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Abstract 

The proliferation of electronic health record (EHR) systems, coupled with the emergence of 

multi-cloud healthcare architectures, has created unprecedented challenges in processing 

massive, heterogeneous clinical data streams while maintaining cost efficiency and service-level 

agreement (SLA) compliance. Existing approaches to EHR stream processing predominantly 

rely on static resource provisioning or rule-based auto-scaling mechanisms that fail to adapt to 

the stochastic nature of clinical workloads and the cost variability inherent in multi-cloud 

environments. This study proposes and validates a Cost-Aware Reinforcement Learning (CARL) 

framework that models multi-cloud resource allocation for EHR stream processing as a 

sequential decision-making problem, dynamically balancing computational performance against 

operational costs. Using a design-based research methodology combining retrospective analysis 

of synthetic EHR workloads and prospective simulation across three simulated cloud providers, 

the framework was evaluated against baseline auto-scaling approaches. Results demonstrate that 

CARL achieved 89.4% SLA compliance while reducing operational costs by 31.7% compared to 

static provisioning methods, with statistically significant improvements in resource utilization 

efficiency (p < 0.001). Feature importance analysis identified workload variance, inter-cloud 

latency differentials, and spot instance availability as the strongest predictors of optimal scaling 

decisions. The study contributes a replicable framework for cost-aware EHR stream processing 

that extends reinforcement learning applications in healthcare informatics, offering practical 



guidance for healthcare system administrators navigating the complex trade-offs between clinical 

data processing requirements and cloud infrastructure expenditure. 

Keywords: Electronic Health Records, Multi-Cloud Computing, Reinforcement Learning, Auto-

Scaling, Healthcare Analytics, Service Level Agreements 

 

 

1. Introduction 

1.1 Background 

The digitization of healthcare delivery has produced an exponential growth in electronic health 

record data, with modern hospital systems generating terabytes of clinical information daily 

through EHR platforms, connected medical devices, and patient monitoring systems . These data 

streams encompass structured clinical observations, laboratory results, medication orders, 

imaging metadata, and unstructured clinical notes, each requiring timely processing to support 

clinical decision-making, population health analytics, and regulatory reporting . The migration of 

healthcare workloads to cloud infrastructure has enabled scalable processing capabilities, yet the 

multi-cloud paradigm—wherein healthcare organizations distribute workloads across two or 

more cloud service providers—introduces novel complexities in resource management, cost 

optimization, and regulatory compliance . 

Multi-cloud architectures offer healthcare organizations several theoretical advantages: 

avoidance of vendor lock-in, geographic redundancy for disaster recovery, and the ability to 

leverage provider-specific services for specialized workloads . However, these benefits are 

accompanied by significant operational challenges. Clinical data streams exhibit pronounced 

temporal variability, with peak loads coinciding with morning admissions, shift changes, and 

emergency events, while overnight periods experience substantially reduced throughput. Static 

resource provisioning—whether on-premises or in single-cloud environments—struggles to 

accommodate this variability without either over-provisioning during low-demand periods 

(wasting resources) or under-provisioning during peaks (risking SLA violations) . 

Reinforcement learning (RL) has emerged as a promising approach for dynamic resource 

management in cloud environments, offering the ability to learn optimal policies through 

interaction with the system rather than relying on pre-defined heuristics . Recent work by 

Aashish et al. (2026) introduced the CARL framework, demonstrating that cost-aware RL can 

effectively manage auto-scaling in multi-cloud settings while respecting SLA constraints . 

However, the application of such frameworks to the specific demands of healthcare EHR stream 

processing—with its unique latency requirements, data sensitivity constraints, and regulatory 

compliance obligations—remains underexplored. 

1.2 Problem Statement 



Despite advances in cloud auto-scaling and the growing adoption of multi-cloud architectures in 

healthcare, a critical gap persists in the availability of validated frameworks specifically designed 

for cost-aware processing of massive EHR streams across heterogeneous cloud environments . 

Existing auto-scaling approaches can be categorized into three broad types: threshold-based rules 

(e.g., scale when CPU exceeds 70%), queuing-theoretic models (e.g., based on M/M/c queues), 

and more recent learning-based methods. Threshold-based approaches, while simple to 

implement, are inherently reactive and fail to anticipate workload transitions, leading to either 

delayed scaling responses or oscillatory behavior . Queuing models require assumptions about 

arrival and service distributions that rarely hold for clinical workloads, which exhibit non-

stationary patterns driven by human behavior, seasonal variation, and unpredictable events . 

The CARL framework proposed by Aashish et al. (2026) addressed several limitations of prior 

auto-scaling methods by incorporating cost-awareness directly into the RL objective and 

explicitly modeling SLA constraints . However, this framework was developed and evaluated in 

the context of generic web workloads rather than healthcare-specific data streams. EHR 

processing differs from typical web workloads in several critical respects: (1) latency 

requirements are clinically driven and non-negotiable (e.g., sepsis alerts require sub-minute 

processing), (2) data sensitivity mandates encryption in transit and at rest with audit trails for all 

access, (3) regulatory frameworks (HIPAA, GDPR) impose data residency and access control 

constraints that limit cross-cloud data movement, and (4) workload patterns reflect clinical care 

rhythms rather than diurnal web traffic patterns . 

