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Abstract  

 

Healthcare is increasingly adopting cloud-enabled digital technologies and services. In tandem, data ecosystems are becoming key 

enablers of innovation. However, health data pipelines rarely leverage cloud-native architectural characteristics. The design, 

implementation, and management of cloud-native healthcare data pipelines can enhance scaling, resilience, robustness, and 

interoperability; facilitate cost and resource optimization; and foster cross-organizational data sharing while fulfilling data-related 

legalities, ethics, norms, and regulations. Towards that end, a cloud-native healthcare data pipeline architecture is elaborated. The 

architecture defines a core set of design patterns and critical layers, together with appropriate governance mechanisms. Intelligent 

data pipelines with cloud-native properties are then explored that process claims data as they move through the healthcare system, 

specifically enabling automated adjudication, fraud detection, and pre-adjudication eligibility checks. Further, cloud-native 

pipelines are discussed that facilitate population-health analytics and modeling; services enablement; and adherence to region-, 

country-, or organization-specific health-data-ecosystem semantics. 

Demand for cloud-native technologies is escalating across business domains for both development and operational workloads. The 

shift towards cloud-enabled digital services in the healthcare sector is no different. Health data ecosystems are moving to the cloud, 

allowing health organizations to extend their on-premises infrastructures and services to the cloud, and enabling vendors to update 

and securely enhance cloud-native solutions offered to their customers. Multiple large hospitals and vendors—such as Amazon, 

Microsoft, and Google—have introduced dedicated cloud-based health-data ecosystems, with some focusing on closed 

relationships best suited for established customers and others opening up cloud platforms for third-party software and services. 

These trends are placing healthcare data at the center of digital transformation. 

Keywords :Cloud-native healthcare pipelines,Intelligent claims processing,Population health analytics,Healthcare data 

engineering,HL7 FHIR interoperability,Real-time healthcare analytics,AI-driven claims adjudication,Healthcare data 

lakehouse,Scalable medical data workflows,Predictive population health management.

1. Introduction 

Healthcare organizations are faced with multiple challenges 

in collecting, curating, analyzing, and sharing sensitive 

healthcare data. Healthcare data ecosystems are characterized 

by heterogeneous data sources (e.g., claims systems, 

electronic health records, and sensors), multiple legal and 

ethical regimes governing data sharing, lack of 

standardization in data format and semantics, and rapid 

fluctuations in the volume of data requiring real-time or near-

real-time analytics. Cloud-native data pipelines provide a 

scalable, resilient, and cost-effective means of ingesting and 

processing sensitive healthcare data. Two representative use 

cases are intelligent claims processing and population health 

analytics. Intelligent claims processing addresses the data- 

and compute-intensive task of adjudicating large volumes of 

healthcare claims, while cloud-native pipelines enable cloud-

based public health agencies to gain population-level insights 

using near-real-time analytics. 
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The increasing volume of healthcare claims demands 

intelligent and automated processing. Typical claims 

processing involves multiple steps, including benefit 

eligibility checking, fraud detection, claims adjudication, and 

rejection handling.  

 

Claims Processing Accuracy Improvement Graph 

2. Background and Motivation 

Although increasing amounts of healthcare data are being 

generated and stored in electronic format, data-sharing 

agreements and partnerships between healthcare entities are 

still limited. To overcome these challenges, cloud-native data 

ingestion pipelines are proposed to acquire, harmonize, and 

support sharing of healthcare data across organizations in 

cost-effective ways. Contrary to traditional approaches, in 

which data pipelines are mainly hosted on-premise or in the 

cloud but not both, these pipelines are designed and operated 

in the cloud-native paradigm. Such pipelines allow cost-

effective use of the cloud for data ingestion and information 

retrieval while relying on on-premises resources to address 

data regulation compliance challenges. The applicability of 

these pipelines is demonstrated through intelligent claims 

processing and population health analytics. 

Historical precedence in the healthcare domain underlines the 

focus on fraud detection. Recent advances in the usage of 

electronic health records address clinical systems. Automated 

processing of claims data has so far received little attention, 

although it offers opportunities for automatically identifying 

insurance eligibility, payment bucketing, and detection of 

potential fraudulent claims. Claims data stemming from 

multiple providers may help population-health analysts 

access an up-to-date understanding of community health 

trends, distribution of chronic diseases, and potential 

pandemic spread. 

