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Abstract

Healthcare analytics is increasingly expected to operate in real-time. The demand for real-time
queries and feedback has propelled the move toward event-driven data streaming architectures,
which have been adopted in many industries—commerce, finance, social networking—but have
yet to be fully realized in healthcare. Although challenges remain in isolating, modeling, and
sharing the right data, there are clear motivations for both clinical care—with the potential for
detecting and acting on sudden changes in patient health—and administrative use cases, with the
prospect of providing proactive operations dashboards that alert business analysts to deepening
problems that they can address before they escalate into costly crises. This paper focuses on two
specific use cases: the real-time processing of healthcare claims as they are submitted and a
framework for measuring, monitoring, and improving healthcare quality in real-time and at scale.
The first addresses data provenance and instrumentation needs for the timely execution of the
rules governing claims submission and adjudication. The second defines the requirements—
timeliness, accuracy, completeness, and so on—for quality measurement at scale based on New
York State Department of Health and Centers for Medicare & Medicaid Services performance
indicators and establishes a framework for providing real-time feedback on adherence to these
requirements.

Although a number of high-level components of a comprehensive real-time analytics architecture
have been previously proposed or described, decision support, data , governance, and
provisioning are still in their formative stages. Building from previous work outlining an event-
driven, micro-batch-enabled architecture for real-time data streaming and analytics at scale, the
present discussion focuses on claims adjudication and quality measurement use cases. Other
descriptive aspects complete the taxonomy of real-time analytics building blocks. Technical
requirements are then explicitly addressed for a claims processing framework that analyzes a
claims life by identifying the key events, states, and timing constraints that drive the process, and
for a real-time quality measurement system that detects anomalies across key performance
indicators and provides closed-loop feedback for quality improvement.

Keywords: Real-Time Healthcare Analytics, Event-Driven Data Streaming, Healthcare Claims
Adjudication, Real-Time Claims Processing, Healthcare Quality Measurement, Clinical and
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Administrative Decision Support, Data Provenance and Instrumentation, Micro-Batch Streaming
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1. Introduction

The prevalence and volume of raw, real-time data generated during patient diagnosis,
treatment, and care delivery represents a strategic resource for improving clinical outcomes and
economic efficiency. Achievement of such efficiency has been identified as one of Five areas for
focus in the more than 20-year plan of the US government to ensure that future healthcare
administration not only surpasses, but maintains an exemplary balance of quality relative to cost.
Such focus is not without conundrum, however; technical, operational, and strategic precautions
are either advisable or legally mandated, and obviating workflow latency is critical to
maintaining safety and relevance in care environments and relations fraught with uncertainty,
risk, and, paradoxically, systems and evidence complexity far beyond the capacity of individual
human cognition.

Real-time analysis of clinical claims data is one means of illuminating potential
efficiencies and saving opportunities for both clinical and administrative workflows. A
healthcare claim—as the term is used here—describes the processes by which government
agencies, health insurers, or payers reimburse health programs and hospitals for delivered care
recorded in evaluation and management claims. A healthcare claim arrives in an organization as
a series of data-rich (but not always correct, complete, or timely) events—adjudication starts
(claim submission), confirmation (claim validation), decision (claim denial or payment
approval), and conclusion (hospital payment)—which transition the claim from initiation through
conclusion. A claims-adjudication rule-execution framework is built upon the event life cycle; it
is designed to facilitate error reduction and to illuminate care process improvements and
effi-ciency opportunities.

1.1. Overview of the Study's Objectives and Scope

Real-time analytics drive detection, evaluation, and mitigation of administrative and
clinical issues. Mechanisms for claims adjudication and quality measurement in real-time are
defined. These support immediate actions on administrative issues (timeliness, accuracy,
completeness) and drive quality improvement. Claims submission, validation, adjudication,
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denial/approval, and payment form a lifecycle. Provenance, auditability, and external rule
integration are key.

