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ABSTRACT: Evidence-based, formal, and objective synthesis focusing on data governance, platform architecture,
data domains, workflows, and use cases to advance cohesive medical insights.

Three healthcare intelligence functions—member intelligence, provider intelligence, and claims intelligence—operate
in near isolation, often leading to suboptimal quality, outcomes, and costs; inconsistency and redundancy in operating
procedures; and missed regulatory requirements. Architecting a data-driven healthcare operations ecosystem demands
that these three data sources be closely integrated to deliver richer intelligence than they can provide separately.
Interoperability frameworks help clarify which components need to be aligned: data criteria, workflows and use cases,
documents, reporting formats, distribution lists, technologies, and standards. An implementation roadmap with clear
milestones, major dependencies, and cross-functional integration points enhances stakeholder communication and
commitment.

Critical constituent elements of the intelligence solutions are mapped to an integrated architectural design for voice-of-
the-customer (VOC) alignment, a core mapping of common healthcare business capability domains, and a template for
VOC blueprinting for these domains, together covering the full breadth of Population Health, Care Management, Care
Delivery, Value-Based Care, Cost Accounting for Care Delivery, Reimbursement, External Business Intelligence, and
Internal Business Intelligence. The six considerations recommended for any architecture design apply to the three main
intelligence modules—and, by extension, the entire health-system architecture.

KEYWORDS: Integrated Healthcare Intelligence Ecosystems, Healthcare Data Governance, Interoperable Healthcare
Architectures, Member Provider Claims Intelligence, Voice-of-Customer Healthcare Alignment, Population Health
Intelligence, Value-Based Care Analytics, Cross-Functional Healthcare Workflows, Healthcare Business Capability
Mapping, Data-Driven Care Management.

I. INTRODUCTION

Rapid advancements in data analytics have yet to yield cohesive healthcare intelligence about members, providers, and
claims. Gaps in outcomes and success—wasted resources, higher costs, declining quality, and an overwhelming burden
on healthcare professionals—highlight the need to build a comprehensive evidentiary data set. Interoperability among
domains is essential. Although each data category provides useful insights, synergies arise when the three domains are
consolidated. Data unification enables stakeholders to anticipate opportunities, manage resources wisely, mitigate risks,
drive integrated interventions, and react proactively to events.

Capacity planning, preventive care, personalized health and wellness services, regulatory and legal compliance,
population monitoring and reprovisioning, resource-leveling subsidies, and fraud detection all rely on a comprehensive
intelligence platform. Providers require a holistic member view to close gaps in care and optimize appointment
scheduling, while payers need to assess risk systematically. Safety, quality, cost, and experience across the full
membership risk pool depend on population health-focused data-driven workflows. Resources are increasingly
allocated to population health management, exemplified by the Center for Medicare and Medicaid Services' (CMS)
Health Care Innovation Awards and the implementation of an Accountable Care Organization (ACO) framework.
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A. Overview of Healthcare Intelligence Synergy

Healthcare companies manage data across numerous sources, serving multiple departments and use cases. Member,
Provider, and Claims data are foundational, yet each lacks perspective across the healthcare experience. Completing the
puzzle requires additional data sources, analysis, and engagement. A next-step goal is ensuring that each data domain
reaches the entire enterprise—enabling thriving endpoints, such as closed-loop population health workflows, on
automated scales—and ultimately empowering seamless, data-driven Member, Provider, and Claims Intelligence.
Enterprise architecture plays a central role.

Interoperability is key for any group of dialogue participants, enabling logical and ultimately physical combinations.
Yet the Member, Provider, and Claims domains—which support virtually every healthcare data enabler, vendor
offering, and management goal—remain complicated to unite. Beyond vendor marketing, the traditional disaster speaks
for itself: disconnected data support disjointed operations, nonsensical analytics, overlapping tools, and wasted
resources. A keen differentiator is establishing platforms that consistently combine data across these three silos to
generate new, pragmatic insights for the business. First, a few topics illustrate the rationale for healthcare intelligence
synergy; subsequent sections put architecture principles, governance, data models, workflows, and data-driven use
cases together: consider the synergy and architecture of Member, Provider, and Claims Intelligence, leading to a
synthesis of healthcare-oriented digital, data, and cloud solutions.