 

Fraud Detection Efficiency Graph 

 

Cloud-Native Healthcare Data Pipeline 

2.1. Data Storage and Management 

A cloud-native pipeline is necessarily designed for resilience, 

availability, and scalability. Data providers are often various 

sensors, such as electronic health records (EHR), medical 

devices, and mobile health applications. Because cloud-native 

pipelines typically support Internet-based exchanges, REST 

protocols (OASIS 2004) such as SOAP or open APIs are often 
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employed to connect to those data providers. Sensitive data 

transmissions are secured through available security and 

privacy measures, such as data transport protocols for data in 

transit and data encryption for data at rest. In addition, 

privacy-preserving security measures such as access control 

policies, access control lists, and data provenance can be 

defined by using data contracts. When adapting data from data 

sources to cloud-native data platforms, special attention 

should be paid to the data formats and semantics. Data 

formats must follow specific agreements to enable the 

automated consumption of the streams. Data pixels must also 

conform to prescribed constraints or addressability so that any 

new components consuming that stream can understand those 

pixels without the need for reconfiguration. In a cloud-native 

pipeline, streaming components can produce or consume data 

on pre-defined patterns, regardless of enhanced overheads to 

contract that logic when operating on non-standardized flows. 

Compone

nt Layer 

Key 

Functions 

Technologies/Stand

ards 
Benefits 

Connectiv

ity Layer 

Data 

ingestion, 

API 

communicati

on, stream 

processing 

REST, GraphQL, 

FTP, SFTP, S3 

Real-time 

secure 

connectivity 

Data 

Managem

ent Layer 

Data 

harmonizatio

n, masking, 

governance 

Data lakehouse, 

encryption, access 

control 

Privacy and 

interoperabi

lity 

Analytics 

Layer 

Claims 

analytics, 

ML models, 

dashboards 

AI/ML frameworks, 

BI tools 

Predictive 

healthcare 

insights 

Governan

ce Layer 

Compliance, 

auditing, 

monitoring 

HIPAA, HL7 FHIR, 

OAuth 

Regulatory 

compliance 

and trust 

Table 1: Core Components of Cloud-Native Healthcare 

Data Pipelines 

3. Architectural Principles of Cloud-Native 

Pipelines 

Cloud-native pipelines for healthcare data follow the patterns 

of cloud-native applications. They are composed of discrete 

services that run in containerized environments, deploy 

commercial and open-source workloads, apply infrastructure 

as code (IaC) at when provisioning resources, and use cloud-

native architectural tools for observability and debug. Several 

architectural principles specific to healthcare data pipelines 

are identified. 

The pipelines manifest in three logical layers. The services in 

the Connectivity layer consume data from multiple sources 

and publish data to multiple consumers. Source systems (e.g., 

claims systems, Electronic Health Records [EHRs]) emit 

messages using clinical event triggers in near-real time. 

Business processes enforce data conformity and quality. 

Controls in the Data Management layer ensure that 

confidential and sensitive data is masked or redacted prior to 

being published to public clouds and/or untrusted domains. 

Opportunities for new data products are identified and 

prioritized for implementation. The services in the Analytics 

layer consume the services from the Connectivity layer 

exposed by either a data lake or data fabric. Reports, 

dashboards, and alerts disclose population health trends and 

patterns. Data scientists consume the data for model 

development. Rapid application development platforms 

provide analysts with no-code, low-code, and pro-code 

capabilities. 
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Processing 

Stage 
Description 

AI/Analytics 

Role 

Expected 

Outcome 

Eligibility 

Verification 

Validate 

insurance 

eligibility 

Rule engines 

and ML 

validation 

Faster 

approval 

Fraud 

Detection 

Detect 

abnormal 

claims 

behavior 

Deep learning 

anomaly 

detection 

Fraud 

reduction 

Claims 

Adjudication 

Automated 

payment 

decision 

AI-driven 

decision 

systems 

Reduced 

manual 

effort 

Rejection 

Handling 

Resolve 

denied claims 

Predictive error 

correction 

Improved 

claim 

success rate 

Table 2: Intelligent Claims Processing Workflow 

Mathematical Formulas: 

1. Claims Fraud Detection Probability 

Used for identifying fraudulent healthcare claims using 

machine learning classification. 

𝑃(𝐹𝑟𝑎𝑢𝑑 ∣ 𝑋) =
1

1 + 𝑒−(𝑤1𝑥1+𝑤2𝑥2+⋯+𝑤𝑛𝑥𝑛+𝑏)
 

 

Where: 

 𝑋= claim features  

 𝑤𝑖= feature weights  

 𝑏= bias term  

𝑃(𝐹𝑟𝑎𝑢𝑑 ∣ 𝑋) =
1

1 + 𝑒−(𝑤1𝑥1+𝑤2𝑥2+⋯+𝑤𝑛𝑥𝑛+𝑏)
 

2. Healthcare Claims Processing Throughput 

Measures pipeline efficiency for real-time claims processing. 