Recent work examined communications between healthcare entities—payers, providers,
exchanges, and clearing houses—in claims receipt and processing. The associated event-driven
real-time analytics framework follows the claim ontology lifecycle—from submission through
validation, adjudication, denial/ approval, payment, and communications supporting these
transitions, with a focus on rule execution and decisioning. Latency tolerances and rule types are
defined. Provenance, auditability, and integration of external eligibility and coverage rules drive
the specification. An end-to-end analytics pipeline uses the language and semantics of the
analytic engine to deploy health analytics user-defined functions (UDFs) and establish controls
around data use and quality.

Quality measurement encompasses normal monitoring and quality improvement.
Timeliness, accuracy, completeness, repeat/readmission rates, and error rate KPIs are identified,
with mechanisms to build data pipelines around them. Associated feedback mechanisms support
quality improvement: detecting incoming data quality issues (timeliness, correctness, rule-check
failures, completeness), alerting the right people, using proven closed-loop quality improvement
techniques, and establishing ownership and accountability for the outcomes.

3|Page



SN: 3067-4190

JOURNAL OF ARTIF

AND BIG DAT -

Volume: 01 Issue; 01

&}\ Provennce, Auditablity & External Rule Integration

= ) On -
[} cla WD\_'I stion &@) 'O(_)

Validation & Euon
5 Submission

2 88 g

| VR

Communications

Data Quality between Entities

MUl Real-Time
Analytics Vs
Engine )
" =

—- Closed-Loop Feedback
Alerting ‘ | »\<

Approval Decial @
q =

Ownrship &
Cls Caity Accamtability

Issues .
~
QUALITY MEASUREMENT & IMPROVEMENT )
Ny p——
F H O
ull K_/ ‘ N/
Tirmelness Accuracy Complertess  Reduced Readmission Rales

Fig 1: Event-Driven Real-Time Analytics in Healthcare: A Framework for Closed-Loop
Claims Adjudication and Quality Improvement

2. Background and Motivations
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Real-time analysis of healthcare data has the potential to deliver significant clinical and
administrative benefits. The timely detection and response to clinical events—such as detecting
an adverse drug reaction as soon as it is reported—can support better clinical decisions and
enable care coordinators to intervene quickly to avert deteriorating conditions. Detecting
anomalies in health insurance activity—such as unusual clustering of expensive diagnoses or
procedures that may indicate fraud—can reduce insurers’ outlay by preventing or reducing
inappropriate claims. However, many of the data-science-and-machine-learning methods applied
to these problems have focused on batch processing on historical data, without considering the
issues that arise when implementing a system for real-time detection.

An analysis of real-time quality measurement at scale has also highlighted important
architectural considerations. Inaccurate, incomplete, or tardy data can give rise to misleading
insights and recommendations that may adversely impact care delivery. The need for governance
to ensure accountability for data quality, coupled with the range of stakeholders involved,
implies that detection of quality breaches with appropriate feedback loops should form a key
component of any real-time quality-measurement initiative.
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Average lifecycle latency by plan (synthetic example)
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Equation 1) Event timestamps and stage latencies (claims lifecycle)

Let each claim i generate event timestamps:
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2.1. Significance of Real-Time Analytics in Healthcare
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The importance of real-time analytics in healthcare is underscored by its expected clinical
benefits and the scale requirements of its adoption in high-volume, high-modification domains.
These anticipated benefits are corroborated by use cases in healthcare administrative operations
that both support clinical care and incur high costs owing to inefficiencies, such as claims
adjudication. Even though these use cases are administrative in nature, they nevertheless involve
the processing of clinical rules, hence precautions related to privacy and safety must still be
exercised. Furthermore, the operational processes governed by these administrative functions are
subject to stringent governance mandates to minimize risk in the event of a systemic failure.

