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ABSTRACT

Fragmentation across payers, providers, and members undermines the accuracy and timeliness of eligibility data
shared among healthcare organizations and impedes innovations relying on near real-time information
exchange. Incremental harmonization through clear objectives, a phased rollout, and alignment with evidence-
based practices can ameliorate these issues. A proposed roadmap articulates roles and responsibilities, identifies
risks and mitigation strategies, recommends KPIs and other metrics, and defines success. Establishing a
federated configuration for integrating eligibility data across multiple jurisdictions without compromising the
adherence to national laws and requirements is suggested; moreover, a responsive reference architecture readily
extensible to adjacent domain is detailed.

The growing number of players in healthcare requires more than point-to-point connections. Service delivery
and member experiences would benefit from a single shared version of the truth. Self-service innovations and
timely business decisions depend on near real-time information availability. Yet newly enabled use cases often
falter due to poor-quality data or an inability to create trusted datasets when members are seen as guests.
Accurate member eligibility information is increasingly deemed an essential foundation for seamless healthcare
delivery, enabling automation and minimizing costly manual intervention across workflows. However,
providers and insurers frequently face delayed redeterminations, leading to errors that drain revenue cycle
proficiency, hurt patient experience, and strain health equity.

Keywords : Data interoperability issues,Multi-payer data integration,Eligibility data inconsistency,Healthcare
data standardization,Fragmented member records,HL7 and FHIR adoption gaps,Data mapping and
normalization,Real-time eligibility verification challenges,Legacy system incompatibility,Incomplete or missing
patient data,Data governance in healthcare,Cross-payer data synchronization,ldentity matching and patient
matching errors,Regulatory compliance (HIPAA) complexity,Data quality and validation issues.

1. INTRODUCTION

Fragmentation in healthcare eligibility-data has generated inefficiencies across the industry, often categorised
under the term “friction”. Consequences fundamentally impact payer verification workflows and related
functions, such as revenue cycle and claim adjudication, as well as associates costs. [1] Moreover, verification
inefficiencies increase denial, resubmission, and payment lag times, thus contributing to stress on hospital cash
flow. Results emerge from detailed workflows and systemic simulations involving multi-payer landscapes,
thereby highlighting important interdependencies.

Healthcare access within diverse multi-payer systems reflects a highly variable reality for members needing
verification and exploitation/real-world recommenders/administrative and insurance capabilities for service or
products for products or services. Providers must ensure that a member is eligible, with services (cot) both
covered and reimbursed, often with complex verification machines that may generate administrative costs
errors/rejecting denied. Functioning in this environment induces inefficiencies, contributing to claim denial,
delayed payment, and excessive provider costs, which payers are not directed directly controlled. [2] Systemic
approaches thus seek possible addressave solutions across processes need to be optimised operationally or
financially, on a multi-payer basis.
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1.1. Background and Significance

Healthcare payers use disparate systems to maintain member data for identifying enrolled members and
verifying coverage status. [3] Although cross-payer data-sharing initiatives have emerged for cost estimates,
claims, and clinical summaries, interoperable exchanges of member eligibility information remain elusive.
Timely and accurate eligibility data are crucial for beneficiaries and the healthcare ecosystem. Inaccurate data
can lead to denials that slow down revenue cycles, multiply cash flow burdens, and increase provider workloads.
Data latency increases risks of error. The volume of eligibility inquiries leads to substantial operational queues
across the ecosystem, placing further strains on care-delivery margins.

Considering these challenges, harmonization of member eligibility data is a compelling objective within broader
efforts to achieve interoperability. [4] Key areas for research and information sharing include delineating core
data entities and establishing correspondence tables across constituent payers. Alignment with national and
international data fabs can further enhance the validity and sustainability of these efforts. Such initiatives would
improve both the accuracy and timeliness of eligibility information available for diagnosis and treatment
planning across multi-payer healthcare ecosystems.

Equation 1: Overall Data Quality Score
Let:
C= completeness score
A= accuracy score
R= reliability score
e T=timeliness score
Let their importance weights be:
o We, Wy, Wg, Wr
with

WC+WA+WR+WT:1

Step 1: Assume total quality is a weighted sum
Because the paper treats quality as a combination of multiple dimensions, the simplest measurable model is:
Q = ch + WAA + WRR +WTT

This is the overall data quality score.

Step 2: Define each component

Completeness

If Nrequireais the number of required data fields and Nyresentis how many are populated, then

C = Npresent
Nrequired
Accuracy
If NeorrectOUL OF Nipecreqfields are correct, then
A — NCOTI'BCI
Nchecked
Reliability
If a system returns consistent valid outputs in NigjiapieCases out of Ny, then
_ Nreliable
Ntotal
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Timeliness
If tgerayis the current delay and t.,,, is the maximum acceptable delay, a simple normalized form is
T=1- tdelay
tmax

for0 < tdelay < tmax -
Step 3: Substitute into the master equation

_ Npresent Neorrect Nieliable tdelay)

Q e <Nrequired) * Wa <Nchecked> * Y ( Ntotal > * v (1 tmax

1.2. Research design
Strengthen the “Research design” section by detailing methods and methods used in the study.
This work analyzed the necessity and feasibility of harmonizing member eligibility data across multiple payers
within a U.S. metropolitan area and associated issues of health plan membership continuity for health-care
providers, payers, and members. [5] The analysis was guided by three overarching questions: what is the
potential value of aligning core elements and values of member eligibility data across multiple payers?, what
resources would be necessary to achieve these capabilities?, and what are the indicators and metrics that should
govern and inform future standardization efforts and applied technologies?.[6] The analysis and answers were
structured as a five-part framework centered around strategic approaches, applicable data standards, stakeholder
roles, technical challenges, and operational implications.
Bishop et al. (A Survey of Data Standards and Interoperability Frameworks for Member Eligibility Data in
Multi-payer Healthcare Ecosystems) [7] described a comprehensive and detailed review of existing international
and national efforts focused on establishing data standards and interoperability frameworks for health-care-
related data exchanges and elaborated how these works and their findings could inform the identification and
resolution of similar and related issues in the context of multi-payer health-care ecosystems. [8] To capture
previous experiences and evidence related to the need, dependencies, and challenges of harmonizing member
eligibility data elements and their influence on the health-care ecosystem in a particular metropolitan area of the
United States, the authors employed a qualitative research approach. [9] Structured or semi-structured analyses

of open-ended interviews with selected health-care stakeholders within that ecosystem represented the primary
source of evidence.