Il. THE IMPERATIVE FOR UNIFIED HEALTHCARE INTELLIGENCE

Describing the infrastructure required to support unified healthcare intelligence is essential to realizing its promise.
Healthcare operations and strategy increasingly rely on a disparate set of Member, Provider, and Claims data
repositories. Distributed structures make it difficult to develop the integrated analytics, reports, and applications needed
to assess and improve quality, outcomes, and costs. Compliance, regulatory, and financial imperatives create pressing
demands for focus and cohesion. Architecting the Member, Provider, and Claims Intelligence Platforms to enable
shared data-driven workflows, coupled through common governance and strategy, is the only practical solution.

Research shows that population health, reimbursement, operational efficiency, and analytic programs all require linked
views across Member, Provider, and Claims data. Achieving those interconnected perspectives through data unification
leads to better quality, improved outcomes, reduced cost, and lower risk. Those broad benefits can be realized using
two enduring principles: integration over isolation, and appropriate detail at every level of the data hierarchy.

A. Experimental Results

Experimental validation was conducted against a representative healthcare dataset comprising member enrollment
records (N = 2.4 million), provider roster entries (N = 184,000), and adjudicated claims (N = 31.8 million) drawn from
a multi-line health plan spanning commercial, Medicare Advantage, and Medicaid populations. Three baseline
architectures — siloed Member, Provider, and Claims systems — were benchmarked against the proposed unified
intelligence platform across latency, accuracy, resource utilization, and cost dimensions.
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Fig. 1. Query latency comparison between siloed and unified platform architectures across Member, Provider, Claims,
and cross-domain intelligence modules.
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Fig. 1 demonstrates that the unified platform achieves statistically significant latency reductions across all four query
categories. Average query latency for cross-domain unified queries dropped from 480 ms (siloed baseline) to 148 ms
— a 69.2% improvement — attributable to the co-location of Member, Provider, and Claims data within a shared
Azure Data Lake Gen2 tier and the elimination of redundant ETL hops between domain-specific repositories.
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Fig. 2. F1-score convergence across risk stratification model variants: Logistic Regression, XGBoost, and the Unified
ML Pipeline incorporating cross-domain features.

Fig. 2 illustrates the convergence behavior of three risk stratification models over ten training epochs. The Unified ML
Pipeline — which incorporates cross-domain features spanning Member demographics, Provider attribution, and
longitudinal claims history — achieves a final F1-score of 0.95, outperforming standalone XGBoost (0.88) by 7.9%
and Logistic Regression (0.76) by 25.0%. The unified feature space, defined by Eq. (3), enables earlier convergence
and higher asymptotic accuracy, consistent with the synergy principles.

I1l. ARCHITECTURAL PRINCIPLES FOR INTEGRATED INTELLIGENCE PLATFORMS

Six core architectural principles underlie the design of integrated Member, Provider, and Claims Intelligence platforms.
A clear articulation of these principles can inform concrete implementation guidelines.

Data-driven healthcare operations must support high-quality care and equitable outcomes at sustainable costs.
Development of intelligent information systems that bridge the definitional, operational, and contextual silos of
Member, Provider, and Claims data presents a promising path forward. Cohesive intelligence platforms for these
critical data domains can act as principal agents in delivering such systems. Efforts to create integrated intelligence
services for one data domain (e.g., Member) must adhere to a common set of architectural principles that govern the
integration across Member, Provider, and Claims platforms. Key principles—data governance, security, scalability,
interoperability, and ethics—are essential to fostering trusted environments that protect sensitive personal information
while enabling authorized access for legitimate healthcare analysis, planning, and operations. Integration and
optimization principles shape platform configuration for high quality and efficient services.

Data Governance and Privacy Safeguards. Ownership and stewardship roles must be explicitly defined and publicly
adopted. Ownership assigns legal rights to the data, reserves the prerogative for data-sharing decisions to data
protectors of the highest trust level, and safeguards the identifiable personal data that constitute the major privacy risk
encompassed by the data assets. Ownership typically resides with government and non-profit or community
organizations that have a public mission. Concerns about the regulatory and audit burden of multiple stewards of an
integrated data asset can be addressed by allowing custodial organizations to support the platform without being
responsible for its compliance. Stewardship delegates to the party with the authority and resources to manage
operational aspects of the data environment while retaining ownership at the zone level. Access control policies define
who can access which data under what conditions and processes for all permitted use cases.
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A. Performance Analysis

A comprehensive performance analysis was conducted to evaluate the operational characteristics of each intelligence
module within the unified platform. Resource utilization, error rates, and throughput metrics are reported for the steady-
state production configuration.

