multidisciplinary collaboration. 

 

The success of coordinated pipelines underscores the value of architectural foresight when building enterprise-scale AI 

systems. Organizations adopting solutions like this framework gain flexibility, reduce vendor lock-in, and unlock 

higher ROI on data infrastructure investments. However, the framework also highlights areas where tooling and 

ecosystem gaps remain, particularly around seamless cross-provider metadata synchronization and cost optimization. 

In closing, this work contributes both a design blueprint and practical insights demonstrating how disparate cloud 

platforms can be woven into a cohesive AI fabric capable of powering real-time intelligence at scale. 

 

VI. FUTURE WORK 

 

Future work will explore the integration of federated learning to enable privacy-preserving analytics across distributed 

healthcare institutions, while extending the framework with explainable AI models to improve transparency and clinical 

trust. The incorporation of edge analytics will be investigated to reduce latency for time-critical healthcare use cases, 

alongside AI-driven security mechanisms to strengthen data protection and regulatory compliance. Future research will 

examine adaptive workload scheduling for cost-efficient multicloud resource utilization and enhance support for real-

time clinical decision support systems. Integration with electronic health record (EHR) interoperability standards will 

be evaluated to improve data exchange and usability. The impact of generative AI models on healthcare analytics 

performance will be studied, with an emphasis on longitudinal patient data analytics for predictive insights. 

Additionally, energy-aware analytics strategies will be considered to support sustainable cloud operations. The 

framework will be validated using large-scale real-world healthcare datasets, while cross-cloud data governance and 

policy enforcement mechanisms will be further refined. Automated model lifecycle management will be introduced to 

support continuous learning, the applicability of the framework to population-scale healthcare analytics will be 

explored, and comprehensive performance benchmarking against emerging cloud-native AI platforms will be 

conducted. 
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