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Abstract

Real-time biomedical monitoring systems generate continuous streams of physiological
data that must be integrated into analytical repositories with minimal latency. Traditional
Extract-Transform-Load (ETL) pipelines used in healthcare infrastructures typically rely
on static synchronization schedules that cannot adapt to bursty workloads or fluctuating
computational resources. This often leads to increased latency, stale analytical views, or
inefficient resource usage. This paper proposes a reinforcement learning-driven adaptive
ETL orchestration framework designed for biomedical signal streams in intensive care
environments. The proposed approach models synchronization scheduling as a sequential
decision problem where an agent dynamically adjusts synchronization intervals and batch
sizes based on real-time telemetry, including latency, backlog size, throughput, and system
resource utilization. The architecture integrates change-data-capture (CDC) mechanisms
and idempotent database operations to ensure incremental synchronization and consistency.
Experimental evaluation using simulated ICU-style workloads demonstrates that the
proposed approach improves data freshness and reduces synchronization latency compared
with fixed-interval and heuristic baseline strategies. The results highlight the potential of
reinforcement learning-based orchestration for improving the performance and scalability
of biomedical data infrastructures, supporting more reliable real-time clinical monitoring
and decision-support systems.

Keywords: reinforcement learning; biomedical signal processing; ETL orchestration;
real-time data pipelines; ICU monitoring systems; adaptive synchronization

1. Introduction

Biomedical monitoring systems in modern hospitals continuously generate large
volumes of physiological data, including electrocardiographic signals, blood pressure
measurements, oxygen saturation levels, and respiratory parameters. These data streams
are essential for patient monitoring, predictive analytics, and clinical decision-support
systems. Ensuring timely integration of such signals into analytical repositories is therefore
a critical requirement for modern healthcare infrastructures.
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Recent advances in cloud-based healthcare data platforms and intelligent ETL
pipelines have improved the scalability of biomedical data processing systems [1-3]. How-
ever, synchronization mechanisms between operational systems and analytical databases
frequently rely on static Extract-Transform-Load scheduling strategies. Fixed synchro-
nization intervals can lead to inefficient data pipelines when workloads vary significantly
over time.

Under high data arrival rates, static ETL schedules may cause synchronization back-
logs and increased latency, resulting in outdated analytical views. Conversely, during low
workloads, frequent synchronization cycles may unnecessarily consume computational re-
sources. These limitations motivate the development of adaptive synchronization strategies
capable of dynamically adjusting pipeline behavior.

Reinforcement learning has emerged as an effective technique for adaptive decision-
making in dynamic environments. Applications of reinforcement learning in resource allo-
cation, scheduling, and pipeline optimization have demonstrated significant performance
improvements in distributed systems [4-6]. Additionally, recent research has explored the
use of artificial intelligence for optimizing ETL pipelines and real-time healthcare data
processing [7-11].

Despite these advances, limited research has investigated the application of reinforce-
ment learning for adaptive synchronization of biomedical signal streams. This paper
addresses this gap by proposing an RL-driven ETL orchestration framework designed for
real-time biomedical data environments.

The main objective of this work is to design and evaluate an adaptive synchronization
mechanism capable of improving data freshness and reducing synchronization latency in
biomedical monitoring systems.

2. Adaptive ETL Architecture for Biomedical Data Streams

The proposed architecture integrates reinforcement learning into the orchestration
layer of a biomedical ETL pipeline. The system consists of the following main components:

Monitoring and telemetry module;
Reinforcement learning controller;
Change-data-capture extraction module;
Transformation and loading component;

SAER I

Analytical database repository.

The monitoring module continuously collects system telemetry, including synchro-
nization latency, backlog size, throughput, and CPU utilization. These metrics provide the
state representation used by the reinforcement learning agent.

The reinforcement learning controller observes the current system state and selects
synchronization parameters, including synchronization interval and batch size. These
parameters determine how frequently the ETL process executes and how many records are
processed during each cycle.

The system integrates ICU monitoring devices, a CDC-based data ingestion layer,
an ETL orchestrator, and an analytical database. A monitoring and telemetry module
continuously collects system-level metrics, including synchronization latency, backlog size,
throughput, and resource utilization, and provides this information to a reinforcement
learning controller.

The reinforcement learning controller dynamically adjusts synchronization parameters,
such as interval and batch size, based on the observed system state. This enables adaptive
control of the ETL process in response to changing workload conditions.

The overall architecture of the proposed system is illustrated in Figure 1.
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Figure 1. Reinforcement learning-driven adaptive ETL architecture for real-time biomedical
signal synchronization.

The data extraction layer employs change-data-capture techniques to retrieve only
newly generated or modified records from the source systems, thereby reducing unneces-
sary data transfers and improving synchronization efficiency [2]. During the transformation
stage, incoming biomedical records are standardized and validated before being loaded
into the analytical database.

The loading process uses idempotent UPSERT operations to ensure data consistency
and prevent duplication during synchronization retries. The analytical repository, im-
plemented using PostgreSQL, provides transactional consistency and reliable storage for
biomedical data.

Overall, the architecture forms a closed-loop control system in which telemetry data
continuously informs synchronization decisions, enabling efficient, adaptive, and low-
latency data integration.

3. Reinforcement Learning Formulation
The synchronization problem is modeled as a Markov Decision Process (MDP), follow-

ing the standard reinforcement learning formulation [12]. At each decision step, the rein-
forcement learning agent observes the system state and selects a synchronization strategy.

3.1. State Representation

The system state consists of several telemetry metrics:
Synchronization latency;

Data backlog size;

Data throughput rate;

CPU utilization;

Memory utilization.

These variables capture both pipeline performance and computational resource consumption.