2. Strategic Approaches and Best Practices

Incremental harmonization and phased rollouts

Harmonizing member eligibility data across all major health service payers is extremely challenging, and
pushing for full standardization in a single effort is unlikely to succeed. Instead, focusing on a smaller number
of clearly defined objectives and aligning with best available evidence can enable progress. [10] Establishing
goals and milestones, undertaking proofs of concept, monitoring results, managing risks, and planning for
scalability will yield substantial benefits for patients and providers, both in terms of cost savings and the ability
to care for individuals whose memberships are contingent on complex or evolving eligibility conditions.
Incremental harmonization of member eligibility data will produce tangible advantages even if those advantages
do not justify full standardization. [11] Possible incremental steps include developing a common concept of a
core membership set, adopting a vision for streamlined onboarding and termination workflows for new
members, establishing systems for rapidly updating eligibility information for members with changing
circumstances, and creating risk-based systems for identifying and resolving gaps in membership data quality
and/or completeness.

2.1. Incremental harmonization and phased rollouts

Pursuing all objectives simultaneously can introduce significant technical and organizational risks; addressing
individual aspects incrementally reduces overall risk and enables lessons learned from earlier stages to inform
subsequent efforts. [12] Organizations or consortia seeking such incremental harmonization should consider
defining a set of staging goals and a roadmap that specifies major milestones as well as the desired outcomes of
each stage. The roadmap should indicate whether a particular step is a pilot, evaluation of which will inform
later stages, how the risk of failure will be managed, when a successful step will be broadly adopted, and how
the approach can be scaled to additional stakeholders, jurisdictions, or data domains.

Particular care should be given to the pilot-testing of new processes and the subsequent incorporation of lessons
learned into mainstream operations. Although technical choices can be revisited periodically, the factors that
determine operability—and especially ease of operation—depend on the interplay of organizational willingness
and ability. [13] Accurate assessment of these factors requires direct experience with new methods; this
experience in turn is best achieved through limited trials supported by appropriate incentives and complemented
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by careful monitoring. Thus, rapid consensus on wide-ranging but untested changes to wherever such supplies
are available at lower prices than from local manufacturers.
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Fig 2: Data Harmonization

2.2. Reference architectures and common data models

To support the standardized exchange of eligibility information among multiple payers and across state borders,
a reference architecture is needed to define the preferred implementation specifications. [14] It describes a set of
preferred data formats, compatible common data entities and mappings, established interoperability patterns,
and linking to supporting standards. In addition, detailed Preferred Eligibility Data Models based on the US
Core Patient Resource incorporate eligibility-specific Value Sets for US FHIR Baseline and US Core.

The reference architecture also serves as the basis for achievable objectives. Incremental harmonization seeks to
mitigate time and cost pressures for payer capacity and member participation. A limited Preferred Model for
Eligibility Verification addresses priority use cases and likely initial participants, with Phase 1 of a Preferred
Model for Verification of Eligibility Support and Phase 1 of the Preparation for Development of Consolidated
Application Services progressing in parallel. Future voluntary adoption for eligibility verification is being
monitored, and key attributes of the broader Preferred US Model for Verification of Eligibility [15] Data and
Services Defined by Payers and Used by Members will benefit from planned Phase 2 efforts.

Table 1: Core Problem Areas in Multi-Payer Eligibility Data

Category Description Impact
Fragmentation Data spread across multiple payers and | Inconsistent records,
providers duplication

Data Latency Delayed updates in eligibility status Claim denials, outdated
decisions

Data Quality Issues Missing/inaccurate fields Manual corrections,
inefficiency

Interoperability Gaps | Lack of standard formats (FHIR gaps) Integration failures

Identity Matching | Difficulty linking patient records Incorrect eligibility

Errors verification

Regulatory HIPAA + jurisdictional differences Restricted data sharing

Complexity

2.3. Measurement, monitoring, and continuous improvement

Although improving data quality is a challenge for all interoperability initiatives, such problems are particularly
acute when multiple independent organizations—especially for-profit entities—must work together to produce a
common dataset. KPIs should therefore be collected from the outset, even if answerability is limited. [16] A data
quality assessment framework should also be applied to create a baseline evaluation of the data and its
completeness, accuracy, and reliability. The cadence for data quality monitoring will depend on resource
availability and the importance of specific use cases and KPIs; at a minimum, a review should be conducted
prior to each scheduled governance meeting. This ongoing scrutiny provides a mechanism for highlighting
issues and corrective actions, as well as an opportunity for learning.

A feedback loop will also be necessary to ensure that risk factors are continuously monitored, include suitable
stakeholders, and support troubleshooting efforts. All actions taken in response to risks should be documented,
with justifications attached. Formal governance reviews will provide further opportunities for being responsive;
at a minimum, these should be held annually or whenever circumstances warrant, although more frequent
meetings may also be beneficial. A suitable governance structure will provide a mechanism for elevating trusted
sources of information to support future decision-making.

Dedicated resources will be needed to ensure that the data continues to meet the evolving needs of stakeholder
communities. [17] The accumulation of use cases should inform an ongoing prioritization process, enabling
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preparation of a roadmap that lays out both short-term and longer-term plans, and a program of work that details
the projects and tasks implementing the roadmap. Continuous monitoring of the data quality should also inform
decisions regarding when specific KPIs are sufficiently reliable for use in production, and where further work is
needed to make them so. Finally, the collective findings from these efforts may also generate insights and ideas
for improving the broader member ecosystem; thus, there should be a mechanism for communicating and
escalating these opportunities, whether formal through the normal governance processes or informally whilst
executing day-to-day work.

3. Data Standards and Interoperability Frameworks

International and national data standards from organizations such as ISO, NIST, ONC, HL7, and 3M apply to
multistakeholder connection and engagement with provider-payor-member eligibility activities and data,
including verification, discovery, maintenance, monitoring, and sharing. [18] Incorporating key principles and
guidelines from these initiatives bolsters the efficacy of harmonization efforts while aligning with emerging
policies and frameworks. Although national payor-provider eligibility use cases and workflows are being
addressed by various U.S. programs and projects, private-sector initiatives are often fragmented and offered as
proprietary solutions. Proposed standardization efforts address these issues by defining an essential set of
member eligibility data elements, representing evidence-based practices, and elaborating a taxonomy that
includes synonyms and the distinction between optional and mandatory fields.

