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Abstract: Electronic health records are a multi-stakeholder-driven ecosystem that serves different e-health services.
For blurring borders between different electronic health records (EHRs), healthcare interoperability standards are
needed to exchange information between different levels of healthcare. Healthcare interoperability standards ensure
different healthcare systems can exchange, interpret, and use data seamlessly. These standards enable effective
communication between healthcare providers and improve patient care. Interoperability issues usually pass the
interoperability of localized hospital information systems. Consequently, there is a need for a universal health system
that manages shared stakeholders’ objectives. On the other hand, microservices architecture can enable
communication between various EHRs and strengthen the continuity of care, which is one of the main justifications
for interoperability in EHRs. A primary contribution of this work is the development of a unified, multipurpose
microservice-based health information system framework aimed at improving the provision of healthcare services.
This adaptable architectural framework, which is based on Couchbase, delivers a range of services that can be

effectively tailored to different application demands and the specific needs of healthcare participants.
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1. Introduction

EHRs are considered the core part of any healthcare
information ecosystem (HIS). These systems maintain long-
term patient health data, which can be used by clinical
decision support (CDS) tools to guide treatment and predict
future health trends [1]. This data includes demographics,
treatment plans, medications, tests, lab results, imaging
reports, and others.

Interoperability between EHR data refers to the ability to
exchange information between different levels of health care
[2]. EHR interoperability could be categorized according to
level and standards as shown in Figure (1). Healthcare
interoperability standards [3] ensure different healthcare
systems can exchange and use data seamlessly.

The HL7 FHIR (Fast Healthcare Interoperability Resources)
standard is one of the cornerstones of healthcare data
exchange. FHIR was designed to streamline data sharing
between systems in a more

flexible and modern way, addressing interoperability issues
that have traditionally plagued the healthcare industry. By
adopting FHIR, healthcare organizations can ensure that their
systems communicate seamlessly with one another, reducing
the risk of data silos and improving overall care coordination.
Compliance with FHIR standards ensures that data can be
exchanged securely, efficiently, and accurately, promoting
real-time decision-making and enhancing patient outcomes.

However, data interoperability and ease of access come with
the need for robust privacy and security measures, which is
where compliance with regulations such as GDPR and
HIPAA comes into play. The General Data Protection
Regulation (GDPR) is a comprehensive set of rules enforced
in the European Union to protect individuals' personal data
and privacy. Under GDPR, healthcare providers must ensure
that patient data is processed lawfully, transparently, and for
specific purposes. Furthermore, patients must be informed of
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their rights, including the right to access, rectify, and erase
their data. Healthcare organizations that fail to comply with
GDPR risk hefty fines and damage to their reputation, which
can deter patients from trusting their systems.

On the other side of the Atlantic, the Health Insurance
Portability and Accountability Act (HIPAA) sets forth a series
of standards in the United States aimed at ensuring the privacy
and security of healthcare information. HIPAA applies to
healthcare providers, insurers, and clearinghouses, and it
regulates how patient information is handled, stored, and
shared. HIPAA compliance requires healthcare organizations
to implement strict safeguards, such as encryption, access
controls, and audit trails, to prevent unauthorized access to
sensitive health data.

Violations of HIPAA can lead to severe penalties, including
fines and potential criminal charges.

The importance of adhering to these healthcare regulations
and standards cannot be overstated. With the increasing
digitization of healthcare, from EHRs to telemedicine and
mobile health apps, patient data is more accessible and

vulnerable than ever before. Ensuring compliance with FHIR,
GDPR, and HIPAA standards creates a framework for data
exchange that protects patient confidentiality while
supporting innovation in healthcare technology. This, in turn,
facilitates the real-world adoption of new tools and systems
that can enhance patient care, improve operational efficiency,
and reduce costs.

Furthermore, achieving compliance with these regulations
promotes a culture of accountability and transparency in
healthcare organizations. It demonstrates to patients that their
privacy is a top priority and that the systems in place have
been thoroughly vetted to ensure data security. It also builds
trust among other stakeholders, such as insurers and
regulators, who rely on these standards to safeguard the
integrity of the healthcare ecosystem.

These standards ensure the secure and efficient exchange of
patient data while protecting privacy and maintaining
interoperability across systems. Adhering to FHIR enhances
data sharing, while GDPR and HIPAA safeguard patient
information by enforcing strict privacy and security measures.
Compliance builds trust with patients, healthcare providers,
and other stakeholders, reduces legal risks, and supports
innovation in healthcare. Ultimately, meeting these
regulations fosters improved patient care, operational
efficiency, and long-term success in the digital health
landscape.

Therefore, there are several advantages to using
standardization in EHR data, which are declared in Figure
(2)[4]. This classification system helps in understanding the
different aspects of standardization and how they contribute
to interoperability, data quality, and overall system efficiency
[5].