The primary source of value for real-time analytics is derived from the closed-loop
feedback tightly integrated with the processes, where quality metrics are continuously updated
and acted upon to facilitate continual improvement. Unfortunately, such feedback is often absent,
or is at best delayed, in many such use cases. In addition to the aforementioned control measures
related to governance and regulation, other risk-reduction precautions may include statistical
monitoring of fundamental quality attributes—such as accuracy, completeness, and timeliness—
of the data inputs; automatic anomaly detection and alerting mechanisms that trigger corrective
actions when thresholds are exceeded; and a formally defined accountability structure, with
processes and personnel held responsible for specific quality metrics.

pla | N_clai | Timeliness submit—validate %wit | Timeliness validate—adjudicate %wit
n ms hinSLA hinSLA

Pla | 553 99.8 99.8

nA

Pla | 405 96.8 99.0

nB

Pla | 242 90.9 98.8

nC

3. Architectural Paradigms for Real-Time Healthcare Analytics

A distinction exists between streaming platforms for data ingestion and processing, where
volume and velocity define suitability. Stream ingestion solutions target high-throughput
environments, trading volume and reliability guarantees for lower costs; low-latency streaming
engines prioritize fast, fault-tolerant delivery. Batch-oriented mechanisms provide lower latency
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at increased cost compared to their stream-based equivalents; pipeline disturbances become
costlier at greater operational scale. Security, privacy conflict mitigation, and clinical safety
concerns further constrain design choices, targeting strict event privacy by controlling retention
and disclosure of sensitive data.

Event-processing paradigms converge toward low-latency, high-throughput settings.
Complex-event processing offers higher-level abstraction but decreased expressiveness; fine-
grained event streams better satisfy adversarial requirements and can be derived from simpler
sources. Stream processing accommodates time separation across events, leveraging windows of
crystallization for accuracy via correlated instantiations, while action-oriented models
concentrate complex decisioning over areas of interest. Micro-batching supports trade-off
exploration across latency, throughput, and fault tolerance at the procedural-caused-event level
but risks violating distributional independence.

3.1. Data Ingestion and Streaming Platforms

Data ingestion and near real-time event delivery platforms facilitate incremental
processing of data streams and dynamic monitoring of data repositories. Various commercial and
open-source products are available; they vary in scalability, throughput, latency tolerance and
delivery guarantees.

Stream processing platforms such as Apache Kafka, Amazon Kinesis, Confluent, and
Microsoft Azure Stream Analytics, are designed for high-volume data ingestion with streams of
fine-grained records. A built-in publish-subscribe mechanism allows messages originating from
different sources to be kept in separate topics; multiple subscribers can register interest in
specific topics. Tools such as Amazon Kinesis Data Firehose, Apache Flume and Logstash can
be used to import data into such systems. The stored data can then be processed and delivered
through different subscribers at near real-time speeds.

Complex event processing and distributed conditions checking systems such as Apache
Flink, Apache Storm, and Microsoft Azure Stream Analytics use a stream processing platform at
the back end and a new processing abstraction on the front end. They detect predefined patterns
in the streams and trigger actions in other systems. The map and filter operations can check for
data quality or other business rules. Such systems can also generate alerts based on
predetermined thresholds.
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Fig 2: Distributed Event Architectures: Evaluating Scalability and Pattern Detection in
Near Real-Time Stream Processing Platforms

3.2. Event Processing Models for Healthcare

Healthcare event processing focuses on timely answers to specific questions, often in
response to events such as patient readmissions, claims decisions, or disease outbreaks. Business
Duty or Complex Event Processing (CEP) aims to detect globally significant events from
unobserved low-level sensory flows. Stream Processing risk loss of data, either missing output or
shipping repeated copies.