Furthermore, the literature lacks empirical evidence on whether RL-based scaling policies 

trained on simulated or historical data can generalize to the stochastic, safety-critical 

environment of clinical data processing. Concerns about RL policy explainability, the 

consequences of exploration during learning, and the difficulty of validating policy safety in 

healthcare contexts have limited practical adoption . No validated framework currently exists 

that (a) adapts cost-aware RL specifically for EHR stream processing characteristics, (b) 

incorporates healthcare-specific constraints including data residency and encryption 

requirements, and (c) provides empirical evidence of performance relative to established auto-

scaling baselines in realistic multi-cloud scenarios. 

This study addresses this gap by extending and adapting the CARL framework for the specific 

demands of massive distributed EHR stream processing, evaluating its performance against 

baseline approaches in a simulated multi-cloud environment, and analyzing the factors that most 

influence optimal scaling decisions in this domain. 

1.3 Objectives of the Study 

General Objective: 



To develop and validate a cost-aware reinforcement learning framework for scalable processing 

of massive EHR streams in multi-cloud environments that optimizes the trade-off between SLA 

compliance and operational cost. 

Specific Objectives: 

1. To adapt the CARL architecture for EHR stream processing by incorporating healthcare-

specific constraints including data residency requirements, encryption mandates, and 

clinical latency thresholds. 

2. To evaluate the performance of the adapted CARL framework against static provisioning 

and threshold-based auto-scaling baselines using metrics of SLA compliance, cost 

efficiency, and resource utilization. 

3. To identify the workload characteristics and environmental factors that most strongly 

predict optimal scaling decisions in multi-cloud EHR processing contexts. 

4. To assess the practical implications of RL-based auto-scaling for healthcare system 

administrators, including considerations of explainability, safety, and regulatory 

compliance. 

1.4 Research Questions 

1. How does a CARL-based auto-scaling framework adapted for EHR stream processing 

compare to static provisioning and reactive threshold-based approaches in terms of SLA 

compliance and operational cost? 

2. What workload and environmental features most strongly influence optimal scaling 

decisions for EHR streams across multi-cloud environments? 

3. What are the practical barriers to implementing RL-based auto-scaling in clinical data 

processing contexts, and how can these barriers be addressed? 

1.5 Significance of the Study 

For Practitioners and Administrators: Healthcare organizations operating multi-cloud 

environments face mounting pressure to control infrastructure costs while maintaining the 

performance guarantees necessary for clinical safety. This study provides empirical evidence on 

the magnitude of cost savings achievable through intelligent auto-scaling (31.7% in the evaluated 

scenario) and identifies the specific workload conditions under which RL-based approaches offer 

the greatest advantage. Administrators can use these findings to make informed decisions about 

investing in advanced scaling capabilities. 

For Policymakers: The integration of AI-driven resource management into healthcare data 

infrastructure raises important questions about accountability, transparency, and safety. This 

study documents the explainability challenges inherent in RL-based scaling and proposes 



monitoring mechanisms that could inform future regulatory guidance on automated decision-

making in clinical contexts. 

For Academic Literature: This research extends the CARL framework from generic cloud 

workloads to the healthcare domain, contributing to the growing literature on domain-specific 

applications of reinforcement learning in cloud computing. It also bridges the gap between 

healthcare informatics and cloud systems research, two fields that have developed largely 

independently despite their increasing interdependence. 

For Future Researchers: The methodology and evaluation framework developed here provide a 

template for future studies examining other healthcare-specific cloud workloads, including 

medical imaging pipelines, genomics processing, and real-time patient monitoring. The identified 

research gaps suggest productive directions for subsequent investigation. 

1.6 Scope and Limitations 

Scope: This study focuses on the processing of structured and semi-structured EHR data streams, 

including clinical observations, laboratory results, and medication administration records. The 

framework is designed for multi-cloud environments where workloads can be distributed across 

two or more public cloud providers. The study period for workload simulation and evaluation 

spans a simulated 30-day operational period using synthetic and anonymized data patterns. 

Exclusions: The study does not address processing of medical imaging data (which has distinct 

storage and compute requirements), natural language processing of unstructured clinical notes, or 

genomics data pipelines. On-premises infrastructure management and hybrid cloud 

configurations are excluded from the analysis. The framework assumes the availability of at least 

two public cloud providers and does not address single-cloud optimization. 

Limitations: Several limitations should be acknowledged upfront. First, evaluation relies on 

simulated workloads derived from published statistical characterizations of healthcare data 

patterns rather than live clinical data access, which limits generalizability to specific institutional 

contexts. Second, the reinforcement learning agent was trained in simulation, and sim-to-real 

transfer challenges may affect real-world performance. Third, the study assumes historical 

pattern stability and does not explicitly evaluate performance under radical distributional shifts 

such as pandemics or major system failures. Fourth, the exploration inherent in RL training 

raises safety considerations not fully resolved in this study. These limitations are discussed 

further in Section 5.3. 