HL7 is the most popular standard that is used in digital
healthcare ecosystems [6,7]. HL7's Fast Healthcare
Interoperability Resources (FHIR) [8] specification is a next-
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generation standard designed to improve EHR data
integration, exchange, and retrieval. Using "resources,” FHIR
enables the exchange of specific data elements, enhancing
interoperability and reducing implementation costs.

The microservices architecture is a design approach where a
system is built as a collection of small, independent services.
Each service operates its own process and communicates with
others using lightweight methods like an APl or HTTP
resources [9]. This architecture can address various
challenges in Electronic Health Records (EHR) by improving
communication between EHR systems and reinforcing
continuity of care, which is a key reason for promoting
interoperability in EHRs [10].

NoSQL is a type of database specifically built to manage large
volumes of data, enabling efficient

storage and retrieval. These stores are distributed and schema-
less, which means they are well-suited for handling big
medical data [11]. These stores are categorized by data model
into four classes: (1) key-value, (2) document, (3) column-
family, and (4) graph. This classification is necessary because
each architecture offers different solutions for varying
application needs [12,13]. MongoDB [14] and Couchbase
[15,16] is a leading document-oriented NoSQL databases that
are designed to handle high-volume data storage quickly, with
minimum cost and real-time data access.

EHRS stores data in various structured or unstructured data
formats. Moreover, because of EHR data's unique persistence
needs, NoSQL systems offer a more appropriate solution by
storing data in a format closer to its actual representation
[17,18].

Interoperability issues usually pass the interoperability of
localized hospital information systems. Consequently, there is
a need for a universal health system that manages shared
stakeholders’ objectives.

The motivation for this paper is that there is a need for a
framework that enables health data integration by utilizing
both interoperability standards and microservices architecture
for simplifying HIS infrastructure. It examines the
appropriateness of a NoSQL for storing and managing
distributed EHRs. This hybrid framework could solve various
healthcare data problems, such as data silos [19,20]. To
achieve this scenario, a prototype that is based on

a microservice architectural approach and incorporates the
FHIR standard as an interoperability standard is proposed.
This framework also utilizes the flexible scalability and
flexibility characteristics of NoSQL systems.

The remainder of this paper is structured as follows: Section
2 discusses related research on various methods for storing

and managing EHRs using different interoperability
standards. Section 3 presents the proposed framework.
Section 4 outlines and discusses the experimental results.
Section 5 is for discussion and section 6 concludes the
presented work.
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Figure 2: Advantages for using standardization in EHR

2. Related works

Due to the difficult and varied nature of
healthcare data, and the demanding scale, performance,
and flexibility requirements of EHR applications that
often exceed basic transactional needs [19,21]. NoSQL
databases are better equipped to handle the demands of
distributed EHR systems [22]. Various approaches have
been presented for persisting EHR data according to
different use case scenarios [17, 18, 23-29]. These
approaches utilize different interoperability standards
such as openEHR other researchers utilize HL7. Owing
to the unique characteristics of HL7, various papers have
utilized it in their work [7, 30].

Various  works suggest utilizing the
microservice architecture in healthcare environments.
Microservice architecture is based on three separate
layers: technology, services, and presentation
technology layer to allow seamless use and integration
of HL7 messages [31]. Another work proposes an e-
healthcare  service-oriented  architecture  (SOA)
framework that is based on HL7-FHIR. This framework
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is based on three key components: FHIR (Gateway)
server, Smart Contract Authentication Server, and
Client Server. It utilizes the graph-mapping concept to
transform each resource variable into an equivalent
Graph-Mapped Data Structure (GMS), which is stored
in the NoSQL MongoDB database [32]. Another
microservices HL7 FHIR architecture is introduced to
develop a prototype that acts as a real scenario of Patient
Navigation (PN) [10]. It used the scheduling and
registration process to simulate communication with
current HL7 FHIR-compliant servers. All data that is
used to simulate the PN process were stored in
MongoDB data in JSON format. Recently, a software
architecture based on microservices has been designed
to enable the evaluation of the availability and
performance of dental medical records [33]. To evaluate
this architecture, a prototype was deployed in containers
using the Microsoft Azure App Service with predefined
features [33].

3. Research Methodology

Healthcare systems usually involve two major practices:
clinical use and research use which is dedicated to CDS.
Though quick data storage is readily achievable; the real
difficulty lies in extracting valuable and timely insights from
this stored information. Similarly, effective communication
between healthcare providers using EHRSs necessitates
interoperability through adherence to established standards,
enabling seamless health information exchange (HIE)[34] A
key principle in medical data management is the preservation
of data history; instead of overwriting existing entries during
modification, new, linked records are created. NoSQL
databases appear to offer a viable solution for addressing
numerous EHR system requirements.