Complex Event Processing (CEP) focuses on building a short-term temporal-context for
textual data. Grouping a given collection of LESs enables building model or plan of the detected
event (LEU). The output of CEP may ranges from a distribution describing event occurrences
over time to a story. Event Flow Systems are for visualizing the process data and infrastructure
of operating to achieve business objectives. Event recognition is essential in product, art,
graphical, video film, and character generations. Templates for detecting events have grown
rapidly for text, audio, video, and for the intrinsic content of other various data formats.
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In General stream Computing Model, losses may occurs in shortening the routing/hub
length at the cost of some data. Any event taken inside a connection cannot be routed to nodes in
respective identifiers. A Slow Transfer Algorithm reduces the average transfer delay and
transfer-expense of each node. A mouse/robotic arm is for learning in a room with many little
steers and obstacles; reinforcement learning is reused from graphical game proposes and also
applied in more/less/etcCategory detection applied in new environments such as joint tasking of
mobile robots. The task will thus more or less become business duty that use basketball
backboard to avoid global statement during still specialty.

Equation 2) Timeliness KPI (SLA compliance)

Assume an SLA for a stage A — B is t4_,5 minutes (or seconds).

Define an indicator (1 if within SLA, else 0):

o) _{1 if L <1,
la 0 otherwise

Then timeliness for that stage over N claims:
Timeliness,_,g = N I\ A8
i=1
Often reported as a percent:
Timeliness%,_,g = 100 - Timeliness,_, 5

Similarly, end-to-end timeliness uses LS%E < Tpg-
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4. Real-Time Claims Adjudication Framework

The claims lifecycle is discussed as an event-driven business process, consisting of a
finite set of key events: claim submissions, validation, adjudication, denial or approval, and final
payments or disbursements. These events trigger state transitions among stages within the claims
lifecycle (e.g., “Processing,” “Approved for Payment,” “Paid”) for each claim. The formalization
provides a conceptual model that clarifies data timing requirements at each stage, and identifies
the data flows associated with specific events or state changes. Such a model can be the basis for
the design of a claims adjudication framework meeting real-time requirements as described.

Each of the states must execute the necessary rules for rules in its input channels in a
timely manner. As there may also be external events that do not belong to the internal claims
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lifecycle, the states need to define the rules guarded by these external events in the appropriate
input channels. The processing of these external events or state transitions may have some
round-trip latency target. Denial and approval events are quite different in nature. Denial events
are usually needed to engage with the health plan, may take time before being made available,
and often can be made available only on a sample basis. The feedback channels from the PBM
may also require some time to provide enriched data back to the health plan. Nonetheless, the
implementation of denial events should be controlled, since no claim can be finally approved
without a decision by the pharmacy benefit manager. Hence, these events usually have a latency
closer to a traditional batch system than to a stream-processing architecture. Since such events
are scarce by nature, their processing can be done in a micro-batching approach, while not losing
the analytics opportunities offered by streaming.

End-to-end timeliness SLA compliance by plan (synthetic example)
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4.1. Event-Driven Claims Lifecycle

The claims lifecycle is driven by events that trigger individual and orchestrated state
transitions. Six event types are identified and serve as focal points of the claims processing
engine: submission, validation, adjudication, denial/approval, and payment. The workload over
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time can be modeled as a sequence of events, each with an associated urgency level, bounded
time-to-completion, and set of data dependencies. Individual and aggregate timing constraints
govern the precision and accuracy of continuous flows of timing- and summary-based
information.

An event-driven architecture provides natural synergy between claims processing and
analytics—one can enable the other. The rules that govern validation, adjudication, and payment
are codified in the engine, enabling real-time tracking of processing status. Latency constraints
on timely processing can be monitored; and when precision sinks below a desired threshold, risk
factors for denials that require costly manual intervention can be surfaced. But these decision
rules may be hard-wired in a different system—eligibility rules from a health plan, for
example—and still need to be executed to make spending decisions. In that case the message-
driven architecture serves as an external trigger that kicks off a distinct downstream process
when the required inputs are available.

Equation 3) Completeness KPI (required fields / required events)

A practical operational definition in streaming is: a claim is complete if all required fields are present
(or required events exist).

