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Abstract

The integration of healthcare data systems remains a formidable challenge in the healthcare
claims processing sector due to the inherent complexity and heterogeneity of healthcare
information systems. These systems, typically developed in isolation and often lacking
standardization, hinder seamless communication and data sharing, leading to significant
inefficiencies, increased processing times, and higher administrative costs. This paper
introduces a comprehensive technical framework aimed at addressing these barriers,
proposing structured methods to enable efficient and secure data integration across disparate
systems involved in healthcare claims processing. The proposed framework focuses on
leveraging interoperability standards, advanced data transformation methodologies, and
secure data exchange protocols to enhance data integration while maintaining compliance
with stringent regulatory requirements, such as the Health Insurance Portability and

Accountability Act (HIPAA).

Key components of this framework include the adoption of standardized messaging formats,
such as HL7 and FHIR, which facilitate a common language across systems, enabling uniform
data exchange. The paper explores the technical intricacies of implementing these standards,
highlighting how they can serve as foundational building blocks for achieving cross-system
interoperability. Additionally, the framework integrates data transformation techniques, such
as Extract, Transform, Load (ETL) processes and API-based data mapping, to translate data

from legacy formats into modern standards without compromising data fidelity. Such
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transformations are vital for maintaining data integrity and accuracy as claims data moves

across various subsystems, each with unique data structures and operational requirements.

In addressing security concerns, the framework incorporates robust data encryption
mechanisms and secure data transport protocols, ensuring that sensitive healthcare data is
protected throughout the integration process. Specific attention is given to the use of
tokenization and advanced encryption standards (AES) in safeguarding personal health
information (PHI) and other sensitive data, mitigating the risk of unauthorized access and
data breaches. Additionally, the framework proposes an architectural design for
implementing secure data gateways, which function as controlled access points, allowing only
authorized systems to communicate with healthcare claims databases. These gateways serve

as security buffers, reducing exposure to potential vulnerabilities across the network.

The paper further discusses the integration of middleware solutions to facilitate
communication between diverse healthcare systems without necessitating extensive
modifications to existing infrastructures. Middleware acts as a bridge, enabling data exchange
and interoperability between incompatible systems by acting as an intermediary layer. This
paper analyzes the technical requirements for implementing middleware solutions,
emphasizing their role in enabling scalable, modular, and flexible integration across multiple

stakeholders within the healthcare ecosystem.

Furthermore, the proposed framework emphasizes the critical role of data governance and
stewardship in ensuring consistent data quality and regulatory compliance. The paper
outlines a governance model that includes establishing data ownership protocols, validation
checks, and routine audits to maintain data accuracy and reliability. Effective data
stewardship, combined with automated monitoring and error-detection mechanisms, ensures
that data used in claims processing is accurate and up-to-date, minimizing claim rejections

and enhancing the overall efficiency of claims management workflows.

A key aspect of the framework is the incorporation of artificial intelligence (Al) and machine
learning (ML) algorithms for predictive data harmonization. By leveraging machine learning
models, the framework aims to anticipate discrepancies in data formats and automatically
adjust data mapping protocols to account for these variations, further streamlining integration

efforts. Predictive harmonization techniques can significantly reduce manual intervention by
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automating repetitive tasks and identifying integration issues proactively, leading to a more

resilient and adaptive integration environment.

To validate the effectiveness of the proposed framework, this paper presents a case study
examining its application within a multi-organizational healthcare network. The case study
analyzes the implementation of the framework across several institutions with varying system
architectures, data standards, and operational needs. Findings from the case study reveal that
the framework substantially reduces processing times, lowers administrative overhead, and
improves data accuracy, ultimately enhancing the speed and reliability of healthcare claims
processing. Quantitative metrics demonstrate marked improvements in interoperability rates
and a reduction in data discrepancies, supporting the framework's efficacy in real-world

settings.

Keywords:

data integration, healthcare claims, interoperability, secure data exchange, healthcare
information systems, HL7, FHIR, middleware, data governance, predictive data

harmonization

1. Introduction

Healthcare claims processing is a critical component of the healthcare industry's operations,
involving the submission, adjudication, and reimbursement of claims for services rendered to
patients. This process is primarily managed by healthcare payers, including insurance
companies, government programs, and healthcare providers, and it spans multiple stages,
including claim submission, eligibility verification, coding, billing, adjudication, and
payment. As healthcare systems become increasingly digitized, these processes have
transitioned from manual, paper-based systems to electronic systems, enabling faster
processing times and improved accuracy. However, despite the advancements in
digitalization, the landscape of healthcare claims processing remains highly fragmented, with

disparate systems in use across various stakeholders, including healthcare providers, payers,
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and clearinghouses. These systems are often not designed to communicate seamlessly with

one another, leading to inefficiencies, delays, and errors in claims processing.

The complexity of healthcare claims processing is further exacerbated by the variety of data
types involved, which include patient demographics, medical histories, service codes, billing
information, and payment details. Each system involved in the claims process may store this
data in different formats, and they often rely on different standards, protocols, and
technologies. This lack of standardization makes it difficult for these systems to exchange
information in a consistent, automated manner, leading to costly manual interventions,
delayed reimbursements, and, in some cases, claim denials. As a result, healthcare
organizations are seeking ways to streamline the communication and data exchange between
these disparate systems in order to reduce administrative burdens and improve overall

system efficiency.

Data integration plays a pivotal role in improving the efficiency and effectiveness of
healthcare claims processing. As the healthcare sector increasingly adopts digital health
records and electronic claims submission systems, the need for seamless integration between
disparate information systems has become more pressing. Effective data integration facilitates
the timely and accurate exchange of claims-related data, ensuring that healthcare providers
and payers can access and utilize the same set of information without manual intervention or
discrepancies. Data integration eliminates the silos that exist between different healthcare
stakeholders, thereby improving the accuracy of claims processing, reducing administrative

costs, and accelerating reimbursement cycles.

The integration of healthcare data is also crucial for compliance with regulatory frameworks,
such as the Health Insurance Portability and Accountability Act (HIPAA), which mandates
the protection of patient health information (PHI) during transmission. Furthermore, as
healthcare systems move towards value-based care models, which emphasize patient
outcomes over the volume of services provided, integrated data is essential for tracking
patient journeys, coordinating care, and ensuring that claims reflect the services delivered.
The ability to integrate data from multiple systems not only enhances operational efficiency
but also contributes to better patient care by enabling timely access to complete and accurate

information.
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Despite the clear advantages of data integration, healthcare organizations face numerous
challenges in achieving effective interoperability between their systems. The key barriers to
data integration in healthcare claims processing can be broadly categorized into technical,

organizational, and regulatory challenges.

Technically, many healthcare systems are built on legacy infrastructures that are incompatible
with modern standards and protocols. These outdated systems lack the flexibility required to
integrate with newer, more efficient platforms, which hinders the seamless exchange of data.
Additionally, the healthcare industry utilizes a wide range of data formats, including
proprietary formats developed by individual vendors, which complicates the process of data
standardization. The absence of a universal data model that can accommodate the varying

formats and structures across systems is a significant obstacle to achieving interoperability.

Organizationally, the healthcare industry is characterized by a diverse set of stakeholders,
each with its own set of priorities, processes, and technologies. Payers, providers, and
clearinghouses often use different platforms that are not designed to communicate with one
another. Even when integration is attempted, it may require significant investments in new
infrastructure, which may not be feasible for all organizations, particularly smaller healthcare
providers. Furthermore, organizational silos and resistance to change can impede

collaboration between stakeholders, further complicating the process of data integration.

Regulatory challenges also play a significant role in hindering data integration in healthcare.
While standards such as HL7, FHIR, and ICD-10 have been developed to improve
interoperability, their implementation is often inconsistent across systems. Additionally,
compliance with data privacy regulations, such as HIPAA, presents significant challenges in
securely exchanging sensitive patient information across systems. The need to balance
interoperability with stringent privacy and security requirements creates a complex
regulatory environment that must be navigated carefully to avoid breaches and ensure

compliance.

The objective of this paper is to propose a comprehensive technical framework designed to
address the existing barriers to data integration in healthcare claims processing. The
framework aims to streamline communication between disparate healthcare information
systems, ensuring that data flows seamlessly and securely throughout the claims processing

cycle. The proposed framework integrates technical solutions such as interoperability
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standards, data transformation methodologies, secure data exchange protocols, and

middleware to overcome the challenges outlined above.

One of the central objectives of this paper is to provide a detailed exploration of how
healthcare organizations can implement the proposed framework to enhance the integration
of their claims processing systems. By leveraging standardized protocols such as HL7 and
FHIR, the framework seeks to ensure that healthcare data is exchanged in a consistent and
interoperable manner, thus reducing data discrepancies and improving the overall accuracy
and speed of claims processing. Additionally, the framework will address the need for robust
data security measures, incorporating encryption techniques and secure transport protocols

to safeguard sensitive patient data during transmission.

The paper will also explore the role of artificial intelligence (AI) and machine learning (ML)
in predictive data harmonization, offering innovative solutions for automating data mapping
and integration tasks. Furthermore, the paper will discuss the importance of establishing a
data governance framework to ensure data quality, consistency, and compliance with
regulatory requirements. Through case studies and practical examples, this paper will
demonstrate the feasibility and effectiveness of the proposed framework in real-world

healthcare environments.

Ultimately, the goal of this research is to contribute to the ongoing efforts in healthcare system
modernization by providing a clear, actionable roadmap for overcoming data integration
barriers. By streamlining communication and improving the accuracy of healthcare claims
processing, the proposed framework has the potential to reduce administrative costs,

accelerate reimbursement cycles, and enhance the quality of care provided to patients.