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
𝑁𝑐𝑙𝑎𝑖𝑚𝑠

𝑇𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔
 

 

Where: 

 𝑁𝑐𝑙𝑎𝑖𝑚𝑠= number of processed claims  

 𝑇𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔= total processing time  

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =
𝑁𝑐𝑙𝑎𝑖𝑚𝑠

𝑇𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑖𝑛𝑔
 

3. Population Health Risk Score 

Used for predictive population health analytics. 

𝑅𝑖𝑠𝑘𝑆𝑐𝑜𝑟𝑒 =∑𝑤𝑖

𝑛

𝑖=1

𝑟𝑖 

 

Where: 

 𝑟𝑖= patient risk indicators  

 𝑤𝑖= importance weights  

𝑅𝑖𝑠𝑘𝑆𝑐𝑜𝑟𝑒 =∑ 𝑤𝑖

𝑛

𝑖=1
𝑟𝑖 

4. Cloud Resource Utilization 

Represents cloud-native infrastructure efficiency. 
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𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =
𝐶𝑃𝑈𝑢𝑠𝑒𝑑 +𝑀𝑒𝑚𝑜𝑟𝑦𝑢𝑠𝑒𝑑
𝐶𝑃𝑈𝑡𝑜𝑡𝑎𝑙 +𝑀𝑒𝑚𝑜𝑟𝑦𝑡𝑜𝑡𝑎𝑙

 

 

𝑅𝑒𝑠𝑜𝑢𝑟𝑐𝑒𝑈𝑡𝑖𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =
𝐶𝑃𝑈𝑢𝑠𝑒𝑑 +𝑀𝑒𝑚𝑜𝑟𝑦𝑢𝑠𝑒𝑑
𝐶𝑃𝑈𝑡𝑜𝑡𝑎𝑙 +𝑀𝑒𝑚𝑜𝑟𝑦𝑡𝑜𝑡𝑎𝑙

 

5. Real-Time Data Ingestion Rate 

Measures streaming healthcare data ingestion performance. 

𝐼𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒 =
𝐷𝑖𝑛𝑐𝑜𝑚𝑖𝑛𝑔

𝑡
 

 

Where: 

 𝐷𝑖𝑛𝑐𝑜𝑚𝑖𝑛𝑔= incoming healthcare data volume  

 𝑡= time interval  

𝐼𝑛𝑔𝑒𝑠𝑡𝑖𝑜𝑛𝑅𝑎𝑡𝑒 =
𝐷𝑖𝑛𝑐𝑜𝑚𝑖𝑛𝑔

𝑡
 

6. Auto-Scaling Elasticity Metric 

Used for cloud-native scalability monitoring. 

𝐸𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 =
𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑
𝑅𝑑𝑒𝑚𝑎𝑛𝑑𝑒𝑑

 

 

Where: 

 𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑= allocated cloud resources  

 𝑅𝑑𝑒𝑚𝑎𝑛𝑑𝑒𝑑= demanded resources  

𝐸𝑙𝑎𝑠𝑡𝑖𝑐𝑖𝑡𝑦 =
𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒𝑑
𝑅𝑑𝑒𝑚𝑎𝑛𝑑𝑒𝑑

 

7. Healthcare Data Harmonization Accuracy 

Measures interoperability and semantic mapping quality. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑀𝑎𝑝𝑝𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑝𝑝𝑖𝑛𝑔𝑠
× 100 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡𝑀𝑎𝑝𝑝𝑖𝑛𝑔𝑠

𝑇𝑜𝑡𝑎𝑙𝑀𝑎𝑝𝑝𝑖𝑛𝑔𝑠
× 100 

8. Predictive Analytics Loss Function 

Used in healthcare ML model optimization. 

𝐿𝑜𝑠𝑠 =
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

 

𝐿𝑜𝑠𝑠 =
1

𝑛
∑ (

𝑛

𝑖=1
𝑦𝑖 − 𝑦̂𝑖)

2 

9. Data Privacy Risk Estimation 

Represents privacy exposure risk in healthcare systems. 