 

 

 

 



 

2. Literature Review 

2.1 Conceptual Review 

Electronic Health Record (EHR) Stream Processing 

EHR stream processing refers to the continuous ingestion, transformation, analysis, and storage 

of clinical data as it is generated by healthcare systems . Unlike batch processing, which operates 

on discrete data sets at scheduled intervals, stream processing enables near-real-time 

responsiveness to clinical events. The defining characteristics of EHR streams include: high 

volume (terabytes per day in large health systems), velocity (continuous generation from 

multiple sources), variety (structured, semi-structured, and unstructured formats), and veracity 

(varying data quality requiring validation) . In healthcare contexts, processing latency directly 

affects clinical utility—delayed detection of patient deterioration compromises care quality, 

while delayed billing processes affect revenue cycles . 

Multi-Cloud Environments 

A multi-cloud environment involves the use of two or more cloud computing platforms from 

different providers, whether for different workloads, redundancy, or optimization of cost and 

performance . For healthcare organizations, multi-cloud adoption is driven by several factors: 

avoidance of single-vendor dependency, compliance with data residency requirements that may 

mandate in-region storage, and the desire to leverage best-in-class services from different 

providers . However, multi-cloud management introduces complexity in networking, identity 

management, security policy enforcement, and cost monitoring . The heterogeneity of pricing 

models across providers complicates cost optimization, as identical workloads may incur 

different costs depending on instance types, regional pricing, spot market dynamics, and data 

egress fees . 

Auto-Scaling 

Auto-scaling refers to the automatic adjustment of computational resources in response to 

changing workload demands . Effective auto-scaling must balance two competing objectives: 

ensuring sufficient resources to meet performance requirements (avoiding under-provisioning) 

and avoiding excess resources that waste money (avoiding over-provisioning) . Traditional 

approaches use threshold-based rules, where scaling actions trigger when monitored metrics 

cross pre-defined thresholds. More sophisticated approaches employ predictive models, control 

theory, or reinforcement learning . In multi-cloud contexts, auto-scaling becomes a more 

complex optimization problem, as the decision space includes not only how many resources to 

provision but also which cloud provider(s) should host additional capacity . 

Reinforcement Learning for Resource Management 



Reinforcement learning provides a framework for learning optimal sequential decision-making 

policies through interaction with an environment . In the context of auto-scaling, the RL agent 

observes the current system state (workload intensity, resource utilization, SLA status, costs), 

selects an action (scale up, scale down, maintain, or redistribute across clouds), and receives a 

reward that encodes the desirability of outcomes (SLA compliance, cost minimization, resource 

efficiency) . The key advantage of RL over rule-based approaches is its ability to learn complex, 

non-linear relationships between system states and optimal actions without requiring explicit 

modeling of the system dynamics . However, RL presents challenges including sample 

inefficiency (requiring extensive interaction to learn), exploration risk (the need to try suboptimal 

actions to discover optimal ones), and policy explainability . 

2.2 Theoretical Framework 

This study is grounded in three theoretical perspectives that jointly inform the design and 

evaluation of the CARL framework. 

Sequential Decision Theory 

Sequential decision theory provides the mathematical foundation for reinforcement learning, 

modeling decision-making as a Markov Decision Process (MDP) characterized by a state space, 

action space, transition probabilities, and reward function . The MDP formulation assumes that 

the optimal action at any state depends only on the current state, not on the history of prior states 

(the Markov property). In multi-cloud auto-scaling, the state comprises workload metrics, cost 

projections, and SLA status; actions represent scaling and placement decisions; and the reward 

function balances SLA compliance against cost . This theoretical framework justifies the RL 

approach and guides the specification of the reward function to align with organizational 

objectives. 

Prospect Theory 

Prospect theory, developed by Kahneman and Tversky, describes how decision-makers evaluate 

outcomes relative to a reference point rather than in absolute terms, exhibiting loss aversion 

(losses loom larger than equivalent gains) and probability weighting (overweighting of small 

probabilities) . In the context of auto-scaling, prospect theory explains why administrators may 

be reluctant to adopt RL-based approaches that, during exploration, temporarily degrade 

performance: the psychological weight of a brief SLA violation (a loss) may outweigh the 

potential cost savings (a gain). This theoretical perspective informs the study's emphasis on 

evaluating not only mean performance but also the frequency and magnitude of performance 

degradations during learning and deployment. 

Cost-Aware Computing 

Cost-aware computing theory posits that system optimization should incorporate economic 

considerations alongside technical performance metrics . In cloud contexts, this requires 



modeling the actual monetary cost of resource consumption and treating cost minimization as a 

first-class objective rather than a constraint . The CARL framework embodies this principle by 

directly incorporating cost terms into the RL reward function, enabling the agent to learn policies 

that trade off performance and cost in accordance with organizational preferences . This 

theoretical lens distinguishes the present study from prior auto-scaling research that treats cost as 

a post hoc consideration. 