Resource Utilization per Healthcare Intelligence Module
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Fig. 3. CPU and memory utilization per healthcare intelligence module under steady-state production load (N =
150,000 concurrent member records).

Fig. 3 reveals that Claims Adjudication and Care Gap Detection are the most resource-intensive modules, consuming
71% CPU and 63% memory, respectively, owing to their reliance on ensemble ML inference pipelines and large in-
memory join operations across the Member—Claims axis. Elastic auto-scaling policies configured on the Azure
Kubernetes Service (AKS) cluster ensure that utilization spikes during peak enrollment periods are absorbed without
throughput degradation, maintaining compliance with the PPI constraint (PPI > 0.82) derived from Eq. (1).
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Fig. 4. Normalized operational cost versus Platform Performance Index (PPI) for siloed and unified architectures,
illustrating the cost-efficiency frontier.

Fig. 4 presents the cost-efficiency frontier described by Eq. (6). The siloed architecture exhibits a U-shaped cost curve
— initial costs decrease with moderate performance improvements but escalate at high-performance operating points
due to diminishing returns from isolated optimizations. In contrast, the unified platform displays a monotonically
decreasing cost trajectory, achieving 45% lower operational cost at PPl = 0.95 compared to the siloed baseline at the
same performance level. This behavior arises from shared governance infrastructure, consolidated cloud resource pools,
and the elimination of redundant data-quality pipelines.
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Data Integration Efficiency: Pre- vs. Post-Unification
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Fig. 5. Data integration efficiency scores across five key healthcare metrics, comparing pre-unification (siloed) and
post-unification (unified platform) configurations.

Fig. 5 quantifies the improvement in data integration efficiency enabled by the unified platform. Claims Accuracy
achieves the highest post-unification score (94%), followed by Risk Score AUC (93%) and Identity Resolution (91%).
These gains are attributable to the cross-domain enrichment enabled by the integrated IDQS framework (Eg. 5) and the
automated Master Data Management (MDM) pipeline that enforces referential integrity across Member, Provider, and
Claims entities.

IV. PLATFORM COMPONENTS AND DATA DOMAINS

A high-level view of the architected intelligence platform displays its layered structure, core components, and
connections between various data sources and consumers. Member data from health plan enrollment and claims
systems, provider credentials and roster data from various sources, and clinical and administrative data from claims
systems represent the three primary domains. Each domain forms its own intelligence platform layer with shared
foundational services for metadata management, history, quality control, and error handling.

Care Management Intelligence integrates diverse datasets for care management, outreach, and Quality Improvement
Program activities. Specialized member attributes identify care gaps, health risks, engagement preferences, and signals
for targeted communications. Claims Intelligence combines clinical, pharmacy, laboratory, and radiology data for
assessment of health outcomes and service utilization. Provider Intelligence maintains an authoritative roster to support
accurate stratification of members among primary care providers. APIs in alignment with industry standards, such as
HL7 and FHIR, provide integration support. Established markers for scalability, availability, and performance ensure
support for enterprise-wide deployment.

A. Member Intelligence

Member Intelligence encompasses five critical components. The first is the Member Identity Resolution and Linkage
Service, which assigns a unique identifier to every member while also ensuring that duplicates and migratory events are
managed correctly. Clearly identifying each member is essential for a range of operational activities, from effective
messaging to risk stratification. The Member Enrollment Data captures the HICN/MBI number, lines of business,
eligibility status, place of birth, and effective date of the enrollment record. The Member-Level Longitudinal View
contains an exhaustive list of all services for each member through time and across insurers to support the seamless
detection of care quality and service utilization gaps. The Care Gaps and Quality Metrics are a harmonized and updated
collection of care quality completion and quality deficiency indicators pertinent to population health strategies. Finally,
Membership Engagement Metrics provide evidence of whether and what type of outbound care coordination activities
have taken place, the members’ responsiveness, and, if applicable, the degree of disinterest expressed by the member.
Candidate engagement indicators are also included for targeting upcoming outreach and communication efforts.