Let ¢ = 1 if claim i is complete, else 0.
1 .
Completeness = Nz c®
i=1
If completeness is per-provider/per-plan g:
1 .
Completeness , = _Z c®
9 N,
ieg
4.2. Rule Execution and Decisioning

Rule execution and decisioning requirements for real-time claims adjudication at scale
support accurate, timely, and auditable processing while meeting contractual and regulatory
guidelines. Prescriptive decisioning (system rules) must complete in seconds, with scale
amortizing costs, while other decisions (prohibited claims, patient eligibility, and coverage rules)
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can exceed minutes. Completeness KPIs track state transition timing in the event lifecycle,
covering both the central adjudication function and processes preceding and succeeding it. Five
rule types are distinguished: execution, alerting, external, background, and decision-mode
resilience.

Execution rules determine the data state transition for successfully adjudicated claims. To
underpin timely decisioning while minimizing operator overhead or potential violations, claims
processing contracts and external rules govern claims approval and denial respectively. Other
more complex determinations—condition-based exceptions, changes to patient eligibility, or
coverage disallowance—trigger alerts when violated. Alerting semantics empower operators to
monitor risk conditions, and decisions are likewise flagged as anomalous for non-standard
treatment.

5. Real-Time Quality Measurement at Scale

Quality measurement occupies a significant portion of the healthcare organization space, with
the resulting quality indicators increasingly being reported publicly. These indicators consist of
multiple metrics grouped to represent important clinical conditions, explicitly defined attributes
(e.g., mortality), and attributes that signal the quality of care other than outcomes. Associated
timelines dictate not only the reporting frequency for the respective indicators but also help drive
their accuracy and completeness. Major quality measurement initiatives specify the indicators
included, the operational pulls required to compute the values, and the goals behind achieving
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for Continuous Quality Improvement and Organizational Recognition
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Although the quality indicators are generally perceived as an administrative burden on
both clinical and IT departments, it is also recognized that fulfilling the quality measurement
obligations creates an environment well suited for deriving recognition for good clinical care,
driving quality improvement initiatives within the organization, and ensuring that processes are
in place to detect and address important anomalies. Healthcare organizations increasingly
approach the quality measurement process from these perspectives by creating near real-time
measurement frameworks able to detect problems and opportunities early in the process,
facilitate improvement efforts, and correct pathways where decisions are not delivering the
desired outcomes.

5.1. Metrics, Indicators, and Data Provenance

Three concepts underlie the continuous cycle of quality measurement: (1) metrics, quality
indicators that gauge health plan performance; (2) required data provenance, tracking the
conditions under which indicators are evaluated; and (3) the actual quality measurement
pipelines, augmented with automated control gates. The premise is simple: accurate, up-to-date
quality assessment with low operational cost enables timely quality improvement.

Five key performance indicators drive the continuous quality measurement effort:
timeliness (of reporting) and accuracy, which penalize delays and sources of error; completeness,
which restricts reporting to plans with sufficient data volume; and rates of readmission and other
failure events, where low numbers represent high quality. Timeliness and accuracy hinges on the
freshness of source data, with measurement pipelines featuring sufficient data quality gates.
Completeness employs a careful lineage definition that recognizes which provider or health plan
missing data impedes accurate quality assessment. For measures such as readmission rates,
timely measurement on small sample sizes is an explicit goal of the measurement system; these
indicators also include closed-loop feedback loops for anomaly discovery and alerting.

Equation 4) Accuracy KPI (coding correctness / rule-check correctness)

Let E® = 1 if claim i contains an error (e.g., coding mismatch, invalid CPT/ICD mapping, failed
validation rule), else 0.

Define error rate:
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N
ErrorRate = l Z E®
N

i=1
Define accuracy:

Accuracy = 1 — ErrorRate

5.2. Real-Time Feedback Loops for Quality Improvement

Closed-loop mechanisms capture readmission, error, and quality deficiency events in the
feedback loop. Anomaly detection routines track these events and validate expected quality
behavior. A threshold-based monitoring framework periodically assesses quality indicators;
when thresholds are exceeded, alerts are raised for further investigation.