3.2. Action Space

The action space defines the synchronization parameters controlled by the agent. Each
action corresponds to a pair:

e  Synchronization interval;
e  Synchronization batch size;

These parameters determine the frequency and size of ETL synchronization operations.
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3.3. Reward Function

The reward function balances multiple objectives including latency reduction, data
freshness, and resource efficiency. It can be expressed as:

R = —«-Latency — 3-Backlog — y-CPU — 6-ConsistencyError

where o, 3, v, and b are weighting coefficients.

The weighting coefficients («, (3, v, §) were selected empirically to balance competing
system objectives. In real-time biomedical monitoring scenarios, synchronization latency
and backlog size have a direct impact on data freshness and clinical usability; therefore,
higher weights were assigned to latency («) and backlog (3).

CPU utilization (y) was assigned a moderate weight to prevent excessive resource
consumption without compromising responsiveness. The consistency error term () was
given a high penalty to ensure data integrity, as duplicate or missing records may negatively
impact downstream clinical analytics.

A sensitivity analysis was conducted by varying the coefficients within predefined
ranges. The results indicated that prioritizing latency and backlog reduction leads to
the most stable and clinically relevant performance, while overly penalizing CPU usage
resulted in delayed synchronization under high workloads.

This formulation encourages synchronization strategies that minimize latency and
backlog while maintaining efficient resource usage.

3.4. Learning Algorithm

Deep Q-Learning (DQN) is used as the baseline reinforcement learning algorithm [13].
DOQN has been widely used in adaptive decision-making problems due to its ability to learn
optimal policies from high-dimensional state spaces.

Alternative algorithms such as Proximal Policy Optimization (PPO) [14] or Actor—
Critic methods [15] could also be applied for continuous action spaces.

4. Experimental Setup

To evaluate the proposed approach, experiments were conducted using simulated
biomedical data streams representing intensive care monitoring scenarios.

The experimental environment consisted of a Linux server running PostgreSQL 15
and a reinforcement learning implementation developed in Python 3.11, using standard
scientific computing libraries. Biomedical data streams were simulated using ICU-style
datasets containing vital signs and physiological measurements. Data arrival patterns
were designed to replicate real-world monitoring workloads, including bursty updates and
variable data generation rates.

e  Two baseline synchronization strategies were implemented for comparison:
e Fixed-interval synchronization (periodic scheduling);
e  Threshold-based synchronization triggered by backlog size.

The following performance metrics were evaluated:

Mean synchronization latency;
Data freshness ratio;

CPU utilization;

Consistency errors;

Convergence behavior of the reinforcement learning policy.

Each experiment simulated several hours of continuous data streaming to ensure
stable evaluation results.
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5. Results and Discussion

The reinforcement learning-based synchronization framework demonstrated im-
proved performance compared with static scheduling strategies.

The adaptive controller dynamically adjusted synchronization intervals in response to
workload changes. During high data arrival periods, the agent reduced synchronization
intervals to minimize backlog growth and maintain low latency. During lower workloads,
synchronization intervals increased, reducing unnecessary computational overhead.

Compared with fixed scheduling strategies, the RL-based approach achieved the
following improvements:

Reduced average synchronization latency;
Increased data freshness;
Lower variance in CPU utilization;

Stable convergence after a short learning period.

These results align with previous studies that demonstrate the effectiveness of rein-
forcement learning for pipeline optimization and resource scheduling [5,7,9].

In biomedical monitoring systems, improved synchronization latency directly trans-
lates into more timely clinical data availability, which may enhance the performance of
predictive models and decision-support tools.

Table 1 summarizes the performance of the evaluated synchronization strategies. The
reinforcement learning-based approach achieves the lowest average latency, reducing it by
approximately 34% compared to the threshold-based strategy and over 50% compared to
fixed scheduling.

Table 1. Performance comparison of synchronization strategies.

Strategy Avg. Latency (ms) Data Freshness (%) CPU Utilization (%)
Fixed Interval 850 78 65
Threshold-Based 620 85 72
RL-Based
(Proposed) 410 93 60

In addition, the proposed method improves data freshness, reaching over 90%, which
indicates that analytical views are updated more frequently with recent data. CPU utiliza-
tion is also more stable and slightly reduced compared to heuristic approaches, demon-
strating improved resource efficiency.

These results confirm that adaptive synchronization driven by reinforcement learning
provides a better trade-off between latency, freshness, and computational cost.

6. Conclusions

This study presented a reinforcement learning-driven adaptive ETL orchestration
framework for real-time biomedical signal synchronization. The proposed approach inte-
grates telemetry monitoring, CDC-based incremental extraction, and idempotent database
loading within a closed-loop control architecture.

Experimental results indicate that reinforcement learning can significantly improve
synchronization efficiency compared with static ETL scheduling strategies. The adap-
tive controller reduces latency and improves data freshness while maintaining efficient
resource utilization.

These findings suggest that intelligent orchestration mechanisms can play a key role
in next-generation biomedical data infrastructures, particularly in environments requiring
real-time data integration such as intensive care monitoring systems.

https://doi.org/10.3390/engproc2026148005


https://doi.org/10.3390/engproc2026148005

Eng. Proc. 2026, 148, 5 60f7

Future research will focus on extending the framework to distributed data processing
architectures and exploring multi-agent reinforcement learning approaches for large-scale
healthcare data environments.

The main contributions of this paper are: (1) the design of a reinforcement learning-
based adaptive ETL orchestration framework for biomedical data streams, (2) the for-
mulation of synchronization as a Markov Decision Process, and (3) an experimental
evaluation demonstrating improved latency and data freshness compared to traditional
scheduling strategies.
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