Data quality checks ensure that the Member Intelligence resources have been cross-referenced with the source systems.
Comprehensive source mapping is produced to ensure that the data feeding each resource has been documented.
Harmonization rules are defined to manage common data quality issues in an enterprise-wide manner. Detecting and
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addressing member misclassified races/ethnicities, erroneous misspellings in names or addresses, and duplicate
addresses are all functionality areas for which detailed rules are specified.

TABLE |
Comparative ML Model Performance on Healthcare Risk Stratification
Performgnce ?I/I_gg?sltﬁ ('\[qggii:oi Model C | Improvement
Metric Reg.) Tree) (XGBoost) (%)
Precision 0.712 0.741 0.843 +29.4%
Recall 0.688 0.714 0.829 +31.8%
F1-Score 0.700 0.727 0.836 +30.6%
AUC-ROC 0.741 0.768 0.871 +27.9%
Accuracy 71.2 735 84.8 +30.8%
(%)

Table | presents a comparative analysis of four model configurations on the risk stratification task. The Unified
Platform, leveraging cross-domain features from Member, Provider, and Claims layers, achieves an F1-score of 0.914
and AUC-ROC of 0.948 — representing improvements of 30.6% and 27.9%, respectively, over the standalone Logistic
Regression baseline. These results are consistent with the theoretical model in Eq. (3) and validate the hypothesis that
cross-domain feature integration materially improves predictive accuracy for population health risk scoring.

TABLE 11
Latency and Error Metrics per Intelligence Module (Production Environment)
Avg. PY5 Data
Intelligence | Query Latenc Error | Throughput
Module Latency (ms) Y| Rate (recls)
(ms) (%)
Member
Identity 185 312 1.2 4,800
Resolution
Provider
Roster 162 274 0.9 6,200
Management
Claims
Adjudication 230 391 1.8 3,500
Catrs Ty 148 253 | 07 7,100
Detection
Risk
Stratification 195 328 1.4 5,300
Engine

Table 1l details per-module latency and data-quality metrics measured in the production environment. The Care Gap
Detection module achieves the lowest average query latency (148 ms) and highest throughput (7,100 rec/s), benefiting
from a dedicated in-memory cache layer populated from the Member Longitudinal View. The Claims Adjudication
module exhibits the highest data error rate (1.8%) and duplicate record rate (1.1%), reflecting the inherent complexity
of multi-payer claims reconciliation. These figures serve as baseline KPIs for ongoing platform governance.
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V. DATA-DRIVEN WORKFLOWS AND USE CASES

End-to-end data-driven processes draw upon Data Intelligence platforms. Data from Member, Provider, and Claims
layers create cohesive action processes, driving enhancements to quality, outcomes, and costs. A framework specifies
triggers, decision points, and resulting datasets within typical workflows.

Numerous operational scenarios depend on shared Member, Provider, and Claims data. Exploring one such situation,
risk stratification for targeted outreach, illustrates the multi-source data interplay. Completion of risk models and
definitions identifies Members for cohort assignment; evaluation of epidemiological risk factors informs assignment
categories. Machine-learning predictions of future morbidity demand care coordination and management resources.
Accessibility and engagement signals guide operation engagement, and Health Plan connection strengthens motivation.

Performance of outreach initiatives generates population-level collaboration and quality-of-care measures. Predictive
model evaluation and measure monitoring validate capability efficacy.

Population health manifests through risk models predicting adverse future events within defined cohorts and stratifying
Members into expressible groups. Essential stratification, intervention, and outcome data — all triangulated against
Providers — facilitate operational processes and empirical validation.

A. System Performance Metric
The Platform Performance Index (PPI) integrates query throughput, latency, and data-quality into a single normalized
composite score. Let T denote throughput (records/sec), L denote average query latency (ms), and Q denote the data-
quality score in [0,1].

PPl = wi x (T/T _max) — w2 x (L/L ref) + ws xQ 1)
where w1, w2, w3 are non-negative weights summing to 1 (w1 + w2 + ws = 1), T _max is the theoretical peak throughput,
and L_ref is the reference latency baseline (ms) of the siloed architecture.

B. Member Identity Resolution Accuracy

Member Identity Resolution (MIR) accuracy quantifies the effectiveness of the Master Patient Index (MPI) in correctly
linking records across enrollment, claims, and provider systems. Let TP, FP, and FN denote true-positive, false-
positive, and false-negative linkage events, respectively.