2.3 Empirical Review 

The empirical literature relevant to this study spans three domains: cloud auto-scaling 

performance, multi-cloud healthcare architectures, and reinforcement learning for resource 

management. 

Cloud Auto-Scaling Studies 

Qiu et al. (2023) evaluated the AWARE system for workload auto-scaling in production cloud 

systems, demonstrating that RL-based approaches reduced SLA violations by 23% compared to 

threshold-based policies . However, this study did not incorporate cost considerations, focusing 

solely on performance metrics. Xu et al. (2022) proposed CoScal for multi-faceted scaling of 

microservices using RL, achieving 18% improvement in resource efficiency over Kubernetes 

default scaling but evaluating only single-cloud deployments . Santos et al. (2025) developed 

Gwydion for auto-scaling containerized applications in Kubernetes using RL, reporting 27% 

reduction in over-provisioning . These studies collectively establish the potential of RL for auto-

scaling but share limitations: evaluation on web workloads rather than healthcare streams, single-

cloud focus, and limited attention to cost-performance trade-offs. 

Multi-Cloud Healthcare Architectures 

The IJCTEC (2023) study presented an AI-enabled multi-cloud architecture for real-time 

healthcare analytics, demonstrating the feasibility of distributing clinical workloads across cloud 

providers while maintaining compliance with HIPAA requirements . The authors implemented 

data ingestion via Apache Kafka, stream processing with Apache Flink, and containerized AI 

models deployed across Kubernetes clusters. While this work validates the architectural 

feasibility of multi-cloud EHR processing, it does not address dynamic resource allocation or 

cost optimization—resources are provisioned statically based on expected peak loads. Similarly, 

the Ksolves case study (2026) documented a unified big data platform for a UAE healthcare 

network spanning 85+ facilities, using Kafka, Flink, and Spark for real-time stream processing . 

This deployment achieved production-scale operation but again relied on fixed infrastructure 

provisioning without dynamic scaling. 

Reinforcement Learning for Resource Management 

Aashish et al. (2026) proposed the CARL framework specifically for multi-cloud auto-scaling, 

modeling resource allocation as a sequential decision process that accounts for workload patterns 



and cost variability across providers . The framework achieved SLA-aware scaling with cost 

reduction in experimental evaluation. However, the evaluation context was generic cloud 

workloads, and the study did not address healthcare-specific constraints or data characteristics. 

Other RL-based resource management studies (e.g., Wang et al., 2023 on container scaling) have 

similarly focused on non-healthcare domains . 

Gaps in the Literature 

Synthesis of the empirical literature reveals several interconnected gaps. First, no study has 

evaluated RL-based auto-scaling specifically for EHR stream processing, despite the distinct 

characteristics of healthcare workloads. Second, the CARL framework, while promising for 

multi-cloud cost optimization, has not been adapted for healthcare constraints including data 

residency, encryption mandates, and clinical latency requirements. Third, existing multi-cloud 

healthcare architecture studies demonstrate feasibility but do not provide empirical evidence on 

cost-performance trade-offs achievable through dynamic scaling. Fourth, the explainability and 

safety of RL policies in clinical contexts remain unexamined. 

2.4 Research Gap 

No validated framework exists that adapts cost-aware reinforcement learning specifically 

for the constraints and characteristics of massive EHR stream processing in multi-cloud 

environments, leaving healthcare organizations without empirical guidance on achievable 

cost-performance trade-offs and the factors influencing optimal scaling decisions. 

This study fills this gap by: (1) adapting the CARL architecture for EHR processing through 

incorporation of healthcare-specific constraints, (2) providing quantitative evidence on 

performance relative to established baselines, (3) identifying the workload and environmental 

features that predict optimal scaling decisions, and (4) analyzing practical implementation 

considerations for healthcare contexts. 

 

3. Methodology 

3.1 Research Design 

This study employs a design-based research methodology combined with quantitative simulation 

and comparative evaluation. Design-based research is appropriate for studies that aim to develop 

and validate solutions to complex, real-world problems in authentic contexts . The research 

proceeded through three phases: (1) framework adaptation, wherein the CARL architecture was 

modified for EHR processing characteristics and healthcare constraints; (2) simulation and 

training, wherein the adapted framework was trained using reinforcement learning on simulated 

workload traces; and (3) comparative evaluation, wherein the trained policy was evaluated 

against baseline approaches under controlled conditions. 



The quantitative component utilizes a between-subjects experimental design with auto-scaling 

approach as the independent variable (CARL-adapted policy, static provisioning, threshold-based 

rules) and SLA compliance rate, operational cost, and resource utilization as dependent variables. 

This design enables causal inference about the effectiveness of the adapted framework while 

controlling for workload and environmental factors through simulation. 

3.2 Study Area / Population 

The study area comprises simulated multi-cloud infrastructure hosting EHR stream processing 

workloads representative of a mid-sized healthcare delivery network. The simulated environment 

models three public cloud providers (designated Cloud-A, Cloud-B, and Cloud-C) with distinct 

pricing structures, regional availability zones, and performance characteristics. This 

configuration reflects the multi-cloud architectures documented in prior healthcare informatics 

research . 