Traditional data architecture design relies on a group of data entities that work together to enable data exchange.
Data architects offer preferred schemas for each entity involved in a transaction, such as the headstone, and
business analysts describe how the greater set of schemas work together to support the transaction. [19] Data
models are then assembled and documented, and adoption milestones are defined. Member eligibility
verification is like this: it spans multiple data entities and is supported by custom integration flows in most
payer-provider networks. Communication and data exchange protocols are like the rules of a game. Changing
the rules so that both players follow the same guidelines improves the legitimacy of the outcome and creates an
opportunity to optimize the strategy for playing the game, lowering the cost and/or risk for all participants.

Equation 2: Equation 2: Identity-Matching Confidence Score
Let the similarity of each field be:
® 5,5y, ..,S;,Whereeach0 <s; <1
Let field weights be:
¢ VU,V ..,y
with

Step 1: Weighted similarity model

This gives the overall match confidence.
Step 2: Example expansion for 5 fields

Let:
e sy=name similarity
e s5,=DOB similarity
e  5,=address similarity
e 5= member-ID similarity
e sp=email/phone similarity
Then

S =vysy +vpSp + VsS4 + VySy + VgSg

Step 3: Decision rule

The article discusses threshold-based matching. So define a threshold 6.
o IfS > 0, records match
e If S < 0, do not auto-match

So:

1, §=6

Match = {0 S<@
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3.1. International and national data standards

Numerous international and national data standards for health systems, organizations, and clinical data exist.
These include I1SO 13883, HL7, IHE, and national eHealth standards—for example, SNOMED CT in the United
Kingdom and Australia, the US Core Data for Interoperability, and the Netherlands' NEN 7510. Standardization
of member eligibility data among payers operating in diverse health systems, especially in countries with
multiple payers, requires special consideration. [20] The data-exchanging entities often have different business
processes, supported by disparate data structures and standards. As a consequence, the available data is often
heterogeneous in terms of completeness, terminology, or data structure, complicating insurance claim validation
by hospitals and health services.

In these circumstances, organizations are compelled to revalidate eligibility through time-consuming and costly
manual verification. If manual verification involves interaction with an external party, the process is also subject
to waiting times. [21] Therefore, member eligibility data must be enabled and made complete, accurate, and up
to date; standardized; and made accessible for multi-payer environments and cross-jurisdictional data sharing.
Consideration should be given to the various formats required for different purposes and any additional
regulations that apply to certain data elements. For example, the recipient of the data typically uses HL7 FHIR
to receive and use the data. [22] If the data is stored in the cloud, the Share Data standard is often used. Other
uses include analytics, reporting, policy making, research, and business intelligence.

The establishment of a rating system based on a confidence score would facilitate the identification of
exchanges between two parties that can flex syntactic or categorical validation rules. Such a rating would be
determined by a combination of the number of parties that have provided specific elements, the degree of
similarity between values in the synoym-value set, and the volume of traffic exchanged between the two parties.

Base Standards
Feedback and Use Case based
Maintenance Standards Sets

eStandards

Live Assurance and
Deployment Testing

Fig 3: Standards in Healthcare Data

3.2. Eligibility data elements and taxonomy

Eligibility data standardization initiatives should encompass the following core elements: member name, unique
identifier, eligibility status, coverage effective and end dates, payor name, plan design name or number, group
number, and product name or type. [23] Additional elements for capability enhancement include member date of
birth, address, email address, social security number, and policy or contract number.

To facilitate speed and accuracy in data exchanges, these elements should be supplemented by value sets
defining “Yes” and “No” responses, affiliation synonyms for major payors, and an administrative-region
taxonomy organizing payors and their service areas hierarchically. A taxonomy of eligibility attribute types
would also be beneficial, clarifying which fields are obligatory (must be either populated or explicitly stated as
null) when transmitting or receiving eligibility data. The principal drivers for scaling data capability,
correctness, or quality would be the defined attributes.

3.3. Data formats and messaging protocols

HL7 FHIR is the preferred message and document format, while HL7 V3 is adopted for the XDS transport
method. Most implementations expose RESTful APIs, allowing third-party systems to access eligibility data in
real-time. In addition to these real-time interfaces, the data is replicated into a data lake for end-of-day batch
processing that stores the current state of membership eligibility across all stakeholders in the ecosystem.

Given the critical nature of eligibility information, it is essential that systems fulfill their SLAs for real-time
production-grade services. [24] Matching membership or provider records is a cardinal operation. While data
exchange guarantees single ownership of records, duplicates may still arise as a consequence of system
integration with partner organizations. Managed identity services are adopted to transfer and merge data into the
data lake. These services calculate a confidence score with each identity resolution attempt—transactions
crossing a certain confidence score are recorded as duplicates and subsequently re-processed in the data lake.
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For telemetry and monitoring, each data product is coupled with what are termed commons, which expose
business-critical data points on the health of operations. Every product is also behind an incident-response
mechanism in case of deviations in production. All products are designed, built, and monitored with the same
high availability, low latency, and business continuity principles. A credit-and-debit-engines pattern is adopted
to test new eligibility data sources; these engines work in a sandbox environment, consuming test data and
crediting or debiting the eligibility supply. [25] The slack is used to assess the impact of changes in data-source
sentiment before they are propagated into production.

Table 2: Strategic Framework for Harmonization

Component Description Key Actions

Incremental Harmonization | Gradual standardization approach Define milestones, pilot projects
Phased Rollout Stepwise deployment Scale after validation

Risk Management Identify and mitigate risks Monitoring + feedback loops
Scalability Planning Expand across regions/stakeholders | Modular architecture
Governance Alignment Stakeholder coordination Define roles & responsibilities

4. Stakeholders and Governance

Payers, providers, and members

Standardizing member eligibility data requires participation from all stakeholders involved in its creation,
maintenance, and use. Payer organizations—which service the broadest cross-section of healthcare members—
should own and govern the data standardization initiative. [26] Each payer will engage with providers,
members, and other payers as necessary to solicit initial support for this effort, maintain stakeholder momentum,
communicate progress, resolve issues, and determine whether to opt into or adopt the harmonization initiative.
Specific stakeholder roles are elaborated below. Moving first with those utilizing joint ventures and shared
platforms should minimize initial conflict and complications. Negotiating incentives will also be simpler, given
the explicit dependence of one or more parties on the governance decisions of the other(s). [27] As successful
pilots enable gradual horizontal expansion, conflicting priorities and incentives among go-it-alone payers can be
identified and addressed.