2. Literature Review
Review of Existing Research on Data Integration in Healthcare

The integration of healthcare data has been a topic of significant research due to its centrality
in enhancing the efficiency and quality of healthcare systems. Studies have emphasized the
importance of data interoperability in enabling seamless communication between disparate

healthcare systems, such as Electronic Health Records (EHR), laboratory systems, insurance
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claims management systems, and clinical decision support systems. Researchers have
highlighted the complexity of integrating heterogeneous data sources due to the variety of
data formats, systems, and standards employed across healthcare entities. A review by
McDonald et al. (2018) concluded that effective data integration could lead to substantial
improvements in the accuracy of clinical decision-making and reduced administrative costs,
yet, the realization of these benefits has been impeded by persistent challenges in system

compatibility and data standardization.

Recent research by Berglund et al. (2020) indicated that one of the most critical barriers to data
integration is the lack of a unified approach to data exchange. Healthcare systems continue to
rely on legacy infrastructures that were not designed with interoperability in mind. These
systems are often ill-equipped to handle modern data exchange protocols or integrate with
newer platforms. The growing volume of health data further compounds these issues, making
it increasingly difficult for organizations to manage, share, and integrate the vast amounts of

information generated.

Data integration has also been studied in the context of healthcare claims processing, where
inefficiencies in communication between healthcare providers, payers, and third-party
clearinghouses create significant operational costs. A study by Adams and Goldsmith (2019)
noted that a large proportion of claims-related issues stemmed from data misalignment and
inconsistent coding across different systems, leading to delays in reimbursements and claim
denials. The research identified that resolving these discrepancies through better data
integration could drastically improve the timeliness and accuracy of claim processing and

significantly reduce administrative overhead.
Examination of Interoperability Standards (e.g., HL7, FHIR)

Interoperability standards are essential for ensuring that healthcare systems can communicate
with one another effectively, facilitating the exchange of data between different stakeholders
while maintaining data integrity and security. Two of the most widely recognized
interoperability standards in healthcare are HL7 (Health Level Seven) and FHIR (Fast

Healthcare Interoperability Resources).

HL7 is a widely adopted standard that focuses on the exchange, integration, sharing, and

retrieval of electronic health information. It provides a framework for the standardization of
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clinical and administrative data within healthcare systems. The HL7 Version 2 messaging
standard has been particularly prevalent in legacy systems, allowing for the transmission of a
wide variety of health data, from patient demographics to diagnostic information. However,
despite its widespread use, HL7 Version 2 has been criticized for its complexity and lack of
flexibility, which makes it difficult to implement in newer, more dynamic healthcare
environments. The lack of standardized data formats and the dependency on proprietary

vendor-specific implementations hinder its ability to support seamless interoperability.

FHIR, developed by HL7, was introduced to address the limitations of its predecessor. FHIR
is an open standard designed to simplify data exchange across healthcare systems through
modern web technologies, such as RESTful APIs, and uses standard data formats, such as
JSON and XML. FHIR aims to offer a more flexible, lightweight, and scalable approach to
interoperability. As a result, it is increasingly gaining traction as the go-to solution for next-
generation healthcare data integration. A study by Dalle et al. (2021) demonstrated FHIR’s
ability to facilitate real-time access to patient data across diverse systems while reducing
integration time and costs. Furthermore, FHIR’s modular architecture allows organizations to
select only the components they require, making it adaptable to both small practices and large

hospital networks.

However, despite the promising potential of FHIR, its implementation is not without
challenges. Studies by Knox et al. (2022) pointed out that while FHIR provides robust
functionality for data exchange, there are still significant gaps in areas such as security, data
governance, and integration with existing healthcare infrastructure. Furthermore, the
fragmented nature of healthcare systems and varying levels of technical maturity across
organizations complicate the full-scale adoption of FHIR, especially among smaller healthcare

providers who may lack the technical expertise to integrate it into their systems effectively.
Analysis of Challenges and Limitations in Current Systems

Despite advancements in digital health technologies, significant challenges persist in the
integration of healthcare claims data. One of the most pressing issues is the persistence of
legacy systems, which are often not designed to accommodate modern interoperability
standards. These outdated systems operate on proprietary data formats and closed
architectures that are not conducive to efficient data exchange. As a result, healthcare

organizations must rely on costly and error-prone workarounds, such as manual data entry
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or custom-built interfaces, to bridge the gap between incompatible systems. This lack of

system compatibility is one of the primary reasons for delays and errors in claims processing.

Another significant challenge in data integration is the complexity of healthcare data itself.
Healthcare data is highly diverse, ranging from clinical data (e.g., patient diagnoses, treatment
plans) to administrative data (e.g., billing codes, insurance information), each with its own
structure, format, and semantics. The lack of standardized data formats across these various
data types complicates the process of data integration and increases the risk of data
mismatches, leading to inefficiencies and errors in claims adjudication. Research by Boulos et
al. (2020) highlighted the critical need for unified data models and standardized coding
systems, such as ICD-10, CPT, and SNOMED CT, to improve data consistency and facilitate

smoother integration between systems.

Data security and privacy concerns also present formidable challenges to data integration. As
healthcare data contains sensitive personal health information (PHI), any attempt to share or
exchange this data between systems must adhere to stringent privacy regulations, such as
HIPAA in the United States. Ensuring that integrated systems meet regulatory requirements
for data security while maintaining seamless communication can be a complex task.
Additionally, the use of cloud-based platforms and third-party services in healthcare claims
processing introduces further security risks, particularly in relation to unauthorized access
and data breaches. According to Patel et al. (2021), adopting robust encryption techniques and
secure communication protocols is essential to ensure the confidentiality and integrity of

health data during transmission.

Finally, the organizational and economic challenges associated with data integration cannot
be overlooked. Many healthcare providers, especially smaller practices, face significant
barriers in adopting new technologies due to the high upfront costs of system upgrades or
replacements, as well as the ongoing operational costs of maintaining integrated systems.
Resistance to change within healthcare organizations, coupled with the lack of skilled
technical personnel, further hinders the successful implementation of data integration
solutions. As noted by Zheng et al. (2019), organizational buy-in and a clear strategic vision
are necessary to overcome these obstacles and facilitate the widespread adoption of data

integration technologies.

Overview of Successful Case Studies and Integration Models
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Despite these challenges, several successful case studies have demonstrated the feasibility and
effectiveness of healthcare data integration initiatives. One such example is the
implementation of the Veterans Health Information Systems and Technology Architecture
(VistA) in the U.S. Department of Veterans Affairs. VistA is a comprehensive, integrated
system that connects various healthcare services, including patient records, billing, and claims
processing. Research by Huerta et al. (2019) showed that the integration of VistA with external
systems using HL7 and other interoperability standards resulted in improved claims
accuracy, reduced administrative costs, and faster reimbursement times. This case illustrates
the potential benefits of centralized, interoperable systems in streamlining healthcare claims

processing.

Another successful example is the use of FHIR in the healthcare ecosystem of Estonia, which
has established itself as a global leader in digital health. Estonia’s e-health system integrates
data from various healthcare providers, insurance companies, and pharmacies, allowing for
the seamless exchange of patient health information. FHIR was central to the development of
this system, and its use in facilitating the integration of data across different platforms resulted
in significant improvements in claims processing efficiency and patient care outcomes.
According to a study by Koppel et al. (2021), the Estonian e-health system reduced
administrative overhead and improved claims accuracy by leveraging FHIR's ability to

support real-time, interoperable data exchange.

These case studies underscore the transformative potential of data integration technologies in
improving the efficiency and effectiveness of healthcare claims processing. However, they
also highlight the importance of addressing technical, organizational, and regulatory
challenges to ensure the success of integration efforts. Future research and implementation
strategies must build upon these successes, incorporating lessons learned and focusing on the
continuous improvement of data integration frameworks to meet the evolving needs of the

healthcare sector.

3. Framework Overview

Presentation of the Proposed Technical Framework for Data Integration
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The proposed technical framework for overcoming the barriers in healthcare claims data
integration seeks to create a seamless, scalable, and secure infrastructure for efficient data
exchange between disparate healthcare information systems. This framework is designed
with a focus on addressing the inherent complexities in healthcare data, the variety of
interoperability standards, and the security and privacy concerns that accompany the
integration process. It aims to bridge the gaps between healthcare providers, payers,
insurance companies, and clearinghouses, ensuring a more fluid and accurate claims

processing system.

Proposed Technical Framework

Service-Oriented Architecture (SOA) Interoperabilty Standards: HL7, FHIR Blockehain for Secure Transactions Real-Time Communication Legacy System Integration

\ \ | ) )

Modular Design Harmonizes Data Formats Ensures Data Security & Privacy ‘W/deresses CompatiblityIssues

Healthcare Stakeholders: Providers, Payers, Insurers

The framework is built on a modular, service-oriented architecture (SOA) that incorporates
modern interoperability standards such as HL7 and FHIR, coupled with innovative
technologies like blockchain for secure data transactions. The primary goal is to create a
unified platform that can integrate diverse data sources, harmonize different data formats,
and facilitate real-time communication among all stakeholders while ensuring compliance
with regulatory requirements. By leveraging cutting-edge integration technologies and
addressing legacy system challenges, the framework presents a comprehensive approach to

data interoperability in the healthcare claims domain.
Explanation of the Framework’s Architecture and Components

The framework consists of several key components, each playing a vital role in ensuring the
successful integration of healthcare claims data. At its core, the architecture is designed
around a service bus that enables communication between various healthcare entities. This
service bus acts as a central hub for data exchange, ensuring that each participating system,

whether it be a healthcare provider, payer, or clearinghouse, can send and receive information
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in a standardized manner, regardless of the underlying technology or data format used by the

systems involved.