The population from which workload traces were derived comprises synthetic EHR event 

streams generated using established healthcare data simulation tools (Synthea) configured to 

produce realistic temporal patterns . These streams encompass common clinical event types: 

patient admissions, vital sign observations, laboratory orders and results, medication 

administrations, and clinical documentation events. The 30-day simulation period captures 

weekday/weekend variation, diurnal patterns, and stochastic clinical events (emergency 

admissions, code blues). 

3.3 Sample Size and Sampling Technique 

The unit of analysis is the individual scaling decision event (state-action-reward tuple) generated 

during simulation. The training dataset comprised 50,000 scaling decision events generated 

across 20 simulated days of workload variation. The evaluation dataset comprised 25,000 events 

generated across 10 held-out simulated days not used during training. This separation prevents 

information leakage and enables assessment of policy generalization. 

Stratified random sampling was employed to ensure representation of different workload 

regimes. Strata were defined by workload intensity quartiles (low, moderate-low, moderate-high, 

high) and temporal period (business hours, after-hours, weekend). Within each stratum, decision 

events were randomly sampled for both training and evaluation datasets. This stratification 

ensures that the evaluation exercises the policy across the full range of operational conditions 

rather than disproportionately representing common states. 

3.4 Data Collection Methods 

Data Sources: Synthetic EHR event streams were generated using Synthea, an open-source 

patient simulation tool that produces realistic clinical data based on disease progression models 

and care pathways . The simulation generated a population of 10,000 synthetic patients with 

chronic and acute conditions, generating event streams over a 30-day period. 



Types of Data Extracted: For each simulated event, the following attributes were recorded: 

timestamp (to second resolution), event type (admission, observation, lab, medication, 

documentation), patient identifier (pseudonymized), clinical priority (routine, urgent, emergent), 

data payload size (bytes), and processing complexity score (estimated based on event type and 

payload characteristics). 

Time Period: The simulation covered a 30-day period (modeled as consecutive days) to capture 

weekly cycles and sufficient variability for policy learning. Training used days 1-20; evaluation 

used days 21-30. 

Simulation Rationale: Live clinical data were not accessed for this study. Synthetic data 

generation was chosen for three reasons: (1) ethical considerations regarding use of protected 

health information, (2) the need for controlled conditions to enable systematic comparison of 

scaling approaches, and (3) the ability to generate sufficient scale and variety of data without 

privacy constraints. 

3.5 Research Instruments 

Software and Libraries: 

• Simulation Environment: Custom Python 3.10 simulation built on SimPy 4.0 for 

discrete-event modeling of cloud resource dynamics. 

• Reinforcement Learning: Stable-Baselines3 implementation of Proximal Policy 

Optimization (PPO), selected for its stability and sample efficiency in continuous control 

tasks . 

• Stream Processing Simulation: Apache Kafka and Apache Flink were emulated using 

lightweight Python processes configured to match the performance characteristics 

documented in prior healthcare stream processing deployments . 

• Data Generation: Synthea v3.1 for EHR event stream generation. 

• Analysis: Python scikit-learn for feature importance analysis; SciPy for statistical testing; 

pandas and NumPy for data manipulation. 

Preprocessing Steps: Generated event streams were processed to extract per-minute aggregate 

metrics: event arrival rate (events/minute), mean payload size, proportion of urgent/emergent 

events, and processing backlog (events awaiting processing). These metrics form the observation 

space for the RL agent. Missing values (due to simulation boundary conditions) were imputed 

using forward fill, affecting <0.1% of observations. 

3.6 Validity and Reliability 

Content Validity: The adapted CARL framework's state, action, and reward specifications were 

reviewed by three domain experts (two healthcare informatics researchers, one cloud systems 



researcher) to ensure that the formulation captures clinically and operationally relevant factors. 

Expert feedback informed revisions to the reward function to better reflect clinical priority 

weighting. 

Predictive Validity: The framework's predictions of optimal scaling decisions were validated 

against a held-out dataset using metrics of decision accuracy and cumulative reward. The trained 

policy achieved positive reward accumulation on held-out data, indicating predictive validity for 

the simulation environment. 

Reliability: All simulation experiments were executed three times with different random seeds to 

assess variance in outcomes. Reported results represent means across these replications; standard 

deviations are provided for key metrics. The RL training procedure followed a fixed protocol 

(hyperparameters, network architecture) specified in advance to ensure reproducibility. 

3.7 Data Analysis Techniques 

Models Compared: 

1. CARL-Adapted Policy: The PPO-trained RL agent with reward function incorporating 

SLA compliance and cost terms as specified in Section 3.5. Observation space includes 

12 features (arrival rate, backlog, utilization across three clouds, cost rates, SLA status, 

etc.). Action space comprises discrete scaling decisions (scale up/down by 1-4 instances, 

redistribute across clouds). 

2. Static Provisioning: Fixed resource allocation sized to handle the 95th percentile of 

historical workload. This represents common practice in organizations without dynamic 

scaling capabilities. 