Governance and accountability aspects also play an important role in quality
improvement. The question of who is responsible for remediating the quality issue, within what
timeframe, and the methods for remediation must be clearly defined. If there is a general
consensus that the quality issue is temporary, then remediation at a later date may suffice. In
some cases, permanent remediative actions may be taken.

Distribution of end-to-end payment latency (synthetic example)
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6. Data Modeling and Semantics for Healthcare Streaming

Interoperability enables timely, accurate, and trustworthy insights derived from streaming
data. Mapping streaming data exchanged to standards such as FHIR, HL7, ICD-10, and CPT
facilitates data sharing and access across domains. Provenance-enabled controls ensure data
quality and correctness. Semantically enriching streaming data improves discoverability and
enables advanced analytics and feedback loops. Integration with terminology services, reference
and master data management, patient identity resolution, and cross-pipeline provenance helps
produce and maintain trustworthy analytics.

To facilitate interoperability, the data exchanged between systems follow the Fast
Healthcare Interoperability Resources (FHIR) standard and support Health Level 7 (HL7)
Clinical Document Architecture (CDA) exchange of clinical document sets, such as Continuity
of Care Documents. The Clinical Document Architecture (CDA) of HL7 allows for a structured,
machine-readable model of the clinical document along with human-readable narrative,
metadata, and provenance, which is then exchanged in the document set using the Document
Sharing Profile of the IHE Cross-Enterprise Document Sharing (XDS-References). Mapping to
the International Classification of Diseases (ICD) and Current Procedural Terminology (CPT)
terminologies ensures support for admissions, discharges, transfers, diagnosis, and procedure
coding as well as guaranteed payment—due to mapping to codes required by government-
supported programs for patient eligibility and financial coverage assurance.

Equation 5) Threshold-based anomaly detection (alerting)
A simple streaming-friendly approach:

e Choose a time window W (e.g., last 15 minutes) and compute KPI K, in each window.
o Alertif:
K, > 6 (for “bad if high” metrics like error/readmission)
or

K < 6 (for “bad if low” metrics like timeliness/accuracy/completeness)
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6.1. Interoperability and Standards Alignment

Real-time healthcare streaming systems must facilitate data and event interchange among
constituent applications, whether internal or external to the organization. Failure to provide these
services limits the adoption of streaming architectures within code bases that require them, as
well as hinders interoperability with external partners. The streaming architecture must provide
near- and long-term solutions to these conditions. Near-term solutions rely on low-ceremony, ad-
hoc plumbing built around the data streaming layers. Long-term solutions impose a more
rigorous mapping model from the event log channels of the streaming architecture to standard
healthcare exchange formats, thereby providing a canonical, semantically correct source for all
required integrations.

Near-term integration can occur via ad-hoc applications that leverage event and stream
information directly from the data streaming strata. Long-term solutions provide formal,
standards-based integration with lower maintenance costs and overhead by using a formal
mapping to standard formats such as the Fast Healthcare Interoperability Resources (FHIR)
Application Programming Interface (API) specification, Health Level 7 (HL7) v3 Messaging
specification for public health reporting, International Classification of Diseases (ICD) and
Current Procedural Terminology (CPT) classification systems, and United States Core Data for
Interoperability (USCDI) data exchange requirements. These mappings are important stimulus
points to guide the application of master data management and semantic enrichment services in
unit tests also. They ensure that the correct mappings exist for the correct events and data points,
and that they are functioning correctly.