One of the critical components of the architecture is the Data Transformation Engine (DTE),
responsible for converting data from proprietary formats to standardized formats, such as
HL7 or FHIR. This engine ensures that data is appropriately structured and compatible with
the target systems, reducing the risk of errors during claims submission and adjudication. The
DTE also includes advanced algorithms for semantic data mapping, enabling the translation
of complex clinical codes and administrative data into a format that can be easily processed

and understood by all parties.

Another essential element of the framework is the Interoperability Layer (IL), which
incorporates standards such as HL7, FHIR, and CCD (Continuity of Care Document) to enable
the secure and efficient exchange of healthcare data. This layer ensures that data exchange
occurs in real time, while also maintaining compliance with healthcare privacy regulations
such as HIPAA. The interoperability layer is designed to facilitate the bi-directional flow of
information, allowing healthcare providers, insurers, and other stakeholders to access and
update claims information as needed, thereby reducing the turnaround time for claims

processing.

The Security and Privacy Module (SPM) is another vital component of the framework,
ensuring that all data exchanges are secure and comply with regulatory standards. This
module integrates encryption protocols, access control mechanisms, and authentication
systems to protect sensitive healthcare data during transmission. Additionally, the SPM
leverages blockchain technology to provide an immutable ledger of all transactions, ensuring

that the integrity of data is maintained, and audit trails are available for compliance purposes.

Finally, the User Interface (UI) module provides a seamless interaction layer for end users,
allowing healthcare providers, claims adjusters, and other stakeholders to monitor the
progress of claims, access relevant data, and resolve issues in a timely manner. This module
is designed to be intuitive, reducing the learning curve for users while enhancing operational

efficiency.

Key Principles Underlying the Framework's Design
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The proposed framework is based on several guiding principles aimed at overcoming the
challenges of data integration in healthcare claims processing. The first principle is
modularity, which ensures that the framework can be adapted to the specific needs of
different healthcare organizations, regardless of their existing infrastructure. This modular
approach allows for the selective deployment of components, enabling organizations to
integrate only the elements they require while maintaining the flexibility to scale the system

as their needs evolve.

Another key principle is interoperability, which is at the heart of the framework. By adhering
to widely recognized data exchange standards, such as HL7 and FHIR, the framework ensures
that disparate healthcare systems can communicate with one another without the need for
costly and complex custom integrations. The framework also supports real-time data

exchange, which is crucial for the timely processing of healthcare claims.

Security and Privacy are foundational to the framework’s design. Given the sensitive nature
of healthcare data, the framework incorporates advanced encryption, data masking, and
blockchain technologies to ensure that data is transmitted securely and remains compliant
with relevant privacy regulations. The security protocols are designed to prevent
unauthorized access to healthcare data, safeguarding both patient privacy and the integrity

of the claims data being exchanged.

Scalability is another guiding principle. The framework is designed to handle large volumes
of claims data without compromising performance or data accuracy. This scalability is
achieved through the use of distributed computing technologies and cloud-based platforms,
which allow for the dynamic allocation of resources based on demand. By leveraging these
technologies, the framework can scale to accommodate healthcare organizations of varying

sizes, from small clinics to large hospitals and insurance providers.

The principle of standardization is also central to the design of the framework. By adopting
common interoperability standards and establishing clear data models, the framework
minimizes the risk of errors arising from data mismatches or inconsistent coding practices.
This standardization also streamlines the implementation process, reducing the need for

custom development and enabling faster integration across different healthcare systems.

Discussion on How the Framework Addresses Existing Barriers
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The framework is specifically designed to address the key barriers to data integration that are
prevalent in the healthcare claims processing landscape. One of the most significant barriers
is the lack of standardization in data formats and communication protocols. By leveraging
established standards like HL7 and FHIR, the framework ensures that all systems involved in
the claims process can communicate seamlessly, regardless of their underlying technologies.
This reduces the need for costly and error-prone manual interventions and custom interfaces,

streamlining the entire claims adjudication process.

The integration of the Data Transformation Engine (DTE) directly addresses the challenge of
disparate data formats. By automatically converting data into standardized formats, the DTE
ensures that claims data is properly structured before being submitted, reducing the
likelihood of errors during processing. This automated transformation minimizes the need for

human oversight and enhances the efficiency of the overall system.

The Security and Privacy Module (SPM) addresses the significant challenge of maintaining
data security and privacy during transmission. By incorporating advanced encryption
techniques and blockchain technology, the framework ensures that sensitive healthcare data
is protected from unauthorized access and tampering. Blockchain, in particular, offers an
immutable ledger of all transactions, ensuring the integrity of the data and providing an
auditable trail for compliance and verification purposes. This approach enhances trust among
all stakeholders, including healthcare providers, payers, and patients, and helps ensure

compliance with regulations such as HIPAA.

Another significant barrier to data integration is the resistance to adopting new technologies
within healthcare organizations. The modular design of the framework allows for gradual
implementation, enabling healthcare organizations to start with smaller, less complex
integrations and expand as they become more comfortable with the technology. This
incremental approach reduces the risk of disruption to existing operations and ensures a

smoother transition to the new system.

Lastly, the framework's scalability ensures that it can accommodate the growing volume of
healthcare claims data. As the healthcare industry continues to generate increasing amounts
of data, the framework is designed to scale dynamically, ensuring that the performance of the

system remains optimal even as the volume of claims data increases. This scalability is critical
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for ensuring that the framework can support both current and future data integration needs

in the healthcare claims processing ecosystem.

4. Interoperability Standards and Protocols
Detailed Exploration of Interoperability Standards Relevant to Healthcare Claims

Interoperability standards play a critical role in the healthcare claims processing ecosystem,
as they facilitate the exchange of structured and unstructured data between disparate
healthcare information systems. In a complex and fragmented healthcare environment, these
standards are essential for ensuring that data can be interpreted accurately and consistently
across different systems, whether they be Electronic Health Records (EHRs), Health
Information Exchanges (HIEs), insurance claims systems, or administrative databases. The
fundamental goal of interoperability standards is to enable seamless communication between
these systems, ensuring that healthcare providers, payers, and patients can exchange

information efficiently, accurately, and securely.

V/J Healthcare Data Sources

Electronic Health Records (EHRS) ‘ Health Information Exchanges (HIEs) Insurance Systems Administrative Databases

—_— . L

Interoperability Standards

N

HL7 Protocol FHIR Standard

N

Outcomes of Standardization

P B

Improved Efficiency Enhanced Accuracy Secure Communication

Healthcare claims data involves a wide array of clinical, administrative, and financial
information, and the lack of a standardized format can result in inefficiencies, errors, and
delays. In the absence of interoperability standards, healthcare organizations are forced to

adopt custom interfaces or manual intervention, which introduces significant risks and
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operational overhead. To mitigate these challenges, standardized data exchange protocols

have emerged, ensuring consistency and accuracy in healthcare transactions.

Among the most prominent standards for healthcare data exchange are HL7 and FHIR. These
standards have been widely adopted for their flexibility, scalability, and alignment with the
evolving needs of modern healthcare systems. They provide a structured framework for
representing and exchanging healthcare data, making them essential tools for overcoming

integration barriers in healthcare claims.
Discussion on the Implementation of HL7 and FHIR

Health Level 7 (HL7) is a set of standards used to facilitate the exchange of clinical and
administrative data in healthcare settings. HL7 provides a framework for the exchange of
information such as patient demographics, clinical observations, and claims-related data. Its
messaging standard, HL7 V2, is one of the most widely adopted protocols for healthcare data
exchange globally. However, despite its widespread use, HL7 V2 has certain limitations,
particularly with regard to its complexity, inflexibility, and lack of support for modern data
exchange methods. These limitations have made it challenging for organizations to implement

HL7 in a manner that supports seamless, real-time data exchange.

FHIR (Fast Healthcare Interoperability Resources), developed by HL7, represents a
modernized version of HL7 designed to address these limitations. FHIR is an open, web-based
standard that supports the exchange of healthcare data using widely adopted technologies,
such as RESTful APIs, XML, and JSON. FHIR enables more flexible and efficient data sharing
by defining resources that represent different aspects of healthcare data, including clinical,
administrative, and financial records. These resources are modular and reusable, allowing

them to be adapted to various healthcare contexts, including claims processing.

One of the key advantages of FHIR is its ability to support both traditional and emerging data
exchange methods, making it a more suitable standard for future-proofing healthcare claims
integration. Additionally, FHIR’s compatibility with modern web technologies enhances its
ability to enable real-time data exchange, which is critical in the context of healthcare claims,

where delays can have significant financial and operational impacts.

For healthcare organizations, the implementation of FHIR offers several key benefits. The

standard’s modular nature allows for more straightforward integration with existing systems,
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reducing the complexity of implementation. Furthermore, the use of APIs and modern web
technologies ensures that FHIR can support dynamic, real-time communication between
systems, which is crucial for the prompt processing of claims. The ability to structure
healthcare data in a standardized format also reduces the risk of data discrepancies and errors,

enhancing the overall efficiency and accuracy of the claims process.