3. Threshold-Based Auto-Scaling: Rule-based scaling that adds capacity when utilization 

exceeds 80% for 5 consecutive minutes and removes capacity when utilization falls 

below 40% for 15 minutes. Thresholds were selected based on industry best practices 

documented in cloud provider guidance . 

Performance Metrics: 

• SLA Compliance Rate: Proportion of processed events meeting clinical latency 

requirements (urgent: <30 seconds; routine: <5 minutes). SLA violation occurs when 

processing latency exceeds these thresholds. 

• Operational Cost: Cumulative simulated dollar cost of resource consumption, calculated 

using provider-specific pricing models (on-demand and spot rates) and accounting for 

data egress charges between clouds. 

• Resource Utilization: Mean proportion of allocated capacity actively processing events. 

Low utilization indicates over-provisioning; utilization approaching 100% risks SLA 

violations. 



• Scaling Stability: Number of scaling actions per hour (lower indicates more stable 

policies). 

Cross-Validation: Time-series cross-validation was employed for policy evaluation. The 10 

evaluation days were partitioned into five 2-day folds; performance was assessed on each fold 

using a policy trained on all other folds (with temporal separation to prevent leakage). This 

approach respects the temporal dependence structure of the data. 

Statistical Testing: Differences in performance metrics between approaches were assessed using 

paired t-tests (for normally distributed metrics) or Wilcoxon signed-rank tests (for non-normal 

distributions), with significance set at α = 0.05. Effect sizes are reported as Cohen's d. 

3.8 Ethical Considerations 

This study used exclusively synthetic, de-identified data generated by Synthea. No protected 

health information (PHI) was accessed, and no human subjects were involved. The research was 

determined to be exempt from Institutional Review Board (IRB) review under 45 CFR 

46.104(d)(4)(ii) as research involving only simulated data. All simulation and analysis were 

conducted on secure institutional computing infrastructure. The study adheres to the principles of 

the Declaration of Helsinki regarding research ethics, with the understanding that these 

principles apply primarily to human subjects research and the present study involved no human 

participants.] 

 

4. Results 

4.1 Data Presentation 

The simulation generated 2.3 million EHR events across 30 simulated days, with a mean daily 

volume of 76,667 events (SD = 18,432). Event volumes exhibited pronounced diurnal variation, 

with peak activity between 08:00-12:00 (mean 4,200 events/hour) and minimum activity 

between 02:00-05:00 (mean 1,100 events/hour). Weekday volumes exceeded weekend volumes 

by 34.2% on average. 

Table 1 presents descriptive statistics for key workload characteristics during the evaluation 

period (days 21-30), stratified by temporal period. 

Table 1. Workload Characteristics by Temporal Period (Evaluation Dataset) 



Indicator 
Business Hours 

(n=1,200 min) 

After-Hours 

(n=1,800 min) 

Weekends 

(n=2,880 min) 

Event arrival rate 

(events/min) 
68.4 (SD=22.1) 41.2 (SD=15.7) 38.8 (SD=18.3) 

Urgent/emergent 

proportion (%) 
18.6 (SD=6.2) 12.4 (SD=4.8) 11.2 (SD=5.1) 

Mean payload size 

(KB) 
4.7 (SD=1.8) 4.3 (SD=1.6) 4.5 (SD=1.9) 

Processing backlog 

(events) 
12.4 (SD=8.6) 6.2 (SD=4.3) 7.1 (SD=5.2) 

Table 1 reveals the substantial variation in workload characteristics across temporal periods, 

underscoring the challenges of static provisioning. Business hours exhibit 66% higher arrival 

rates and 50% higher urgent event proportions compared to after-hours periods, creating 

fundamentally different processing demands. 

4.2 Analysis of Results 

SLA Compliance 

The CARL-adapted policy achieved 89.4% SLA compliance across the evaluation period, 

compared to 76.2% for static provisioning and 82.7% for threshold-based auto-scaling. The 

difference between CARL and static provisioning was statistically significant (paired t-test: t(4) 

= 8.42, p < 0.001, Cohen's d = 3.77). The difference between CARL and threshold-based scaling 

was also significant (t(4) = 4.18, p = 0.014, d = 1.87). Table 2 presents SLA compliance 

disaggregated by event priority. 

Table 2. SLA Compliance by Event Priority (Mean across Evaluation Folds) 

Approach Urgent SLA (%) Routine SLA (%) Overall (%) 

CARL-Adapted 94.2 87.8 89.4 

Threshold-Based 88.1 80.4 82.7 



Approach Urgent SLA (%) Routine SLA (%) Overall (%) 

Static Provisioning 81.3 73.6 76.2 

The CARL-adapted policy demonstrated particular advantage for urgent events, achieving 94.2% 

compliance compared to 81.3% for static provisioning—a 12.9 percentage point improvement. 

This differential reflects the RL agent's learned behavior of prioritizing capacity for urgent 

processing paths when backlog accumulates. 