6.2. Semantic Enrichment and Master Data Management

Service interoperability and data exchange portals, operating on different but repeatable
solutions can be enabled by establishing adequate information semantics. Supported
requirements often include semi-global information exchange between healthcare organizations
and/or service components of different responsibility domains. Real-Time Streaming Data
Models for Healthcare formulates several well-known requirements. Healthcare typically

exchanges information and acquires services based on functional roles, which are
clarified by workflows, regulations, business constitutions, operational contracts, and service
descriptions. Service providers often have a specified symmetry concerning rules, but the
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operational semantics of interacting technologies seldom include a comparable exact formal
description.

Real-time streaming data models for healthcare trace the proposed components of data
collection, integration, analysis, feedback, and archiving across deployments. Such flow patterns
are often integrated, combined, or coordinated by service orchestration mechanisms. Quality
Assessment Template establishes concepts for data quality that impact data usage processing
points requiring additional quality control. The clinical notion of Quality of Care focuses
attention on such aspects. Data accuracy, completeness,integrity, and timeliness description for
point-of-care and near real-time processing define immediate feedback gaps, whereas other data
quality aspects may be inspected in archive data, possibly during automated data warehousing
operations.

7. Conclusion

Real-time data streaming-based architectures are emerging as viable, cost-effective solutions for
a range of healthcare analytics. Two important applications—scalable, near-real-time claims
adjudication and large-scale, near-real-time measurement of data quality and healthcare
quality—illustrate the potential contributions: the former from using the event-driven data
streaming architecture and the latter from employing data provenance with controlled feedback
loops for improvement. However, both applications are aligned with the requirements for
healthcare analytics and operational considerations outlined in prior studies, and substantial
pragmatic benefits can be obtained in those, and potentially other, domains. In particular, the
ability to establish and preserve data-quality and healthcare-quality controls, combined with the
minimization of operational risk, provides a compelling attraction for applying an event-driven
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architecture to claims processing.
Real-Time Application Potential
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Fig 4: Real-Time Application Potential

Yet the use of streaming, event-driven, data-integration and analytics capabilities is no
substitute for adhering to established operational, governance, risk, and compliance measures.
Indeed, the producing-and-waiting aspects underpinning traditional scientific-method-rooted
analytics remain truly invaluable in many cases. Rather, these capabilities are simply another
tool that enables expanded horizons in the end-to-end management of processes—or aspects of
processes—that generate business, clinical, and operational metrics. Indeed, placed within the
context of risk mitigation, cost control, and appropriate governance, the use of data streaming,
and the associated methods, capabilities, and tools, for real-time, production-oriented tasks
should become a strategic goal within every enterprise.

7.1. Summary and Future Directions
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Real-time data streams from patient journeys and claims processing systems hold the
promise of answering important administrative and clinical questions about a population and its
caregivers. Research has demonstrated that executive-level dashboards—with alerts, closed-loop
feedback systems, and links to detailed data—can improve governance and inform learning.
Clinical and risk-based contracts alike place significant emphasis on patient outcomes, yet
reliable and timely measurement remains a challenge, especially externally imposed readmission
and quality measures. Delivering reliable, trustworthy, and closed-loop analytics at the required
speed demands a dedicated analytics platform and an awareness of the inevitabilities of in-flight
data quality. The approaches are therefore aligned with regulatory and deployment constraints:
information management at the core of the business; information products with data quality gates
baked in; information provenance in the background; and responses, alerts, and remediation as
part of a closed-loop system.

Successful partners have grown beyond structured claims-processing to real-time event-
driven processing of incident-based submissions; thoughtful design foresight has additionally
opened the door to real-time quality and strategy metrics at scale. Claims submission, validation,
adjudication, and payment form an event trajectory, with recognised events and state changes
that drive decision rules and scoring models. Timeliness, accuracy, completeness, and quality-
control gates monitor readiness for consumption; continuity feeds detect anomalies and initiate
alerting and remediation. Because these high-level measures and controls derive from data
provenance established elsewhere, the resulting product is timely, actionable, and auditable.
Closing the loop with alerts and remediationfresponses echoes best-practice cybersecurity
principles.
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