Despite the advantages of FHIR, its adoption within healthcare claims systems is still
evolving. Many organizations are transitioning from HL7 V2 to FHIR-based systems to take
advantage of its flexibility and improved integration capabilities. This transition requires
careful planning and execution, as it involves migrating data formats, redefining workflows,
and integrating new technologies. However, given the long-term benefits of FHIR, this shift
is expected to be a critical step toward improving the efficiency and effectiveness of healthcare

claims processing.
Comparison of Messaging Formats and Their Impact on Integration

Messaging formats are an integral component of any interoperability standard, as they define
how data is structured and transmitted between systems. HL7 V2 and FHIR differ
significantly in terms of their messaging formats, which in turn impacts how they are

implemented in healthcare claims systems.

HL7 V2 uses a proprietary, text-based message format that can be highly complex and difficult
to parse. The format relies on delimited fields, which makes it less flexible and prone to errors
when data is misinterpreted or improperly formatted. This complexity often necessitates
custom development for system integration, which can be time-consuming and costly. While
HL7 V2 is widely supported and has been the backbone of healthcare data exchange for
decades, it struggles to keep up with the increasing demand for real-time, efficient, and

flexible data sharing.

In contrast, FHIR employs modern, machine-readable formats such as XML and JSON, which
are both lightweight and extensible. These formats align with current web-based data
exchange protocols and are better suited for handling the dynamic needs of modern
healthcare systems. FHIR's use of RESTful APIs further streamlines data access by providing

a simple, standardized interface for system communication. This web-based architecture
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allows for faster, more reliable data exchange, particularly when dealing with real-time claims

processing, where speed and accuracy are paramount.

The difference in messaging formats also has significant implications for system integration.
While HL7 V2's messaging format can require complex custom interfaces and middleware to
ensure compatibility between systems, FHIR's more standardized format facilitates the
creation of interoperable systems using off-the-shelf integration tools. The use of standardized
web technologies and the modular nature of FHIR resources allows healthcare organizations
to implement integration solutions more efficiently, reducing both the time and cost required

for system interoperability.

Furthermore, FHIR's flexibility allows for the customization of data exchanges based on
specific use cases, such as claims processing. By enabling the representation of financial,
clinical, and administrative data in a consistent format, FHIR provides the foundation for a
more streamlined and efficient claims workflow. The ability to integrate claims data directly
into clinical workflows, for instance, can help improve the accuracy of claims submissions,

reduce errors, and expedite the claims adjudication process.
Role of Standardized Data Formats in Enhancing Communication

Standardized data formats, such as those defined by HL7 and FHIR, play a crucial role in
enhancing communication across healthcare systems by ensuring that data is structured in a
consistent and predictable manner. These formats allow different systems to understand and
interpret the information being exchanged, reducing the risk of miscommunication, data loss,

or processing errors.

In the context of healthcare claims processing, standardized data formats are essential for
ensuring that claims-related data is accurately captured, transmitted, and processed. Claims
data typically includes a combination of clinical information (e.g., diagnosis codes, treatment
records), administrative data (e.g., patient demographics, insurance coverage), and financial
information (e.g., payment amounts, claim status). For this data to be processed correctly, all
parties involved - from healthcare providers to insurers - must use a common understanding

of the data’s structure and meaning.

The adoption of standardized data formats ensures that each system involved in the claims

process can interpret the data in the same way, reducing the need for manual intervention or
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complex data mapping. This leads to faster claims processing, improved accuracy, and fewer
discrepancies. Moreover, standardized data formats enhance the transparency of the claims
process, allowing stakeholders to easily track and audit claims data, which is crucial for
ensuring compliance with regulatory requirements and for identifying potential fraud or

errors in claims submissions.

Standardized data formats also support the scalability of healthcare claims systems. As the
volume of claims data continues to grow, the ability to efficiently process and exchange large
datasets becomes increasingly important. By adopting widely accepted standards such as HL7
and FHIR, healthcare organizations can ensure that their claims systems remain adaptable to
future changes in technology and regulatory requirements. This scalability allows for more
efficient processing of an ever-expanding number of claims, helping to improve operational

efficiency and reduce administrative costs.

5. Data Transformation and Integration Techniques
Overview of Data Transformation Methodologies

Data transformation is a critical component in the healthcare claims processing landscape, as
it enables the seamless conversion and movement of data between disparate systems. The
diverse nature of healthcare data, which spans clinical, financial, and administrative domains,
often leads to the existence of multiple data formats, structures, and sources. Data
transformation techniques are essential for overcoming these differences, allowing
information to be consistently and accurately shared between systems, regardless of the

originating platform.

Journal of Machine Learning for Healthcare Decision Support
Volume 4 Issue 1
Semi Annual Edition | Jan - June, 2024
This work is licensed under CC BY-NC-SA 4.0.



https://medlines.uk/
https://medlines.uk/index.php/JMLHDS

Journal of Machine Learning for Healthcare Decision Support
By Medline Publications, UK 220

ETL Process for Healthcare Claims

l

Data Extraction

/ Retrieve Data

Data Transformation Data Sources

Standardization & Mapping l \

‘ Data Loading Electronic Health Records (EHRs) Insurance Claims Systems Health Information Exchanges (HIEs)
Store in Target System

Centralized Repository or Database

Among the most commonly employed data transformation methodologies are Extract,
Transform, and Load (ETL) processes. ETL is a three-step process designed to extract data
from heterogeneous sources, transform it into a standardized format, and load it into the
target system or database. The extraction phase involves identifying and retrieving relevant
data from source systems, such as electronic health records (EHRs), insurance claims systems,
or health information exchanges (HIEs). Once the data is extracted, it is subjected to the
transformation process, where it is cleansed, mapped, and converted into a common format
that is compatible with the target system's data model. This may involve normalization, data
type conversion, or standardization of terminologies, codes, and units of measure. Finally, the
transformed data is loaded into the target system, often a centralized repository or database,
where it can be accessed and utilized by downstream applications, such as claims adjudication

systems, reporting tools, or analytics platforms.

ETL processes are widely adopted in healthcare claims integration as they provide a
structured method for handling large volumes of data from multiple sources. However, the
complexity of healthcare data often necessitates sophisticated ETL workflows, particularly
when dealing with legacy systems or non-standard data formats. As healthcare organizations
continue to modernize their IT infrastructure, more flexible and scalable data transformation
methodologies are emerging, including real-time data integration approaches and cloud-

based data pipelines, which allow for more agile handling of data across disparate systems.

Techniques for Mapping and Converting Legacy Data Formats

Journal of Machine Learning for Healthcare Decision Support
Volume 4 Issue 1
Semi Annual Edition | Jan - June, 2024
This work is licensed under CC BY-NC-SA 4.0.



https://medlines.uk/
https://medlines.uk/index.php/JMLHDS

Journal of Machine Learning for Healthcare Decision Support
By Medline Publications, UK 221

The healthcare industry is rife with legacy systems that have long been entrenched in the
claims processing workflow. These legacy systems often utilize outdated data formats that are
incompatible with modern interoperability standards, such as HL7 or FHIR. One of the key
challenges in healthcare data integration is the mapping and conversion of these legacy data

formats into a structure that can be processed by current systems.

Data mapping techniques are employed to facilitate the conversion of data between old and
new formats. The mapping process involves identifying the corresponding fields in the legacy
data format and aligning them with the appropriate fields in the modern data model. This
often requires the use of a data mapping tool or middleware that understands both the source
and target data structures. For example, if a legacy claims system uses a proprietary format
for patient demographic information, data mapping tools can help map this information into
a standard FHIR resource format, such as the Patient resource. Similarly, codes used in legacy
systems (e.g., ICD-9 codes) may need to be converted to newer standards like ICD-10 or

SNOMED CT during the transformation process.

Data conversion is closely tied to mapping but typically involves more complex logic,
especially when dealing with non-standard or obsolete data formats. Conversion techniques
must take into account various challenges, such as inconsistent data types, missing values,
and incompatible coding systems. One approach to mitigating these issues is the use of data
reconciliation processes, which compare the transformed data against predefined rules or
reference datasets to ensure accuracy and consistency. In some cases, machine learning
algorithms or natural language processing (NLP) techniques can be employed to assist in the

identification of mismatches or inconsistencies between legacy and modern data formats.

Moreover, the adoption of intermediary formats, such as XML or JSON, can provide a flexible
bridge between legacy and modern systems. These formats allow legacy systems to
communicate with modern platforms in a more structured manner, while still enabling the
transformation of legacy data into a standardized form that adheres to contemporary
interoperability standards like FHIR. However, the process of mapping and converting legacy
data requires careful planning and implementation to avoid data loss, misinterpretation, or

system incompatibility.

Implementation of API-Based Integrations
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API-based integrations are increasingly being used to streamline data exchange between
disparate healthcare systems, particularly in the context of healthcare claims processing.
Application Programming Interfaces (APIs) provide a standardized method for different
systems to communicate with each other, allowing them to send and receive data in real-time
or near-real-time. APIs are an ideal solution for integrating healthcare systems, as they enable
efficient and flexible data exchange without the need for complex, point-to-point connections

or manual data entry.

The adoption of APIs in healthcare claims processing is largely driven by their ability to
support modern web technologies, such as RESTful services, which use HTIP as the
communication protocol. RESTful APIs are lightweight and can handle large volumes of data
efficiently, making them an attractive option for integrating claims-related data between
providers, payers, and third-party systems. Furthermore, the use of widely accepted data
formats, such as JSON or XML, allows APIs to transmit structured data that can be easily

parsed and understood by both the sender and receiver, facilitating seamless integration.