Operational Cost 

The CARL-adapted policy reduced operational costs by 31.7% compared to static provisioning 

(mean cost per day: $1,847 vs. $2,704, t(4) = 12.31, p < 0.001, d = 5.51). Cost reduction relative 

to threshold-based scaling was 18.4% ($1,847 vs. $2,264, t(4) = 6.73, p = 0.003, d = 3.01). The 

cost advantage of CARL derived primarily from two mechanisms: (1) more aggressive scale-

down during low-demand periods, and (2) preferential use of lower-cost spot instances when 

workload conditions permitted. 

Resource Utilization 

Mean resource utilization was 67.4% for CARL-adapted, 52.8% for static provisioning, and 

58.1% for threshold-based scaling. The higher utilization of CARL indicates more efficient 

matching of capacity to demand. However, the standard deviation of utilization was also higher 

for CARL (18.2% vs. 8.4% for static), reflecting the dynamic nature of the scaling policy. 

Feature Importance 

Permutation feature importance analysis was conducted to identify the observation features most 

influential in the RL agent's scaling decisions. Table 3 presents the top features ranked by mean 

importance score across evaluation folds. 

Table 3. Feature Importance for Scaling Decisions 

Rank Feature Importance Score (SD) 

1 Workload arrival rate (5-min rolling mean) 0.284 (0.032) 

2 Processing backlog magnitude 0.241 (0.028) 

3 Inter-cloud latency differential 0.187 (0.021) 



Rank Feature Importance Score (SD) 

4 Spot instance availability index 0.156 (0.019) 

5 Urgent event proportion (15-min window) 0.132 (0.015) 

Workload arrival rate was the strongest predictor of scaling decisions, consistent with the 

intuitive expectation that demand drives capacity requirements. Backlog magnitude ranked 

second, indicating the agent learned to respond to accumulating queued events. The inter-cloud 

latency differential feature ranked third, demonstrating that the policy dynamically routes 

workloads to lower-latency clouds under appropriate conditions. Spot instance availability 

influenced decisions, reflecting cost-aware behavior. Urgent event proportion informed the 

agent's prioritization of capacity for time-sensitive processing. 

Scaling Stability 

The CARL-adapted policy executed a mean of 4.2 scaling actions per hour, compared to 8.7 for 

threshold-based scaling. This reduced action frequency indicates a more stable policy that avoids 

the oscillatory behavior characteristic of reactive threshold rules. The reduction in scaling churn 

has operational benefits, including reduced API call overhead and fewer transient states during 

which systems may be less stable. 

 

5. Discussion 

5.1 Interpretation 

The findings demonstrate that adapting the CARL framework for EHR stream processing yields 

substantial improvements in both SLA compliance and cost efficiency relative to established 

baselines. The 89.4% overall SLA compliance and 31.7% cost reduction achieved by the adapted 

policy represent meaningful advances over static provisioning and meaningful improvements 

over threshold-based auto-scaling. These results answer Research Question 1 affirmatively: RL-

based cost-aware scaling, when properly adapted for healthcare constraints, outperforms 

conventional approaches in multi-cloud EHR processing. 

The feature importance analysis (Table 3) provides insights into Research Question 2. The 

dominance of workload arrival rate and backlog magnitude is consistent with queuing-theoretic 

intuition—these features directly determine the resource requirements to meet latency targets. 

More novel is the prominence of inter-cloud latency differential and spot instance availability, 

which reflect the specifically multi-cloud and cost-aware nature of the CARL framework. The 



agent learned to exploit the heterogeneity of the multi-cloud environment, routing workloads to 

clouds that offer favorable combinations of latency and cost under current conditions. 

The finding that CARL achieved higher resource utilization (67.4% vs. 52.8%) while 

simultaneously achieving better SLA compliance may appear counterintuitive—conventionally, 

higher utilization risks SLA violations. The resolution lies in the temporal dynamics: static 

provisioning maintains consistent over-provisioning to handle peak loads, resulting in low mean 

utilization. CARL dynamically matches capacity to demand, running at high utilization during 

peaks (where SLA risk is managed through rapid scaling) and scaling down during troughs 

(where utilization is less clinically critical). This pattern is enabled by the RL agent's ability to 

anticipate demand transitions rather than merely react to current state. 

The reduced scaling stability metric (4.2 vs. 8.7 actions per hour) indicates that the learned 

policy avoids the oscillatory behavior often observed in threshold-based approaches. This has 

practical implications beyond efficiency: frequent scaling events can cause transient performance 

degradation and complicate operational monitoring. 

5.2 Implications 

Academic Implications 

This study extends the CARL framework from generic cloud workloads to the healthcare 

domain, demonstrating that domain-specific adaptation—incorporating clinical priority 

classifications, data residency constraints, and healthcare-specific latency requirements—is 

necessary and productive. The research contributes to the growing literature on applied 

reinforcement learning in cloud computing by documenting the feature importance patterns that 

emerge when RL is applied to healthcare stream processing. The finding that inter-cloud latency 

differential and spot instance availability rank highly in feature importance suggests that multi-

cloud optimization requires RL formulations that explicitly model provider heterogeneity, rather 

than treating multi-cloud as a simple extension of single-cloud scaling. 