Data stewardship is subject to laws and policies governing healthcare information. Privacy, security, and data
localization regulations affect which data can be shared with whom, impose access controls on usage in
approved contexts, and dictate how long personal data must be stored. Inconsistent rules across jurisdictional
boundaries compound the challenge by complicating data sharing and raising the costs and risks of data misuse
or mismanagement.

All parties concerned about data stewardship must understand these obligations and either develop a compliance
roadmap that enables participation or demonstrate that a governance track can be established ahead of ongoing
data sharing. Such influence and guidance are key enablers of cross-organizational member identity resolution.

Equation 3: Eligibility-Verification Latency
Let total latency be the sum of the main parts:
e t,=query/request transmission time
e t,=processing time at payer/system
e t,,= matching/identity-resolution time
e t,.=response transmission time
e t,= buffering/retry/wait overhead
Step 1: Sum of components
L=ty +t,tt, +t. +¢,

Step 2: SLA requirement
The article mentions production-grade SLAs. If the allowed SLA threshold is L., then the service is
compliant when:

Step 3: Improvement from standardization
If standardization reduces processing, matching, and retry overhead by At,, At,,, At,, then new latency is:

L'=(t)) + (t, — Aty) + (t, — Aty) + (t,) + (8, — Aty)

Simplify:
L'=L— (At, + At,, + Aty)
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4.1. Payers, providers, and members

Payers, providers, and members each holds a distinct role, with defined responsibilities, resource contributions,
and implementation footprints. [28] Achieving multi-payer alignment requires operating models that govern
stakeholder engagement, operational interdependencies, and patterns of financial cooperation.

Payers supply the eligibility data that underpin verification workflows. Fragmentation hinders precision and
increases processing time, resulting in higher operational overheads and a multi-billion dollar price tag on
denials and resubmissions. Timely, trustworthy standardization of member attributes would reduce operational
burdens, accelerate response cycles, and free resources for alternative use. A phased release of member
attributes—beginning with identity resolution, coverage details, and claim validity—could optimise payer
investments by curtailing invalid submissions before they occur.

Providers own the architectural delivery of eligible services. They naturally wish to maintain data quality over
the services they deliver and offer to receive enriched responses to their real-time acknowledgments. [29]
Therefore, imagine a best-practice scenario of provider engagement based on principles of data stewardship
grounded in minimum viable governance, full transparency, at-scale operation, and complete accountability.
The payers group validate this bona fide data service model and formulate a consent management system to
assure their members of compliance with privacy legislation.

New members in the multi-payer initiative should examine for potential additional requirements all cyber-
security, cyber-security, and confidentiality regulations to which they are subject with respect to their overall
operations, including operations that deliver data or analytic tools to the larger, broader initiative. Although
these requirements may impose additional burdens, they should be easily analyzed, especially in regions of the
world or countries where relevant laws from a patchwork enable already the adoption of electronic data to
support operational efficiency.

3. Value-Based
Care

2. Decreased 4. Enhanced Care

Costs E Coordination
Payer
_ 1. Improved Provider 5. More Efficient
Patient Outcomes Relationships Resource Utilization

Fig 4: Payer-Provider Collaboration

4.2. Regulatory and policy considerations

The regulatory landscape of healthcare operations is characterized by a complex patchwork of laws, policies,
and guidelines that add complication and compliance costs to readiness efforts. [30] National laws like HIPAA
set a baseline level of privacy, security, and electronic transaction standards. Moreover, additional layers of
regulations at the state level impose further requirements, mainly in the areas of substance use, mental health,
and minors. Further additions arrive from the local jurisdiction of members or their healthcare providers.

The disparate nature of these laws can lead to tension among organizations and data-sharing initiatives when an
organization or jurisdiction restricts data availability more than the overall regulatory framework. The
healthcare operations in a multi-payer context must strive to align with these differences. For example, regions
with an overall prohibition on sharing of substance use information generally should not be willing to support a
multi-payer strategy that facilitates it. Consequently, supporting such a multi-payer strategy may require any
implementing solution to incorporate steering capability that allows only the member pairs engaged with the
substance use consent to share the information. [31] However, the recommendation that stakeholders should
seek to enable such additional steering capability is made on the understanding that such jurisdictions are the
exception rather than the rule and that their number is rapidly decreasing under the influence of modern laws
and financial incentives.

4.3. Governance models for data stewardship

All data remain the property of the payers that own them; however, for any data elements collected, maintained,
and shared by multiple organizations in the multi-payer environment, a stewardship committee comprising
representatives from included payers is recommended. This committee should determine how shared data are
defined, enablement, dissemination mechanisms, and governance of the shared elements. [32] Consistent with
Digital America’s plan not to share participant identities, the guide recommends that any potential disclosure of
shared elements be essentially de-identified. Access to more granular data for research purposes should be done
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with attention paid to what use cases require this level of access and what safeguards minimize any risk to
privacy.

Both transactions have their own data discovery and conveyance mechanisms. The information is conveyed
between the two main entities involved in the interaction. In cases where more than two entities are part of the
transaction, such as the permission given by a member to be in a clinical trial sponsored by a payer that involves
access to the member’s health data, the request is made by a “permission holder.” The permission holder has the
responsibility for retrieving, collecting, batch-processing, possessing, utilizing, analyzing, and reporting the data
but does so without any identity disclosure. [33] The permission holder has to adhere to the conditions stated by
the member when giving permission. The menu of questions asked by patients must be simple, and if patients
decide to answer those questions, it should be done using the same process as answering that their information
can be used for de-identified studies where no identity is disclosed.