API-based integrations are particularly valuable in the context of healthcare claims processing
because they enable real-time communication and ensure that claims data is processed
promptly. By leveraging APIs, healthcare organizations can implement automated workflows
that reduce the reliance on manual interventions and minimize errors. For instance, an API
can be used to automatically retrieve patient information from an EHR system when a claim
is being processed, ensuring that the claims adjudication system has access to the most up-to-
date and accurate data. This real-time integration improves the accuracy of claims

submissions and accelerates the overall claims lifecycle.

Moreover, APIs are highly flexible and can be easily integrated into existing systems or
workflows. For example, an API that provides access to a claims adjudication system can be
used to send claim status updates to a provider’s practice management system or to a payer’s
claims database. By standardizing the methods through which data is exchanged, APIs reduce
the complexity associated with traditional integration approaches, such as batch file transfers

or custom point-to-point interfaces.

Discussion on Maintaining Data Integrity and Accuracy During Transformations
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Ensuring data integrity and accuracy during transformations is one of the most critical
challenges in healthcare claims integration. The transformation process involves converting
data from one format to another, which inherently introduces the risk of data loss, corruption,
or misinterpretation. Maintaining data integrity during transformation requires the use of
robust data validation techniques, error-checking mechanisms, and continuous monitoring

throughout the integration process.

One of the key approaches to maintaining data integrity is the use of automated data
validation rules during the transformation process. These rules can be configured to check for
common errors, such as missing or invalid values, incorrect data types, or inconsistencies in
coding systems. For instance, if a healthcare claims system expects a certain code format (e.g.,
ICD-10), the validation rules can ensure that the data conforms to this format before it is
processed further. If any discrepancies are detected, the data can be flagged for manual review

or correction, thereby preventing erroneous data from entering the system.

Another critical technique for ensuring data integrity is the use of data reconciliation
processes, which compare the transformed data against a reference dataset or predefined
business rules to detect discrepancies. For example, claims data that is being transformed from
a legacy system may be cross-checked against a master list of valid codes or patient
information to ensure that the transformed data remains consistent with the original source.
This reconciliation process helps ensure that no data is lost or altered during the

transformation and that the final output is accurate and reliable.

Furthermore, comprehensive logging and audit trails are essential for tracking the flow of
data through the transformation process. By capturing detailed logs of every step in the ETL
pipeline, organizations can track any issues that arise during the integration process and
provide transparency for compliance and regulatory purposes. This audit trail also allows
organizations to trace any data discrepancies back to their source, enabling faster

identification and resolution of issues.

Finally, maintaining data integrity during transformation also requires robust error-handling
mechanisms to address any issues that may arise during the integration process. This includes
automatic retries for failed transactions, notifications for system administrators, and the

ability to rollback or reprocess data if errors are detected. Through these mechanisms,
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organizations can ensure that the data remains accurate, complete, and trustworthy, even in

the face of system failures or unforeseen issues.

6. Security and Privacy Considerations
Analysis of Security Challenges in Healthcare Data Integration

The integration of healthcare data, particularly within the context of claims processing,
involves significant security challenges due to the sensitivity and confidentiality of the data
involved. Healthcare data, by its nature, contains vast amounts of personal health information
(PHI), which is protected by stringent regulations and standards aimed at safeguarding
patient privacy. Consequently, when data is exchanged between disparate systems for claims
processing and related functions, it is exposed to potential threats ranging from unauthorized

access and data breaches to misuse and malicious attacks.

One of the primary security challenges in healthcare data integration is the protection of data
during transmission. The integration of disparate healthcare systems, such as electronic health
records (EHR), insurance claim databases, and third-party payer systems, often involves the
transfer of PHI across unsecured networks. These data transfers create opportunities for
adversaries to intercept or alter sensitive information, leading to the potential compromise of
patient privacy and the integrity of claims data. Furthermore, as healthcare organizations
increasingly adopt cloud-based services and third-party vendors for their data storage and
processing needs, the attack surface for cyber threats expands, necessitating a higher level of

security vigilance.

Another significant challenge is the proper authentication and authorization of users and
systems accessing the data. The implementation of robust access controls is essential to ensure
that only authorized entities can access or modify healthcare claims data. A failure to properly
authenticate users or systems increases the risk of malicious insiders or external attackers
gaining unauthorized access to sensitive information, which could result in identity theft,

fraud, or unauthorized disclosures of PHI.

Additionally, the use of legacy systems, which may not be equipped with the latest security

protocols or encryption methods, compounds the challenges faced by healthcare
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organizations. These systems may lack the necessary security measures to defend against
modern cyber threats, leaving them vulnerable to exploitation. Integrating such legacy
systems with more secure, modern platforms introduces complexities in ensuring consistent

security standards across the entire ecosystem.
Overview of Data Encryption Methods and Secure Transport Protocols

In order to mitigate security risks, robust data encryption methods and secure transport
protocols must be implemented throughout the data integration process. Data encryption
ensures that healthcare data remains unreadable to unauthorized parties by transforming it
into an unreadable format that can only be decrypted with the correct encryption key.
Encryption is particularly important when transmitting sensitive healthcare information over

public or shared networks, such as the internet, where the risk of interception is heightened.

One widely adopted encryption standard is the Advanced Encryption Standard (AES), which
provides a high level of security for both data at rest (stored data) and data in transit (data
being transmitted). AES is considered secure due to its strong encryption algorithms and
scalability, making it a suitable choice for encrypting large volumes of healthcare data.
Another commonly used encryption method is Public Key Infrastructure (PKI), which
leverages a pair of cryptographic keys—a public key for encryption and a private key for
decryption. PKI-based encryption is particularly useful for ensuring secure communication
between different healthcare entities, as it allows each party to maintain control over its

private key while securely exchanging data.

To protect data during transmission, secure transport protocols must be implemented to
ensure that data is not tampered with or intercepted while in transit. The Secure Sockets Layer
(SSL) and its successor, Transport Layer Security (TLS), are widely used protocols for securing
communications over the internet. These protocols provide end-to-end encryption for data in
transit, ensuring that data exchanged between healthcare systems is securely transmitted and
resistant to interception or modification. SSL/TLS protocols are commonly utilized in API
integrations for healthcare claims processing, providing a secure channel for real-time data

exchanges between payer systems, providers, and third-party vendors.

Another secure transport protocol gaining traction in healthcare data integration is the Health

Level 7 (HL?7) standard, particularly its newer version, HL7 FHIR (Fast Healthcare
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Interoperability Resources). FHIR incorporates modern security standards such as OAuth 2.0
for authentication and JSON Web Tokens (JWT) for secure data exchange. FHIR, when used
in conjunction with SSL/TLS encryption, provides a robust framework for securely
transmitting healthcare claims data across systems, ensuring that sensitive information

remains protected throughout the integration process.
Strategies for Protecting Sensitive Health Information (PHI)

Protecting PHI is paramount in healthcare data integration, as any unauthorized access or
disclosure of personal health information can have severe consequences, including identity
theft, fraud, and reputational damage. To mitigate these risks, organizations must implement

a range of security measures that focus on data protection both in transit and at rest.

One key strategy for protecting PHI is the implementation of strong access controls, ensuring
that only authorized users can access sensitive healthcare data. Role-based access control
(RBAC) is a commonly used access management strategy, which assigns specific access
permissions based on the roles and responsibilities of individual users. This approach ensures
that users can only access the data necessary for their job functions, reducing the risk of

unauthorized access to sensitive claims data.

In addition to RBAC, organizations should employ multi-factor authentication (MFA) as an
additional layer of security. MFA requires users to provide two or more forms of
authentication —such as a password and a biometric scan or a smartcard —before they are
granted access to healthcare systems. By requiring multiple authentication factors, MFA

reduces the likelihood of unauthorized access, even in the event of a compromised password.

Data anonymization and pseudonymization are also effective strategies for protecting PHI
during integration. Anonymization removes all personally identifiable information (PII) from
healthcare data, rendering it impossible to trace back to individual patients. This approach is
particularly useful when data is being used for analytical or research purposes, where patient
privacy is a concern. Pseudonymization, on the other hand, replaces identifiable information
with pseudonyms, allowing for the data to be linked back to individual patients only under

specific circumstances, thereby maintaining a balance between privacy and data utility.

Furthermore, organizations must implement data retention and disposal policies to ensure

that PHI is only stored for as long as necessary and is securely deleted when no longer
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required. Secure deletion techniques, such as data wiping and physical destruction of storage

media, should be used to prevent the unauthorized recovery of deleted data.
Discussion on Compliance with Regulatory Frameworks (e.g., HIPAA)

In addition to implementing technical security measures, healthcare organizations must also
ensure compliance with regulatory frameworks designed to protect patient privacy and
safeguard healthcare data. One of the most significant regulatory frameworks in the United
States is the Health Insurance Portability and Accountability Act (HIPAA), which establishes

strict guidelines for the handling, transmission, and storage of PHI.

Under HIPAA, healthcare organizations are required to implement administrative, physical,
and technical safeguards to protect PHI from unauthorized access, disclosure, or alteration.
These safeguards include encryption, access controls, audit logs, and security incident
management procedures, among others. HIPAA’s Privacy Rule sets standards for patient
consent and the use of PHI, while the Security Rule establishes requirements for ensuring the

confidentiality, integrity, and availability of electronic health information.

Organizations involved in healthcare claims processing must also comply with HIPAA’s
Breach Notification Rule, which mandates that covered entities notify affected individuals
and regulatory bodies in the event of a data breach. Failure to comply with HIPAA can result
in significant penalties, including fines and reputational damage, further emphasizing the

importance of ensuring compliance with privacy and security regulations.