The major contribution of the study is it proposed a tightly
coupled distributed standardized EHR framework by
investigating two back-end behaviors for real-time ad hoc
queries with different levels of complexity.

This microservice-based architecture is introduced to solve
the problems of the layered architecture approach in handling
multifunction systems. Queries designed for each database's
specific query language were designed and implemented. To
highlight performance variations and minimize bias, queries
exhibiting potentially divergent behavior were selected. Two
NoSQL database management systems, Couchbase and
MongoDB, were employed to evaluate their respective
capabilities in storing and retrieving EHR objects within a
distributed environment.

MongoDB [14] and Couchbase [15,16] are both NoSQL
databases, but they are different in the way they handle data
[35,36].

Couchbase Server features a multi-dimensional scaling
(MDS) architecture, which allows workloads to be scaled
independently based on evolving requirements while reducing
interference between services [40].

Its goal is to provide a unified, integrated platform capable of
handling a wide range of complex operational workloads,
along with operational analytics. The adaptable MDS
framework allows users to scale their cluster up or down,
adjusting data management resources as needed based on
changing requirements.

Two different database topologies were implemented for the
storage back-ends handling EHRs to assess their performance
with varying query complexities. MongoDB was tested using
a single, unshared data cluster setup. Meanwhile, Couchbase
Server was examined using two topologies: a single-node and
a multi-node clusters.

In MongoDB’s single-node topology, the pipeline framework
for aggregation is utilized to execute queries through multi-
stage data processing. All services in it are consolidated
within a single zone, with the query service managing
different levels of query complexity.

In the multi-node topology, Couchbase services are
distributed among many nodes, as opposed to being confined
to a single node. This microservices architecture aims to
separate the query and analytics services into independent
nodes within the cluster. The query service handles many
users with less complex operational queries, while the
analytics service supports a smaller group of users requiring
more complex and resource-demanding analytical queries.

Couchbase Server employs amulti-dimensional scaling
(MDS) architecture, designed to facilitate independent
workload scaling based on evolving demands and to reduce
service conflicts. Its objective is to provide a unified platform
suitable for a wide range of operational workloads, including
complex tasks and operational analytics. This adaptable MDS
structure allows users to adjust their cluster size, adding or
removing data management resources as needed. To assess
the handling of architectural topologies were implemented for
the two storage back-ends used for storing EHRs. MongoDB
was tested using a single, unshared data cluster configuration.
In contrast, Couchbase Server was evaluated with both single-
node and multi-node cluster topologies.
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Figure 3: Proposed microservice-based multifunctional EHRS persistence framework

the In the MongoDB single-node setup, the aggregation
pipeline framework, employing multi-stage data processing
pipelines, was utilized for query execution with varying query
complexities. In the Couchbase Server single-node cluster, all
database functionalities (querying, indexing, and data storage)
reside within a single zone. This configuration uses the query
service to manage all workload types, regardless of
complexity. Conversely, the Couchbase Server multi-node
cluster distributes services across multiple nodes. This
microservices-based approach aims to separate the query and
analytics services—complementary yet having conflicting
workload requirements—into distinct nodes within the
cluster. The query service is optimized for high-volume, low-
cost operational queries, while the analytics service is
dedicated to complex, resource-intensive analytical queries
typically performed by a smaller user base [36-39].

Figure (3) provides a high-level overview of the deployment
of microservice-based distributed EHRs with varied access
patterns. This prototype is tested using an interoperable
MIMIC-IV (Medical Information Mart for Intensive Care)
data set which is a standardized version of MIMIC-IV that is
based on FHIR specification.

MIMIC-IV database contains data for 40000 intensive care
unit (ICU) stays including patient encounter information,

observations, laboratory results, microbiology data,
medications, and hospital-level billing codes with size 35 GB.

4. Experimental Results

The majority of healthcare operations rely on the
retrieval of information from databases. Thus, reduced
response time is one of the main factors that enhance the
system’s performance [41].

To investigate the capability of the proposed
framework two data stores are investigated with respect
to the same queries respectively. All queries™ response
times are shown in Table 1.

MongoDB performed better than the Couchbase single-
node cluster. By using an analytics service to spread
services across multiple nodes instead of relying on a
single node, Couchbase server MDS architecture
reported better response times than MongoDB.