5. Technical Challenges

Data quality and completeness. Evidence from prior initiatives emphasizes data gaps as major obstacles to
effective interoperability. Hence, a survey of the core eligibility data elements uncovered in earlier sections
naturally identifies the required properties for each. [34] These include attributes such as expected formats,
acceptable value ranges, synonymous terminology, and OpenStreetMap tags for geolocation information.
Validation rules follow logically from such considerations. Many dictate that a specific data element must not
only be present but also occupy a semantically or syntactically valid position within a record or across
associated records. For example, the dependent hierarchy represented by Data Elements 15-19 requires that a
certain dependent’s coverage must always precede that of its parent, grandparent, etc.

The existence of rules alone, however, is not sufficient to ensure compliance. In practice, detected gaps must be
addressed with data remediation workflows guided by a combination of hard rules and probabilistic machine-
learning models. [35] Quality assurance technology can accelerate the resolution of detected problems, such as
when flagged values or structures signal likely errors, such as a foreign language in a geographic location.
Identity resolution and member matching. Interoperability across jurisdictions necessarily entails dealing with
differing identifiers, and therefore identity resolution is a key challenge. [36] Member privacy is also a core
concern, necessitating that any such resolution be based on non-identifying attributes whenever possible.
Especially in batch processing, an obvious avenue for improvement is data de-duplication—removing identical
records submitted to a common data exchange destination. De-duplication can be combined with a simple rule-
based approach to matching: if the attribute sets for two or more records define a standard set containing the
suffix “First Name” and “Last Name” for one record and “Full Name” on the other(s), then this latter record can
be resolved with minimal risk. The support of confidence scores is another proven strategy for managing
matching errors. In cases where no suitable match is detected above a defined confidence level, appropriate
error-handling strategies are applied.

Real-time data exchange and latency. It is equally vital that eligibility data be continually refreshed and
exchanged in real time, at least for the lifecycle events of greatest business interest, such as enrollments and
terminations, in order to retire the current reliance on manual verified coverage calls before claims submission.
[37] Asynchronous event-driven streaming architectures are clearly the future direction to minimize latency
among connected partners. For example, Delta Lake architecture combines the micro-batch minitransaction
capability of Apache Spark Structured Streaming with a cloud-native storage solution and the ACID transaction
conformant data patterns of Delta Lake technology. At the same time, however, it may be noted that batch-based
approaches with larger sizes can remain suitably flexible and efficient—especially for data-sharing scenarios
involving the harmonization of rich sets of relational schemas, where the transitive closure of all time-variant
relationships can easily be established and maintained, containing full history for all entities and their relations.

Equation 4: Denial Rate Due to Eligibility Errors
Let:

e N,.=total claims submitted
e N,=claims denied due to eligibility problems
Then the denial rate is:

p o Na
N,

Step 1: Relate denials to data error rate
Let:

e e= probability of eligibility-data error

e  p=probability that an error produces a denial
Then expected denials are:

N; =epN,
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Step 2: Substitute into denial-rate formula

Cancel N,:
D=ep

Step 3: After standardization
If standardization lowers error probability from eto e, then the new denial rate becomes
D'=ep

Reduction in denial rate:
AD=D—-D =ep—ep=pe—¢e)

5.1. Data quality and completeness

The granularity of member eligibility data across the ecosystem varies enormously from payer to payer and can
also vary across products offered by the same payer. Some payers use intricate data models that enable rich
downstream capabilities, while others use a more basic approach that provides just sufficient information for the
bare minimum required by the market. [38] The deeper payer product data models, while valuable, are often of
little use to health systems and their claims workflow channels. Even so, a recent analysis of claims-exchange
partners indicates that external eligibility data cannot be relied on to cover even basic member eligibility details.
That said, the incomplete member eligibility data shared with providers often do not match the data that payers
have internally.

Understanding and rectifying these data gaps is vital for more efficient data-sharing workflows across the
ecosystem. A detailed analysis of payer member eligibility data models, both current and aspirational, is
necessary to detect and assess these data gaps, create relevant business rules that enhance data validation prior to
its flow out of the system, and determine methods to close or enrich these gaps. [39] Having recognized its
history of erratic data quality and the consequent impact on business processes, an individual payer plans to
develop an enterprise data-governance program that encompasses data quality both for internal production and
external-sharing purposes. As a first step, a data-quality assessment is to be performed in order to pinpoint
specific gaps.

UNIQUENESS ACCURACY

Are all features How well does
unique? the data reflect

reality?

VALIDITY JALITY AR

Is the data ' Is the data
valid? / up to date?

CONSISTENCY

Is the data
consistent?

Fig 5: Data Quality Management in Healthcare

5.2. Identity resolution and member matching

Defining a member or patient is one of the most important yet challenging tasks facing any organization that
processes data related to healthcare services. [40] Often, attribution of services or costs to members is done
based solely on a surrogate identifier that provides no guarantee of matching the correct person—a situation that
can be disastrous for both the provider and the member. One of the toughest challenges in matching identities
arises when there are multiple parties involved. [41] A care provider may interact with several plans for the
same request and may receive confirmation about membership eligibility coverage for the specific service
without directly accessing the other plans. Therefore, in addition to relying on the identifiers that are generated
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by the plans, the identity resolution process must leverage other patient attributes while processing coverage
requests.

Careful consideration must be given to the identity resolution decision-making process, especially when
augmenting an existing database with external data from another insurance plan, as this is not an easy task. De-
duping by removing duplicates is often assumed to be adequate; however, it is critical to make decisions based
on the confidence level of the data being processed in order to minimize the chances of inadvertently removing
a correctly matched identity. [42] The identity resolution decision-making process requires consideration of
several aspects of identity resolution, such as the potential use of third-party solutions of varying efficacy and
cost, the impact of concurrent resolutions and hitting thresholds, and whether to risk a connection from a failed
identity resolution when in doubt. These aspects and the entire identity resolution framework are briefly
described below.

5.3. Real-time data exchange and latency

Batch data exchange will continue to be an integral part of the healthcare ecosystem because it allows for the
asynchronous transfer of data without requiring the data to be available at the exact moment it is needed.
However, batch exchange also presents problems such as stale or dead data and high latencies. [43]
Standardized eligibility data can be implemented in a streaming fashion, utilizing event-driven patterns to
deliver updates or incidents as they occur, or in a more conventional request/response way, allowing for ad hoc
queries to confirm eligibility. The use of streaming techniques can minimize the delay and allow for more
automated, real-time workflows.