Moreover, international regulations such as the General Data Protection Regulation (GDPR)
in the European Union impose similar requirements for the protection of personal data. GDPR
focuses on the protection of personal data, including health-related information, and
mandates stringent controls on data processing and storage. Organizations handling
healthcare claims data across borders must ensure compliance with both HIPAA and GDPR,

among other applicable regulations, to avoid legal and financial penalties.

7. Middleware Solutions for Integration

Examination of Middleware’s Role in Facilitating Data Exchange
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Middleware solutions play a pivotal role in facilitating seamless data exchange across
heterogeneous systems within healthcare environments. As healthcare systems become more
interconnected, the need for a robust intermediary layer to manage data flow, ensure
compatibility, and guarantee secure communications between different platforms has grown
significantly. Middleware functions as an intermediary between disparate applications,
systems, and databases, enabling them to communicate and exchange data despite differences

in programming languages, protocols, or architectures.

In healthcare claims processing, the primary challenge lies in the integration of multiple
systems, including Electronic Health Records (EHR), Hospital Information Systems (HIS),
insurance claim management platforms, and third-party payer systems. These systems often
operate on different platforms, data formats, and communication protocols, creating barriers
to interoperability. Middleware addresses this challenge by acting as a bridge to connect these
systems, ensuring that data flows seamlessly across different applications, thereby enhancing

the efficiency of claims processing and improving data accuracy.

Middleware solutions also handle issues related to data transformation, ensuring that
information exchanged between systems is standardized and compatible with the receiving
platform. This capability is critical in healthcare, where data formats vary significantly, and
accurate communication is essential for correct claims submission, adjudication, and
reimbursement. Additionally, middleware can help in maintaining the integrity of data by
providing logging, auditing, and error-handling features, ensuring that any issues during

data exchange are identified and rectified promptly.
Discussion on Types of Middleware and Their Applications in Healthcare

Middleware technologies can be classified into several categories, each serving a distinct

purpose in healthcare systems integration. Common types of middleware include:

¢ Message-Oriented Middleware (MOM): Message-oriented middleware is commonly
used to facilitate communication between applications by enabling the transmission
of messages between systems. It decouples the sender and receiver, ensuring that each
can operate independently without waiting for the other to be available. MOM is
particularly valuable in healthcare claims processing, where real-time data exchange

between payer systems, providers, and patients is necessary. The implementation of
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MOM ensures the timely and reliable transfer of claims data, even in high-volume

environments.

¢ Object-Oriented Middleware: Object-oriented middleware is used for integrating
applications that rely on objects and object-based programming languages. It provides
a framework for the creation, management, and communication of objects across
different systems, ensuring that the applications on each side of the data exchange
understand the object structure. In healthcare, this type of middleware is essential for
integrating complex data structures, such as medical records and claims details, into

interoperable systems.

e Database Middleware: Database middleware enables data access and interaction
between applications and databases. It abstracts the complexities of different database
architectures, providing a unified interface for communication between applications
and databases. In the context of healthcare claims processing, database middleware
allows seamless interaction between payer systems and EHRs, enabling the retrieval,
storage, and updating of claims-related information without the need for deep

integration at the database level.

e Service-Oriented Middleware (SOM): Service-Oriented Architecture (SOA) relies on
service-oriented middleware to support distributed systems that communicate via
well-defined services. In healthcare, SOM 1is used to integrate clinical and
administrative applications through web services and APIs. By encapsulating system
functions as reusable services, SOM enables the interoperability of healthcare claims
processing systems without the need for direct integration between every individual
application. This reduces complexity and improves the scalability of healthcare

integration efforts.

e Enterprise Service Bus (ESB): An Enterprise Service Bus is a middleware solution that
facilitates communication and data flow between disparate applications within an
enterprise. The ESB acts as a centralized hub that mediates messages, transforms data,
and routes requests to the appropriate service. In healthcare claims processing, an ESB
can be used to streamline communication between payer systems, EHR systems, and

other health information systems by offering a standardized communication platform,
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reducing the need for point-to-point integrations and ensuring more manageable and

scalable connections.

Each type of middleware provides distinct advantages depending on the specific integration
requirements of healthcare organizations. For instance, while MOM may be ideal for real-time
data exchange, ESB-based solutions may be more effective for managing complex workflows

involving multiple stakeholders.
Case Studies Showcasing Middleware Implementations

Several healthcare organizations have successfully implemented middleware solutions to
facilitate data exchange and improve claims processing efficiency. One such example is the
implementation of an Enterprise Service Bus (ESB) at a large health insurance provider. This
provider faced challenges in managing data flows between multiple claims processing
systems, provider networks, and EHRs. The ESB was implemented to streamline
communication across these disparate systems by providing a centralized middleware layer
that handled message routing, data transformation, and error management. As a result, the
health insurer significantly reduced claim processing times, minimized errors, and improved

data consistency across the organization.

Another case study involves a hospital network that integrated multiple EHR systems across
different locations using message-oriented middleware (MOM). Before the implementation of
MOMV, the hospital struggled with timely data exchanges between its decentralized facilities.
With MOM in place, the hospital was able to transmit patient data and claims information
between systems in near real-time, ensuring faster adjudication of claims and improved
coordination between healthcare providers and insurers. This integration also facilitated

better data synchronization and reduced the administrative burden on staff.

A third example comes from a payer-provider collaboration in which database middleware
was used to integrate claim data from a variety of external sources, including billing systems
and patient health records. The middleware ensured that claims data was standardized and
could be accessed by different systems in the payer’s network. The implementation of this
middleware solution enabled the payer to automate claims processing and reduce the need
for manual interventions, leading to a reduction in administrative overhead and an increase

in claim accuracy.
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Benefits of Using Middleware in Overcoming Integration Challenges

Middleware solutions provide a multitude of benefits that can help healthcare organizations
overcome the challenges inherent in data integration. One of the most significant advantages
is the reduction of integration complexity. Middleware provides a standardized interface for
communication between systems, which reduces the need for point-to-point integrations
between every individual application. This makes the overall integration architecture simpler,

more maintainable, and less prone to errors.

Another key benefit of using middleware is enhanced scalability. As healthcare organizations
expand and add new systems or integrate with additional partners, middleware enables easy
scalability by allowing new systems to be integrated with minimal disruption to existing
processes. Middleware abstracts the underlying complexities of each system, ensuring that
new applications or services can be added without needing to modify the entire integration

infrastructure.

Middleware also improves the flexibility and adaptability of healthcare systems. Different
systems may use different data formats or communication protocols, and middleware helps
bridge these gaps by performing tasks such as data transformation, protocol conversion, and
message routing. This enables organizations to integrate new technologies or adapt to
evolving standards without overhauling their entire IT infrastructure. Furthermore,
middleware solutions often include built-in security features such as encryption,
authentication, and access controls, which are essential for safeguarding sensitive healthcare

data during integration.

By providing reliable data synchronization, middleware reduces the risks of data
inconsistency and errors that can arise from manual data entry or inadequate system
integration. This is particularly important in healthcare claims processing, where inaccurate
or inconsistent data can lead to delayed reimbursements, claim denials, and increased
administrative costs. Middleware's role in ensuring data integrity and accuracy is critical to

achieving efficient and error-free claim processing workflows.

8. Middleware Solutions for Integration
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Examination of Middleware’s Role in Facilitating Data Exchange

In the context of healthcare data integration, middleware plays a pivotal role in bridging the
communication gap between disparate systems, ensuring seamless data exchange across a
variety of platforms. Healthcare organizations are typically composed of a range of legacy
systems, modern applications, and third-party services that must be interconnected for
efficient operations, particularly in areas such as claims processing, patient data management,
and clinical workflows. Middleware serves as an intermediary layer that facilitates
communication between these disparate systems, allowing them to operate cohesively

without requiring direct integration.

The core function of middleware is to enable the smooth transfer of data between systems that
may use different communication protocols, data formats, or operating environments. It
decouples the systems from one another, enabling them to remain independent while still
being able to share data effectively. This abstraction allows healthcare providers and payers
to exchange information in real-time, irrespective of the system architecture on either side.
Middleware ensures that data is not only transferred accurately, but also in a secure and
consistent manner, maintaining the integrity and confidentiality of sensitive health

information, which is particularly critical in healthcare claims processing.

Furthermore, middleware provides the infrastructure for error handling, logging, monitoring,
and security management, which ensures that data exchanges are reliable, auditable, and
protected from unauthorized access. In a sector as sensitive as healthcare, where patient data
and financial transactions must be handled with the utmost care, middleware solutions
mitigate risks related to data loss, breaches, and delays, thereby enabling efficient and

compliant integration processes.
Discussion on Types of Middleware and Their Applications in Healthcare

The healthcare sector leverages various types of middleware solutions to address the unique
challenges of data exchange and system interoperability. Each type serves a different purpose,
depending on the nature of the systems and data being integrated. Key middleware types
used in healthcare include message-oriented middleware (MOM), database middleware,
object-oriented middleware, service-oriented middleware (SOM), and enterprise service bus

(ESB). Each of these middleware categories has specific use cases in healthcare integration.
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Message-oriented middleware (MOM) is one of the most commonly used middleware types
in healthcare settings. It facilitates the exchange of messages between distributed systems,
allowing data to be sent asynchronously and reliably across different systems. In healthcare
claims processing, MOM is used to ensure the continuous flow of claims data between payer
systems, EHRs, and billing platforms. MOM solutions, such as Apache Kafka or IBM MQ,
allow for the decoupling of systems, which ensures that individual applications can continue
to operate without waiting for data from other systems. MOM also provides features such as
guaranteed message delivery, message persistence, and routing, which are critical for

ensuring that healthcare claims are processed in a timely and accurate manner.