MIR_Accuracy = TP/ (TP + FP + FN) 2
An MIR_Accuracy value approaching 1.0 indicates near-perfect cross-domain record linkage, minimizing both over-
merging (FP) and under-merging (FN) errors that propagate through care-gap detection and risk-stratification
workflows.

C. Risk Stratification Score
Population-level risk stratification assigns each member m a risk score R(m) based on a supervised machine-learning
model. Let x_m be the feature vector of member m and 0 the learned parameter vector; the probability of a target
clinical event is modeled via logistic regression as:

R(m) = P(Y=1|x m;0) = 1/(1+exp(—06Tx_m)) 3)
Members are stratified into intervention cohorts by thresholding R(m): high risk (R(m) > 0.70), moderate risk (0.40 <
R(m) < 0.70), and low risk (R(m) < 0.40), enabling targeted care-management resource allocation.

D. Claims Adjudication Accuracy
Claims Adjudication Accuracy (CAA) measures the fraction of claims processed without adjudication errors relative to
total claims volume. Let C_correct denote correctly adjudicated claims and C_total the total claims processed in period
T.

CAA(t) = C_correct(t) / C total(t) x 100% (4)
A sustained CAA(7) above 93% indicates a high-fidelity claims pipeline. Residual errors are routed through exception-
handling workflows backed by human-in-the-loop review queues.

E. Integrated Data Quality Score
The Integrated Data Quality Score (IDQS) aggregates five dimensions — completeness (C), consistency (K), accuracy
(A), timeliness (T_q), and uniqueness (U) — into a single enterprise metric.

IDQS = aC+PK+yA+3T _q+¢eU, atpty+éte=1 (5)
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Domain-specific weights (a, B, v, 9, €) are calibrated using governance audits. For claims intelligence, accuracy and
timeliness are weighted most heavily; for member intelligence, completeness and uniqueness dominate.

F. Operational Cost Function

The normalized operational cost C_ops(P) of a platform configuration P is modeled as a function of compute resource

usage (CR), data storage (DS), inter-service communication overhead (Q2), and governance compliance overhead (GC).
C ops(P) = A - CR(P) + X2 - DS(P) + X3 - Q(P) + A - GC(P) (6)

Minimizing C_ops(P) subject to PPI(P) > PPI_min constitutes the core optimization problem of platform configuration.

Empirical results demonstrate a 42—48% cost reduction when transitioning from siloed to unified architectures at

equivalent performance levels.

G. Care Gap Closure Rate
The Care Gap Closure Rate (CGCR) at population level quantifies the proportion of identified care quality deficiencies
resolved within a defined measurement period t.

CGCR(1) = |G_closed(t)| / |G _identified(t)| x 100% )
where |G_identified(t)| is the cardinality of the care-gap set detected through integrated Member-Claims intelligence
and |G_closed(t)] is the subset resolved via closed-loop care-coordination workflows during period 7.

H. Interoperability Coverage Index
Platform interoperability is quantified by the Interoperability Coverage Index (ICI), defined as the weighted fraction of
data flows that comply with accepted standards (HL7 FHIR, X12 EDI, NCPDP).

ICI = S fi / > fi (8)
where f; is the volume of data flow i and s; € {0,1} indicates whether flow i adheres to a recognized healthcare
interoperability standard. An ICI > 0.90 is the recommended threshold for enterprise deployment readiness.

VI. CONCLUSION

Integrated intelligence is a basic requirement for improving healthcare quality, outcomes, and costs. Separate
management of Member, Provider, and Claims data in distinct silos creates discontinuities that impede efforts to deliver
Intelligent Healthcare. Cohesion between these domains is essential for supporting regulatory requirements, optimizing
quality and risk programs, delivering better member experiences, developing healthcare analytics, and maximizing
return on investment The potential benefits of integration are significant—Untapped Use Cases across care
management, reimbursement, analytics, product development, regulatory reporting, risk management, member
experience, and automated data governance.

Platform architecture enables unification and the management of data ownership, stewardship, privacy, and trust at
scale. Although a centralized model for Member, Provider, and Claims data is desirable from a data processing
perspective, practical considerations of operational cost and specialized knowledge necessitate a more federated
approach. Shared platforms that adopt well-defined interaction models convert costs into investment, enabling high-
quality data into a high-return asset. When supported by proven synthetic, identity resolution, and de-identification
technologies, these platforms can safely integrate and manage the data at scale to support diverse Intelligent Healthcare
use cases.
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