The study also contributes to healthcare informatics literature by providing empirical evidence 

on the cost-performance trade-offs achievable through intelligent resource management. Prior 

work documented architectural feasibility of multi-cloud EHR processing ; this study advances 

beyond feasibility to quantified optimization. 

Practical Implications 

For healthcare system administrators, the results offer several actionable insights: 

1. Cost Savings Potential: The 31.7% cost reduction relative to static provisioning, if 

extrapolated to a mid-sized health system spending $2 million annually on cloud 

infrastructure for data processing, implies annual savings of approximately $634,000. 

This magnitude of savings warrants investment in implementing RL-based scaling 

capabilities. 



2. SLA Improvement Strategy: The 13.2 percentage point improvement in urgent event 

SLA compliance (94.2% vs. 81.3% for static) has direct clinical implications. Reduced 

processing latency for urgent events supports faster clinical decision-making and may 

contribute to improved patient outcomes in time-sensitive conditions. 

3. Monitoring Priorities: The feature importance analysis suggests that administrators 

should prioritize monitoring of workload arrival rate and backlog magnitude as leading 

indicators of required scaling action. Inter-cloud latency and spot instance availability 

should also be tracked to inform manual intervention when automated policies are 

uncertain. 

4. Implementation Considerations: The adapted framework requires integration with 

existing cloud management APIs (AWS, Azure, GCP) and observability infrastructure. 

Organizations should expect a training period during which the RL agent explores the 

action space; deploying the policy in shadow mode (generating recommendations without 

executing them) for 2-4 weeks prior to full activation is recommended to build 

confidence in policy behavior. 

5.3 Limitations 

1. Simulated Workloads: Evaluation relied on synthetic data generated by Synthea rather 

than actual clinical event streams. While Synthea produces statistically realistic patterns, 

specific institutional contexts may exhibit different characteristics (e.g., different event 

type distributions, different temporal patterns). 

2. Simulation-to-Real Gap: The RL policy was trained in a simulation environment that 

simplifies certain aspects of cloud infrastructure (e.g., perfect information about spot 

instance availability, instantaneous scaling). Real-world performance may differ due to 

API latency, partial failures, and incomplete observability. 

3. Historical Pattern Stability Assumption: The framework assumes that historical 

workload patterns provide valid training data for future operation. Radical distributional 

shifts (pandemics, major system failures, changes in clinical workflows) may degrade 

policy performance. 

4. Explainability Constraints: While feature importance analysis provides post hoc 

insights, the RL policy itself remains a black box. Clinicians and administrators cannot 

directly interrogate the policy's reasoning in individual decisions, which may limit trust 

and adoption. 

5. Single Institutional Context: The simulated workload characteristics were configured 

based on published literature on healthcare data patterns rather than a specific institution, 

limiting claims about generalizability. 

5.4 Future Research Directions 



1. Extension to Other Healthcare Workloads: Apply the adapted CARL framework to 

medical imaging processing pipelines, which have distinct characteristics (large payloads, 

GPU requirements, batch-oriented workflows) and evaluate whether similar cost-

performance benefits are achievable. 

2. Longitudinal Deployment Study: Conduct a prospective deployment study in a real 

healthcare system, comparing shadow-mode policy recommendations against actual 

administrator scaling decisions over a 6-12 month period to assess real-world 

performance and trust development. 

3. Explainable RL for Clinical Infrastructure: Develop methods for generating human-

interpretable explanations of RL scaling decisions, potentially using attention 

mechanisms or counterfactual analysis, to address the explainability gap identified in this 

study. 

4. Distributional Shift Robustness: Evaluate policy performance under simulated 

distributional shifts (pandemic surge, EHR system migration) to understand the 

boundaries of the framework's applicability and develop adaptation mechanisms for when 

historical patterns become unreliable. 

 

6. Conclusion 

This study developed and validated a cost-aware reinforcement learning framework for scalable 

processing of massive EHR streams in multi-cloud environments, adapting the CARL 

architecture to incorporate healthcare-specific constraints and evaluating its performance against 

established auto-scaling baselines. The adapted framework achieved 89.4% SLA compliance 

while reducing operational costs by 31.7% compared to static provisioning, with statistically 

significant improvements across all performance metrics. The framework's learned policy 

demonstrated particular advantage for urgent clinical events (94.2% SLA compliance), directly 

supporting time-sensitive patient care. The primary contribution of this research is a replicable, 

empirically validated framework that healthcare organizations can adopt to optimize the cost-

performance trade-offs inherent in multi-cloud EHR processing. For administrators, the practical 

takeaway is that investment in RL-based auto-scaling capabilities offers substantial returns—

both in cost savings and in clinical responsiveness—with the caveat that implementation requires 

careful attention to explainability, monitoring, and staged deployment to build appropriate trust. 

As healthcare systems continue their migration to distributed cloud architectures, frameworks 

such as the one presented here will become increasingly essential for managing the tension 

between the growing volume of clinical data and the economic constraints of healthcare delivery. 
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