Streaming processes should be designed to provide the appropriate data at the optimum time for the consuming
system. Data flow should be as simple as possible, with the responding system in control of the delivery
timeframe. However, it should be noted that the latency to render a decision is typically set by a downstream
system. Service-level agreement targets should be applied to reduce the latency as much as possible, with targets
based on the nature of the data being transferred rather than a one-size-fits-all approach. [44] Retry logic should
be built into the exchange to handle failures triggered by non-permanent issues, and excess data flow should be
buffered to avoid overloading a receiving system.

The implementation of streaming eligibility data must be done with resilience in mind. For instance, when a
member is dropped from the eligibility database, it may be best to transmit a delete notification rather than a
record with no data, as it reduces the chance of stale data in the consuming system, potentially leading to a more
resilient architecture.

6. Operational and Financial Implications

Data-and-process standardization initiatives across multiple stakeholders in the healthcare ecosystem ought to
be justified not only by end-user benefits and process efficiencies but also by the expected impact on the
operations and finances of the participant organizations. Specifically, [45] organizations involved in healthcare
eligibility verification, claim submissions, account receivables management, denial mitigation, and similar
domains require clarity regarding the gating pain points and quantifiable benefits of reducing the interaction and
information retrieval costs through a common framework.

Prior work has established that claims-donation delays, incorrect information retrieval, and the associated time-
and-cost overhead factors significantly detract from the efficiency of the overall healthcare ecosystem. [46] The
time taken for viable claims handling hinges on external payers and can be speeded up only by transferring the
burden of claim-status retrieval from the provider to the payer. Also, claim denials result in considerable
residual workload by healthcare providers and further delay cash inflows. Standardizing eligibility and coverage
data across payers, providers, and members can reduce the frequency of downstream denials due to eligibility
issues and, by extension, the need for resubmissions—both of which increase cash flow predictability. [47]
Quantifying the time savings and direct financial impact on the ramifications of standardization will support
continued funding and cross-stakeholder goodwill, even when the direct monetary benefits for individual
participants are either negligible or negative.

Equation 5: Total Cost of Eligibility Errors and Resubmissions
Let:

e  N,;=number of denied claims

e c.=resubmission cost per denied claim

e ¢y= follow-up/admin cost per denied claim

e ¢;=loss due to payment delay per denied claim
Then total cost is

Corr = Ny (cr +¢5 +¢1)

Step 1: Expand N,
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From Equation 4:
Nd = ech

Substitute this into the cost equation:
Cerr = epN.(c, + ¢+ a)

Step 2: After standardization
If the error rate becomes e, then
Cerr = e pN. (¢, + ¢+ c)

Step 3: Savings
Savings from standardization:
S = Corr — Cerr

Substitute:
S =epN.(c, +¢; +¢) —epNy(c, + ¢ +¢)

Factor common terms:

6.1. Impact on eligibility verification workflows

Current eligibility verification workflows serve as many payers' first line in safeguarding against intentional and
unintentional fraud, waste, and abuse within the revenue cycle. [48] They also minimize the risk of delivering
care that is neither covered nor reimbursed. Despite their importance, these workflows are often only marginally
effective, as illustrated by the estimated trending upward of claims denials due to eligibility-related issues,
documented in a report that captured 8 EDI intelligence sessions from the previous 6 years. When asked for the
source of the errors on denied claims, providers recently cited expired coverage and invalid member ID as the
top two reasons. Beyond loss of revenue, the report noted that payment delays or nonpayment also negatively
impact relationships with patients, referring providers, and federal or state governments.

Examining eligibility verification workflows for operational and financial pain points instead reveals
opportunities for improvement. [49] Standardized data makes it easier and faster for healthcare providers and
payers to correctly verify eligibility and gain approvals for covering procedures. These time savings therefore
reduce the workload of payers' eligibility, claims, and revenue-cycle management teams. At the same time,
improved data quality increases the success rate of claims submissions on the first attempt, minimizing the need
for appeals or resubmissions. [50] The proposed standardization efforts therefore hold promise for reducing both
processing time and costs, while optimizing the achievement of any statistically identifiable set of KPIs for the
eligibility verification process.

Listing all capital and operational costs involved remains a disruptive exercise, also hampered by a lack of
reusability data. Certain figures need to be factored in by various parties across the payer-provider ecosystem.
[51] Costs related to resources and effort in any standardization change initiatives help account for governance
and program management. Validation of the results coming from continuous measurements may use some
assistance from third-party execution but generally not at exorbitant expense. Individual payer and provider
costs need to aggregate over the relevant service territories. [52] Organizations at the greatest frontier
technically currency may foresee negligible capital implementation expense, primarily low maintenance and
monitoring costs.

'I umnomessormses D)) e oy

S 2 e

pbeipdndr i frhelepiiong
Lack of Pre~

Fig 6: Impact Of Patient Eligibility Verification

6.2. Revenue cycle and claim adjudication effects

Standardized eligibility APIs can reduce manual claims-handling costs and processing times for all participating
payers. [53] Current nonstandardized verification workflows yield many suboptimal outcomes. Time-consuming
manual interventions often succeed because claim denials, resubmissions, and cash flow delays arise from the
coordinating payer misidentifying the member’s eligibility status due to out-of-date or incorrect data. Such
denials entail resubmission costs for the provider and follow-up costs for both the payer and the provider. The
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cascading effect—the system-wide overhead cost incurred by all payers as a result of resolving conflicts in
claims processing—offers another perspective for assessing the advantage of reduced latencies in eligibility data
refreshing.

Figure X provides a simplified depiction of the flows authorizing payment for a test treatment provided to a
patient who is later determined to be ineligible. One of the payers is overseeing the test. [54] The three flows
attributed to the overseeing payer are solid lines; the cascading flow involving all three payers is a dashed line.
Calculating the time-lapsed cost depends on assumptions about the probability of the treatment being an outlier
and the average delay between “tilt the” and “check the box” on a given outcome. The helping hand may be
getting stronger.