Service-oriented middleware (SOM), on the other hand, is based on the principles of service-
oriented architecture (SOA). SOM is designed to facilitate communication and integration
across distributed systems by exposing system functionality as services. This middleware
enables interoperability by allowing different systems to communicate using well-defined
service interfaces, typically over standard protocols such as HTTP or SOAP. In healthcare,
SOM is widely used for the integration of various applications, including claims management
systems, EHR platforms, and laboratory systems. By encapsulating each system's functions as
reusable, standardized services, SOM reduces the complexity of integrating systems and

enables them to communicate in a standardized manner.

Another important category of middleware in healthcare is enterprise service bus (ESB). An
ESB provides a centralized communication platform for integrating disparate applications
and services. It acts as a message broker that routes data between systems, transforming
messages and ensuring compatibility between different protocols and data formats. In
healthcare, ESB solutions such as MuleSoft or IBM Integration Bus are utilized to integrate
healthcare applications like EHRs, pharmacy systems, and payers. The ESB enables real-time
data exchange and supports scalable, flexible integration architectures. It provides benefits
such as reduced point-to-point integrations, centralized management, and standardized

messaging, making it ideal for large healthcare organizations with complex data flows.

Object-oriented middleware (OOM) and database middleware are also employed in specific
healthcare use cases. OOM enables systems to communicate using object-based data models,
while database middleware allows different applications to interact with databases without

direct database connections. These middleware types can be beneficial in scenarios where
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complex data structures need to be exchanged, such as patient records, billing information,

and medical imaging data.
Case Studies Showcasing Middleware Implementations

Several healthcare organizations have adopted middleware solutions to address data
integration challenges, with successful implementations resulting in streamlined workflows,
reduced operational costs, and improved patient care. A notable case is the implementation
of an enterprise service bus (ESB) at a multi-hospital healthcare provider. The organization
struggled with integrating various EHR systems, laboratory information systems, and billing
platforms. By implementing an ESB, the organization created a unified integration layer that
facilitated real-time communication across all systems. The ESB enabled seamless data
exchange, reducing the time required for claims submission and adjudication, and improving
billing accuracy. Moreover, the ESB’s ability to transform and route messages in multiple
formats allowed the organization to integrate disparate systems without needing extensive

customization for each individual application.

Another case study involves a regional health insurance provider that implemented message-
oriented middleware (MOM) to improve the flow of claims data between hospitals, medical
providers, and insurers. Prior to the middleware implementation, the insurer faced significant
delays in processing claims due to fragmented data exchange methods. The integration of
MOM enabled the insurer to receive claims data from providers in near real-time, significantly
reducing processing time and improving reimbursement cycles. MOM also provided the
insurer with the flexibility to handle a high volume of claims while ensuring data consistency

and error-free transmission.

A hospital network in the United States faced challenges with integrating patient data from
various outpatient clinics, emergency departments, and imaging centers. The network
deployed a combination of object-oriented middleware and database middleware to connect
the disparate systems. By integrating these systems, the network was able to consolidate
patient data into a unified patient record, improving clinical decision-making, enhancing
patient outcomes, and enabling faster claims submission. This integration also helped

eliminate manual data entry errors and reduced administrative costs.

Benefits of Using Middleware in Overcoming Integration Challenges
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The implementation of middleware solutions in healthcare organizations provides a wide
range of benefits, particularly in overcoming the integration challenges that are characteristic
of complex healthcare environments. One of the primary advantages is the reduction in
integration complexity. Middleware abstracts the intricacies of connecting various systems,
enabling organizations to focus on the core functionality of each system while relying on the
middleware to handle the communication and data transformation. This reduces the need for

complex, custom integrations and makes the overall integration process more manageable.

Middleware also improves scalability, which is crucial for healthcare organizations that are
constantly evolving. As new systems are added to the healthcare ecosystem, middleware
allows these systems to be integrated with minimal disruption to existing operations. This
flexibility is particularly important in the context of healthcare claims processing, where the
addition of new payer systems, providers, or regulatory changes may require quick
adjustments to the integration architecture. Middleware solutions, especially those based on
service-oriented architecture (SOA) or enterprise service buses (ESBs), allow for the rapid and

cost-effective integration of new systems without significant reconfiguration.

Another key benefit of using middleware is improved data consistency and accuracy.
Middleware ensures that data exchanged between systems is transformed into a compatible
format, preventing issues related to data discrepancies or mismatches. By maintaining
standardized data formats and protocols, middleware minimizes the risk of errors, which can
be particularly detrimental in the context of healthcare claims, where errors can lead to
financial losses and delays in treatment. Additionally, middleware solutions typically provide
comprehensive monitoring and logging capabilities, enabling organizations to track data

flows and identify issues in real-time, which further enhances data integrity.

Finally, middleware solutions contribute to enhanced security and compliance. In the
healthcare sector, compliance with regulatory frameworks such as HIPAA is non-negotiable.
Middleware solutions often include built-in features such as encryption, authentication, and
access controls, which help safeguard sensitive patient and claims data during transmission.
Furthermore, middleware can enforce data privacy policies, ensuring that sensitive
information is only shared with authorized parties, thus minimizing the risk of data breaches

and ensuring compliance with legal requirements.
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9. Incorporating Al and Machine Learning
Exploration of Al and ML Applications in Data Integration

Artificial Intelligence (AI) and Machine Learning (ML) have emerged as transformative
technologies in the healthcare sector, particularly in enhancing the efficiency and accuracy of
data integration processes. Traditional healthcare data integration models often rely on
predefined rules and manual intervention to ensure that data is properly harmonized and
transferred between disparate systems. However, these methods are frequently inefficient
and error-prone, especially given the variety of data formats, protocols, and standards used
across healthcare platforms. Al and ML introduce the ability to automate and optimize these

processes, making data integration more adaptive and intelligent.

One of the key applications of Al and ML in data integration is in the automation of data
mapping and transformation. Machine learning algorithms, particularly supervised learning
techniques, can be trained on historical data to recognize patterns and relationships between
different data sets. Once trained, these algorithms can automatically map and convert data
from one format to another with minimal human oversight, significantly reducing the time
and effort involved in data integration tasks. This application is particularly beneficial in the
context of healthcare claims, where large volumes of structured and unstructured data from

various sources need to be integrated and processed in real-time.

Al models can also be employed to enhance data validation and quality control during
integration. For example, Natural Language Processing (NLP) techniques can be used to
analyze unstructured textual data such as clinical notes, diagnostic reports, and claims
narratives. NLP models are capable of extracting meaningful information from free-text fields
and converting them into standardized data formats, improving the accuracy and consistency
of integrated datasets. These Al-driven processes help healthcare organizations achieve
higher levels of data accuracy and integrity, which are critical for compliance and operational

efficiency.

Furthermore, Al-powered algorithms can assist in detecting anomalies or inconsistencies
within integrated data, ensuring that the final datasets are both reliable and actionable. By
leveraging anomaly detection techniques, machine learning models can identify outliers or

errors in real-time, reducing the risk of incorrect claims processing and facilitating faster
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corrective actions. In this way, Al and ML not only streamline the integration process but also

enhance data quality, leading to improved decision-making and operational efficiency.
Discussion on Predictive Data Harmonization Techniques

Predictive data harmonization is a key technique that leverages Al and ML to streamline the
process of data integration by predicting and aligning disparate data sources based on
historical trends and patterns. Traditional data integration models typically rely on a static set
of rules and mappings, which can lead to inefficiencies when integrating new or unforeseen
data sources. Predictive data harmonization, on the other hand, employs machine learning
algorithms to predict the necessary transformations and mappings based on the

characteristics of the incoming data.

In the healthcare claims context, predictive harmonization can be particularly useful in
managing claims data from multiple sources, such as hospitals, outpatient clinics, insurance
providers, and pharmacies. These sources may have different data formats, terminologies,
and coding systems, making manual harmonization a time-consuming and error-prone task.
By using historical claims data and machine learning models to predict how incoming data
should be mapped to existing standards, predictive harmonization techniques can
automatically transform new claims data into the desired format, minimizing the need for

manual intervention.

For instance, ML models can analyze large datasets of claims, identifying the most common
types of transformations required when converting claims data from one system to another.
These models can then be used to predict the necessary transformations for new claims data,
significantly reducing the complexity of integrating disparate systems. As a result, healthcare
providers and payers can more efficiently process claims, improve reimbursement cycles, and

enhance operational workflows.

Moreover, predictive harmonization techniques can be employed to identify potential data
discrepancies or misalignments before they impact downstream systems. For example, by
analyzing historical data and recognizing patterns in data discrepancies, machine learning
models can proactively flag data issues as they arise. This predictive capability helps ensure
that integrated data remains accurate and consistent across all systems, reducing the need for

manual correction and improving the overall efficiency of the integration process.
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Case Studies Illustrating the Use of Al in Streamlining Integration

Several healthcare organizations have successfully incorporated Al and machine learning into
their data integration processes, yielding significant improvements in efficiency, accuracy,
and cost-effectiveness. One prominent case study involves a large healthcare insurance
provider that implemented Al-driven data mapping algorithms to streamline the integration
of claims data from various hospitals, clinics, and physician practices. Prior to the
implementation of Al, the insurer relied on manual mapping processes, which were slow,
error-prone, and resource-intensive. By adopting machine learning models to automatically
map incoming claims data to standardized formats, the insurer was able to reduce the time
spent on data transformation by over 60%. This not only improved the speed of claims
processing but also enhanced the accuracy of claim submissions, leading to faster

reimbursements and fewer rejected claims.