The proposed EHR system framework offers substantial
benefits over loosely coupled systems by using a single,
versatile document data model. This eliminates the need
for data transformation, enabling fast reporting and real-
time analytics on large datasets without data movement
or ETL processes. This allows for analytics on the most
up-to-date information [42].
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Table 1:queries execution time for the MIMIC dataset

Single Distributed system
node system

Couchbase MongoDB Couchbase analytics
Q1 4.6 0.42 0.07866
Q2 4.7 0.344 0.12234
Q3 14 5.136 0.86799
Q4 0.9191 0.046 0.12867
Q5 2.8 1.796 2.21
Q6 1.7 0.439 0.14602
Q7 600 31.427 19.51
Q8 5.1 0.766 0.37029
Q9 21.7 3.039 0.78144
Q10 4.6 1.169 15
Q11 0.377 0.129 0.1119
Q12 3.9 0.899 0.32355
Q13 4.7 12.137 1.99
Q14 6.6 3.142 1.83
Q15 0.0079 15.136 3.72
Q16 5.2 0.447 0.11176
Q17 4.4 0.694 0.08631
Q18 4.4 0.579 0.09564
Q19 4.3 0.864 0.09867

4. Discussion

Couchbase is a NoSQL database known for its

scalability,  flexibility, and

high

performance,

particularly when handling large amounts of semi-

structured or

unstructured data.

Its multi-model

approach (document, key-value, and even full-text
search) makes it well-suited for applications that need to
manage a wide variety of data types. Couchbase also
offers robust features like built-in caching, automatic
sharding, and flexible indexing, which can optimize
performance and reduce the complexity of data
management in healthcare systems. Given its ability to
handle high throughput and low-latency access,
Couchbase may be an excellent choice for real-time
healthcare applications that require quick access to data,
such as patient monitoring systems or telemedicine
platforms.

However, other NoSQL databases like MongoDB
also provide similar features and may be worth
considering. MongoDB, for instance, is known for its
ease of use and flexible document storage, making it a
popular choice for modern applications. While

MongoDB is great for handling unstructured data, it
doesn't offer the same level of performance optimization
(e.g., built-in caching) as Couchbase. On the other hand,
MongoDB’s rich query capabilities and strong
consistency options could be advantageous in scenarios
where complex querying and aggregations are needed.
When comparing Couchbase with relational database
management systems (RDBMS) like PostgreSQL or
MySQL, there are several key differences. RDBMSs are
well-suited for structured data and complex
transactional systems, offering strong ACID (Atomicity,
Consistency, Isolation, Durability) properties. If the
healthcare system needs to manage highly structured
data (such as patient records or billing information),
relational databases may be more appropriate, especially
in legacy systems where integrity and consistency are
paramount. Moreover, SQL databases are often
preferred in scenarios requiring complex joins, detailed
reporting, and the use of relational schemas.

However, RDBMSs may struggle to scale
horizontally in the same way NoSQL databases can.
Couchbase, with its distributed architecture, excels at
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managing large-scale, high-velocity data in a way that
traditional RDBMSs cannot match without significant
infrastructure investment. If the healthcare system
expects to scale rapidly, handle large volumes of
unstructured data, or require high-speed access to
dynamic content, Couchbase could be a better fit due to
its horizontal scaling and flexible data model.

In conclusion, the decision to use Couchbase as the
architectural backbone depends on the specific
requirements of the healthcare system. If scalability,
flexibility, and real-time performance are top
priorities—especially for handling high volumes of
semi-structured or unstructured data—Couchbase is an
excellent option. However, if the system requires strong
relational consistency or complex transactions with
highly structured data, a relational database like
PostgreSQL or MySQL, or another NoSQL option like
MongoDB, might be more appropriate. Ultimately,
evaluating the system’s scalability needs, data model
complexity, and consistency requirements will guide the
most suitable database choice. One concern to be
addressed in future work is to adapt various data models
such as graph and relational models to integrate with
proposed architecture model (document model) to
introduce a polyglot persistence system architecture.

5. Conclusion

As healthcare data grows exponentially, the need for
decentralized access and seamless information exchange
becomes increasingly crucial. To address this, a large-
scale, interoperable, and scalable healthcare system is
essential. Interoperability standards ensure the accurate
and reliable sharing of Electronic Health Record (EHR)
data, enabling smooth data flows across multiple
platforms and healthcare providers.

This paper introduces a microservice-based
healthcare model designed to manage complex, multi-
participant EHR systems typically structured in layered
architectures. By using a microservice architecture, the
model offers increased flexibility, scalability, and
adaptability, which is crucial for managing diverse and
dynamic healthcare data. This approach not only
enhances system performance but also improves
coordination between healthcare providers and systems.

Additionally, the paper highlights Couchbase as an
optimal solution for managing unstructured health data
across various EHR systems. As a flexible and scalable
NoSQL database, Couchbase can efficiently handle the
unstructured and semi-structured data that is common in

modern healthcare environments. By enabling seamless
integration and data exchange, Couchbase helps ensure
that healthcare providers have timely access to accurate
patient information, ultimately improving patient care
and enhancing the overall healthcare delivery process.
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