6.3. Cost-benefit considerations of standardization

Capital investments and ongoing expenses are juxtaposed with anticipated monetary benefits to evaluate return
on investment. An extensive, negative sensitivity analysis detects conditions where standardization might not
enhance operations. Results inform resource allocation and oversight strategies.

Anticipating the expenses incurred for initial capital investments and ongoing operations can help assess return
on investment (ROI). [55] Financial advantages may arise from the prevention of erroneous eligibility data-
sourced service denials or delayed claim processing when members’ primary insurance payer is distinct from the
current claim under adjudication. Such denials usually require resubmission, lengthening the time frame realized
by the healthcare provider for the related payment. Speed of cash flow influences financial operations for
practices offering costly services such as anesthesia, pathology, and laboratory treatments delivered in-house.
However, absence of supporting evidence makes it equally plausible that the ongoing costs of standardization
would outweigh its accrued benefits. Given these high stakes, a broad, negative-sensitivity analysis defines
observed ranges for some of the influential factors considered within the financial modeling and establishes the
conditions for which standardization is not warranted.

Table 3: Reference Architecture & Data Model Components

Element Description

Common Data Model Standardized schema across payers

Data Entities Member, payer, plan, coverage
Interoperability Patterns | API-based (REST, FHIR)

Value Sets Standard values (Yes/No, payer types)
Mapping Mechanisms Cross-payer data translation

Phased Models Phase 1 (verification), Phase 2 (expansion)

7. Security, Privacy, and Compliance

Concerns about data security and privacy inform the design of a multi-payer eligibility solution. For payers,
providers, and other participating organizations, meeting access control and authorization requirements is
paramount. [56] Consequently, protocols ensure that access is limited to authorized parties only, while auditing
processes enable compliance monitoring to demonstrate adherence to the principle of least privilege. Data
minimization principles require that members' personal health information (PHI) not be used or disclosed if an
alternative, effective method of achieving the same purpose without using or disclosing PHI exists. To protect
information in transit and data at rest, encryption is mandated.

The multi-payer exchange relies on data-sharing arrangements that demonstrate compliance with applicable
laws and regulations, such as the Health Insurance Portability and Accountability Act (HIPAA) and the Health
Information Technology for Economic and Clinical Health (HITECH) Act. Protocols govern the use of consent
management systems that support members’ rights to manage their preferences regarding the collection, use,
and disclosure of their PHI. Processes are in place for managing the members’ ability to revoke consent and for
facilitating compliance with these requests. [57] These control processes provide a formalized method for
supporting state-by-state variations in the use of consent. Cross-border data sharing depends on recognizing
jurisdictional constraints governing the transmission of data across national boundaries, including necessary data
localization requirements and controls for transmitting information internationally. Additional mechanisms
protect member data when such transfers occur, along with a defined governance structure for overseeing these
arrangements.
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Keyword Theme Distribution Derived from Article Keywords

Governance & Compliance

Interoperability & Standards.

Data Quality & Identity

Integration & Real-Time Exchange

7.1. Access controls and data minimization

Established processes are essential to authenticate and authorize users, and to audit data access by geographic,
data-use, and role-based attributes so that each user can access only the minimal necessary information to
perform their role efficiently. External access must be managed through secure APIs that offer the lowest
feasible privilege while supporting external use cases. Since eligibility data is often needed by other systems for
fraud discovery and mitigation, the principle of least privilege should also apply to this architecture.

Data minimization procedures in privacy legislation require careful scrutiny of individual data requests before
approval to determine if a request can be fulfilled with a selection of minimally required fields and values. [58]
The sharing organization should also reject requests that are overly broad to the point of inviting abuse. In cross-
border exchanges, data sharing requests should be evaluated against geographic data-use restrictions. These
practices will mitigate the risk of unnecessary breaches while minimizing the chance that exposure will lead to
negative outcomes such as fraud or identity theft.

7.2. Consent management and member rights

Consent management processes must enable members to exercise their rights effectively. Data requesters should
be able to specify user-consent requirements. These processes need to be designed with a view toward
revocation, so that revocation can be accomplished using the least number of steps. Individuals need an easy and
complete way to see which organizations are using or have used their data.

Auditability is particularly important for situations in which the consent conditions allow data sharing only
under specific circumstances. [59] For example, organizations should be able to demonstrate to regulators that
they have asked for consent every time the data are requested, even if the answers were all “no.” This capability
is particularly important when sensitive data are being shared. Data producers should receive information about
major audits of data requesters, and this information should be provided in a way that lets the producer easily
understand the implications for their data, such as whether data requesters meet their expectations for using
sensitive data.

7.3. Cross-border data sharing constraints

Cross-border data sharing remains largely unaddressed, yet jurisdictional constraints often impede the
distribution of member eligibility data across national boundaries, even when other privacy considerations are
satisfied. A large majority of countries regulate the storage, usage, or transfer of personal electronic health
information, and such rules can affect either all personal information sent outside the country or only health
information as such or health information relating to specific jurisdictions. [60] Notably, some countries adopt
localization requirements for such information. In some cases, the requirement is an absolute prohibition on the
usage and storage of certain types of sensitive personal information (among which health information can be
included) outside the country. Requests to transmit the information abroad are thus automatically rejected. In
such cases, responding to a member eligibility data query can be impossible without an additional data exchange
agreement in place. Hence, except for data exchange scenarios where personal information is sent to a country
that is subject to a privacy—security agreement with the data of origin country, any eligibility data exchange
between the two jurisdictions and countries requires the source jurisdiction to possess member eligibility data
information locally.

The risk of being subject to jurisdictional legislation governing the usage or the storage of personal electronic
health information can be mitigated thanks to the adoption of government-sanctioned data confidentiality
agreements (a.k.a. privacy signatures) governing the use and storage of personal data. [61] However, such an
option depends on the availability of a privacy—security agreement between the involved jurisdictions. Although
responses to permissions checks can thus be altered, several countries regulatory frameworks impose different
conditions for the processing of responses. Conducting a centralized processing of the responses can thus be a
challenge. Indeed, one country may permit health data from its citizens or residents to be processed in another
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country with a privacy—security agreement governing the use of personal electronic health information, while
such personal electronic health information might be processed only in a country without that previous
agreement. [62] Moreover, in most jurisdictions sharing member eligibility data across various regions can
require the exchange agreement to contain privacy—security clauses accepted by both parties.