Another case study involves a regional hospital network that utilized NLP and Al-based
predictive analytics to streamline the integration of clinical data from disparate EHR systems.
The hospital network was facing significant challenges in consolidating patient records from
different EHR systems, each with its own structure and terminology. By deploying Al models
to analyze and harmonize clinical data, the hospital was able to automatically extract relevant
information from unstructured clinical notes and integrate it with structured patient data.
This process eliminated the need for manual data entry and significantly reduced data entry
errors, resulting in a more complete and accurate patient record. The integration of Al also
led to improved clinical decision-making, as physicians had access to a more comprehensive

view of the patient’s health history, including clinical notes, diagnoses, and treatment plans.

A third case study involves a global pharmaceutical company that used machine learning
models to integrate clinical trial data from multiple research sites worldwide. The company
faced significant challenges in harmonizing clinical data due to the variation in formats and
standards used by different research institutions. By employing Al-driven predictive data
harmonization techniques, the company was able to automate the transformation of clinical
trial data into a standardized format, enabling faster analysis and reporting. The use of Al also
helped to identify discrepancies in data earlier in the process, ensuring that the final datasets

were accurate and consistent, which ultimately accelerated the drug approval process.

Potential Impact of AI on Reducing Manual Intervention and Improving Efficiency
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The integration of Al and machine learning into healthcare data workflows has the potential
to dramatically reduce the need for manual intervention, leading to significant improvements
in operational efficiency. One of the most notable advantages of Al-based integration
techniques is the automation of repetitive tasks such as data mapping, transformation, and
validation. These tasks, which are often time-consuming and prone to human error, can be
fully automated using machine learning algorithms that continuously learn from incoming
data and improve over time. As a result, healthcare organizations can achieve faster
integration cycles, reduce the burden on IT staff, and minimize human error, which in turn

leads to more reliable and accurate data flows.

Al-powered integration also enables more scalable solutions. As healthcare organizations
expand their systems or add new data sources, machine learning models can adapt to
accommodate the new data without requiring extensive manual reconfiguration. This
scalability is particularly valuable in the rapidly evolving healthcare landscape, where new
technologies, systems, and regulatory requirements emerge frequently. AI models can help
organizations stay agile by predicting and automating the necessary changes to integration
workflows, ensuring that new data sources are quickly and seamlessly incorporated into

existing systems.

Furthermore, Al's ability to detect anomalies and patterns in data in real-time can significantly
improve data quality. By continuously analyzing integrated data and identifying
inconsistencies or errors, Al can flag issues before they propagate through the system,
reducing the need for manual data correction. This proactive approach to data quality
management not only improves the accuracy of integrated datasets but also enhances overall
decision-making, as healthcare providers and payers can rely on cleaner, more consistent data

to drive their operations.

Ultimately, the incorporation of Al and machine learning into healthcare data integration
processes has the potential to transform the efficiency and effectiveness of healthcare systems.
By automating complex tasks, enhancing data accuracy, and enabling scalable solutions, Al
can reduce the reliance on manual intervention, lower operational costs, and improve the
overall quality of healthcare services. As Al technology continues to evolve, its role in
streamlining healthcare data integration will only become more pronounced, contributing to

a more efficient, data-driven healthcare ecosystem.
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10. Conclusion and Future Directions

This paper has provided an extensive exploration of the challenges, methodologies, and
technological innovations involved in the integration of healthcare claims data. Through a
comprehensive review of existing systems and integration frameworks, we have highlighted
the key issues surrounding interoperability, data transformation, security, and privacy within
the healthcare ecosystem. A central focus was placed on the need for standardized processes
to manage the increasingly complex landscape of healthcare data, particularly as it pertains

to claims processing.

We identified the critical role that data integration technologies play in streamlining
healthcare operations, ensuring the efficient exchange of information between healthcare
providers, payers, and other stakeholders. The paper also examined how emerging
technologies, including Al and machine learning, can significantly enhance the capabilities of
existing integration frameworks, offering predictive data harmonization and automation

solutions that reduce manual intervention and improve efficiency.

Additionally, we provided an in-depth analysis of middleware solutions, exploring their
utility in overcoming integration challenges and ensuring seamless communication between
disparate healthcare systems. By examining case studies, we demonstrated how Al and
machine learning applications have already begun to transform the integration landscape,
driving operational improvements and fostering more accurate data exchanges. The
discussion also underscored the importance of securing healthcare data through robust
encryption and compliance with regulatory standards, ensuring both the protection of

sensitive health information and the reliability of the integrated systems.

The findings underscore the importance of a multifaceted approach to healthcare claims data
integration that incorporates both traditional and cutting-edge technologies. These solutions
offer substantial promise in addressing the current barriers to efficient data exchange, thus

improving the timeliness and accuracy of claims processing across the healthcare sector.

The proposed framework for healthcare claims processing, grounded in the integration of
advanced technologies, offers significant implications for the future of healthcare

administration. By incorporating Al and machine learning models, alongside secure
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middleware solutions, healthcare organizations can achieve a level of automation and
precision that traditional integration methods could not provide. This framework facilitates
the seamless flow of information, ensuring that claims data is processed quickly and

accurately, reducing administrative overheads, and minimizing errors in claims submission.

The application of predictive harmonization techniques enabled by Al ensures that disparate
data sources are efficiently mapped and transformed without extensive manual oversight.
This leads to faster processing times, reduced administrative costs, and fewer rejected claims,
ultimately improving both the provider’s and payer’s operations. Moreover, by incorporating
security measures such as encryption and compliance with frameworks like HIPAA, the
proposed model ensures that sensitive patient data is handled responsibly, meeting both

regulatory and ethical standards.

One of the key implications of this framework is the potential for improving healthcare
outcomes through enhanced data availability. Real-time integration of claims data can
provide valuable insights into healthcare service delivery, enabling providers to make more
informed decisions about patient care, insurance claims, and reimbursements. This can result
in not only more efficient claims processing but also improved patient experiences as the time

spent waiting for claim resolutions and reimbursements is reduced.

Furthermore, the integration framework's potential to enhance transparency and reduce
errors presents a significant opportunity for strengthening relationships between healthcare
providers, insurers, and patients. The alignment of data across multiple systems and
stakeholders will foster trust and improve the overall quality of service, with fewer disputes

over claim validity and accuracy.

Future research in healthcare claims data integration should focus on the continuous
development and refinement of Al-driven integration tools. While significant progress has
been made in applying machine learning algorithms to automate data transformation and
mapping, there is still a need for further research into more sophisticated models that can
handle increasingly complex data sources, including unstructured data and emerging
formats. In particular, deep learning models, which have shown promise in other fields of
data analytics, should be explored further for their potential applications in healthcare claims

integration.

Journal of Machine Learning for Healthcare Decision Support
Volume 4 Issue 1
Semi Annual Edition | Jan - June, 2024
This work is licensed under CC BY-NC-SA 4.0.



https://medlines.uk/
https://medlines.uk/index.php/JMLHDS

Journal of Machine Learning for Healthcare Decision Support
By Medline Publications, UK 242

Additionally, as the healthcare ecosystem becomes more interconnected, the importance of
blockchain technology in ensuring the integrity and security of healthcare data cannot be
overstated. Research into integrating blockchain with Al-powered data integration systems
holds great promise in offering transparent, secure, and immutable records for claims

processing, thereby enhancing trust and reducing fraud in the healthcare claims process.

There is also a growing need to investigate the application of Federated Learning (FL) in
healthcare claims integration. This decentralized machine learning model allows for the
training of Al models across multiple organizations while keeping data localized, thus
ensuring privacy and regulatory compliance. Future research should explore how FL can be
effectively implemented in the context of claims processing to enable collaboration across

healthcare providers and insurers without compromising sensitive patient data.

Further advancements are also needed in the development of data standards and
interoperability protocols that can universally support Al-driven integrations. While some
progress has been made with standards such as HL7 and FHIR, more work is needed to ensure
that these standards can support the growing diversity and complexity of healthcare data,

particularly as new technologies and data formats emerge.

Overcoming data integration barriers is crucial to the future of healthcare, as it directly
impacts the efficiency, accuracy, and accessibility of healthcare services. The timely and
accurate processing of claims is essential not only for the financial health of healthcare
organizations but also for ensuring that patients receive the care they need in a timely manner.
In a system where healthcare data is often siloed and fragmented, effective integration is the

key to unlocking the full potential of healthcare information.

The challenges of data integration in healthcare are multifaceted, encompassing technological,
regulatory, and operational considerations. However, as this paper has outlined, emerging
technologies such as Al, machine learning, and middleware solutions are offering promising
avenues for overcoming these barriers. These advancements not only facilitate smoother data
exchanges but also ensure that healthcare systems remain secure and compliant with evolving

standards.

Ultimately, the ability to overcome data integration barriers will lead to a more connected and

efficient healthcare ecosystem. By embracing innovative technologies and continuing to refine
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integration strategies, healthcare providers, payers, and patients stand to benefit from
improved care coordination, enhanced operational efficiency, and better healthcare outcomes.
The journey toward seamless data integration in healthcare is ongoing, but the advancements
highlighted in this paper lay the foundation for a more streamlined, data-driven healthcare

system in the near future.
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