8. Case Studies and Experimental Evidence

Although several of the recommendations made here are based on best practices, formal evidence of their value
to cross-payer eligibility data standardization is limited. This section draws from successful initiatives and the
experiences of regions with multiple payers.

Numerous projects have pursued standardized member data, in part or in full, with results that others can apply.
Commonalities indicate potential principles. [63] For example, the Dutch Pay-Data Standard Platform is a
public-private partnership supporting a shared container for insured-delivery data that reduces reporting
burdens, with both sides of exchange participating in building and maintaining the data.

Evidence from regions with disparate payer landscapes confirms that no single approach suffices; stakeholders
and conditions vary, and flexibility is vital. For instance, the U.S. Data Across Sectors for Health (DASH)
initiative examined health data sharing across sectors. [64] Its summary report offers numerous valuable
conclusions, including the criticality of building relationships of trust and mutual support, developing flexible
funding structures, anticipating data-sharing challenges, keeping data analysis capacities in mind, starting small
and allowing for the development of a data-sharing culture, anticipating that data-sharing practices will take
time to establish, and enlisting participants willing to “go first.” Customizing approaches to participants’ values
and needs is thus essential to successfully focusing on common goals.

Term Frequency Across Article Text (Derived)

Mention count

8.1. Successful standardization initiatives

Four health-payer jurisdictions in the Columbia University/NYU Healthcare Administrative Data Sharing
Consortium implemented an initiative to standardize Eastern and Western U.S. Member Enrollment data
partners during the Protecting Patient Health Care Act phase-out. Evaluation metrics revealed contextual
awareness beyond simply measuring speed and accuracy.

Aligning disparate payer regulations is a perennial challenge. The impact of development and regulatory
constraints was underscored in Member Enrollment data standardization. These delays amplified the benefits of
the assessment, ultimately leading to an executive decision to harmonize these data to support surveillance and
research. [65] Nonetheless, it was critical to plan for each jurisdiction with its unique rules governing data
sharing—both genuine rules and rules imposed by cloud governance bodies. These need to be actively
monitored during the initiation phase of any project.

8.2. Lessons from heterogeneous payer landscapes

Fragmentation across payers and clashing legislative mandates can complicate data standardization. A pilot in
Ontario, Canada, revealed pitfalls to avoid: failed architecting of the exchange system, reliance on a contract
with a single private firm, and an unintended consequence of member matching.

Different payer systems introduce complexity into data standardization. Successfully deploying standardized
data in submarkets requires careful tailoring to fit the specific characteristics of the environment. [66] The
Greater Toronto Area boasts a multitude of health insurance carriers, including several private firms, the Ontario
Health Insurance Plan, and the Ministry of Health — offering an additional layer of complexity to the data-
sharing attempt.

An Ontario Pilot aimed to optimize sharing of health insurance information among diverse carriers and
attempted to use shared member eligibility as starting point for the broader deployment in Canada. A member-
eligibility exchange was deployed as a small subsection of a more expansive health-infrastructure upgrade.
Supporters hoped to use the sharing system as a trial run before scaling up to more complicated data exchanges.
Key lessons emerged from the undertaking. Failure to properly architect the exchange system led to rigid
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architectural decisions. During early data-exchange development, a consortium of approximately 50 of the
region’s health-care organizations formed to provide planning oversight. However, operational implementation
was devolved to a single private consulting company whose contract ultimately encompassed complete
responsibility for operational data steering and stewarding the adapting exchange system. [67] Innovation in
operations suffered as client-side organizations became passive consumers of the different steering and
managing data components of the system. Finally, even careless matching scripts can gin up the appearance of
success: substantial disparities between claimed error rates and expected use levels suggested a misleadingly
optimistic measure.

9. CONCLUSION

Convergence of standards, technology, and policy will make member eligibility data easier to standardize and
integrate across payer boundaries. The case for broader efforts to harmonize data and signaling in multi-payer
ecosystems is compelling. Member eligibility data are required by payers, providers, and members for real-time,
accurate verification during care delivery. [68] Yet the lack of standardization and sharing across the payer
landscape is both costly and error-prone, contributing to provider denials and incorrect assumptions about
coverage when care is delivered. Redundancies and associated costs will be significantly reduced if eligibility
verification workflows are optimized and scaled solutions adopted.

The direction of travel toward cross-payer standardization is clear, and many of the elements of such an
ecosystem are already under implementation by different stakeholders. Joint sectoral initiatives harmonizing
these elements across the payer landscape represent the next and logical step. The prospect of reducing pain
points that affect nearly all providers and their partners should motivate broad engagement and spur faster
action. Doing so also creates opportunities for funding by leveraging investments made to address the
eligibility-data needs of a single payer. Current efforts to model these benefits and costs should be expanded
throughout the industry to create a full business case for action.

9.1. Future Trends

Market forces are galvanizing payers, providers, and technology vendors to address diverse challenges related to
member eligibility data. Denials and resubmissions, operational inefficiencies, and of late the patient experience
are all turning the spotlight on the foundational element of correct and timely eligibility data. Initial efforts by
Federal agencies—driven by both the 21st Century Cures Act and the Administrative Simplification provisions
of HIPAA—are therefore apt to galvanize action in other sectors of the American healthcare industry. [69]
These early initiatives are focused primarily on the eligibility data product exchange between payers and
providers, readily visible in the request-and-response workflows exercised by providers when patients present
for care. The underlying operational need is therefore to rapidly and accurately verify that a patient retains
current and valid coverage with an eligibility-cleared provider for the service to be rendered.

The Administrative Simplification provisions of HIPAA specifically restrict such focused near-term activities to
the HiTech Act definition of “covered entities”—namely health plans, health care clearinghouses, and health
care providers transacting in certain ASC X12 or NCPDP message formats. However, member eligibility
information—regardless of source or sink—permeates many product offerings across all segments of the
healthcare ecosystem and is consequently employed in many associated workflows by other types of entities.
[70] Beginning with pay-per-service reimbursement models and continuing through episodes of shared savings,
full-risk capitations or other arrangements aimed at addressing the triple aim, having up-to-date and accurate
eligibility data about individuals remains a perennial problem faced by all segments of the healthcare industry.
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