𝑃𝑟𝑖𝑣𝑎𝑐𝑦𝑅𝑖𝑠𝑘 =
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒𝐷𝑎𝑡𝑎𝐸𝑥𝑝𝑜𝑠𝑒𝑑

𝑇𝑜𝑡𝑎𝑙𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒𝐷𝑎𝑡𝑎
 

 

𝑃𝑟𝑖𝑣𝑎𝑐𝑦𝑅𝑖𝑠𝑘 =
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒𝐷𝑎𝑡𝑎𝐸𝑥𝑝𝑜𝑠𝑒𝑑

𝑇𝑜𝑡𝑎𝑙𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑒𝐷𝑎𝑡𝑎
 

10. Healthcare Pipeline Availability 

Cloud-native reliability metric. 

𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑈𝑝𝑡𝑖𝑚𝑒

𝑈𝑝𝑡𝑖𝑚𝑒 + 𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒
× 100 
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𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑖𝑙𝑖𝑡𝑦 =
𝑈𝑝𝑡𝑖𝑚𝑒

𝑈𝑝𝑡𝑖𝑚𝑒 + 𝐷𝑜𝑤𝑛𝑡𝑖𝑚𝑒
× 100 

3.1. Data Ingestion and Connectivity 

Institutions and systems produce claims as they complete 

claims processing. Medical and non-medical services fill 

electronic health records connected to the claims through the 

unique identifiers of the patients. Devices, electronic 

questionnaires, and sensor data records provide an important 

additional source for understanding the behavior and health of 

patients over time. The web-adjacent nature of the designed 

cloud-native healthcare data pipelines makes it easy to open 

channels for ingesting data from these other sources. Standard 

web protocols such as FTP, SFTP, S3, REST, and GraphQL 

suit connections to the -aaS components of the clouds. 

Security is possible through transmission security (e.g. TLS) 

, securing the services with industry-standard OAuth 

mechanisms, and securing the connections on the 

infrastructure level with Virtual Private Clouds. Data 

contracts detail the available inputs, data formats, and 

semantics for each cloud service using industry-standard 

models when possible. 

Cloud-native pipelines implementing intelligent claims-

processing systems should ingest claims- and population-

health-related data in such a way that they provide secure, 

ubiquitous, and easily managed connections to rapidly 

emerging data sources and sinks. Data from claims systems 

occurs at scale behind traffic gates, remains confidential or 

secure, and requires pre-processing before population-health-

analytics departments ingest it. Potential sources from the 

electronic health records and data-sensor- and electronic-

questionnaire-systems at the population level are organically 

richer, more incremental for the volume of data created, and 

require careful alignment over time and management of 

privacy and non-pervasive consent. All these aspects together 

drive toward the use of painless ingestion by data processors 

and data verifiers at the very edge of the cloud paradigm, with 

rapid provisioning and de-provisioning of serverless 

processes. 

 

Cloud Pipeline Scalability Graph 

4. Intelligent Claims Processing 

The data pipeline provides functionality to automate the 

intelligent processing of healthcare claims by analyzing 

incoming claims data. Three activities are demonstrated: 

epidemiological fraud detection, automatic adjudication, and 

eligibility verification of submitted claims. The 

mechanization of such tasks is enabled by domain-specific 

knowledge encoded in the data pipeline’s warehouse, which 

contains elements such as reference data, coding standards, 

data schemas, and underlying relationships. The mandate to 

support these operations derives from business requirements. 

For instance, a healthcare payer must implement control 

mechanisms to curtail inappropriate uses of healthcare 

services, including fake claims, over-utilization, and 

unnecessary procedures. 

The cloud-native architecture's merit and uniqueness are not 

in the action of executing these tasks themselves, but rather in 

the utilization of a single data model for the core elements 

processed and the sharing of relevant supporting information 

across multiple epidemiological and operational processes. 

Healthcare data from disparate origin systems often contain 

similar concepts (e.g., member- and provider-related 



 

7 | P a g e  
 

attributes and clinical variables such as the International 

Classification of Disease [ICD] coding system) represented 

by different models or having their own syntactic and 

semantic variability. Such diversities add complexity to the 

monitoring of population health. A population health concern 

becomes more evident through the deployment of a specific 

detection task, yet a closer look shows that the same data can 

be employed to support automatic claim adjudication and 

eligibility verification—important tasks in the life cycle of a 

healthcare payer managing a portfolio of insurance plans. 

 

Population Health Analytics Performance 

 

Population Health Analytics Flow 

4.1. Claim Data Model and Semantics 

A standard data model and associated semantics for claims 

data lay the foundation for intelligent processing and analytics 

capabilities. Health insurance claims data represent 

interactions between the health system and payers, typically 

submitted by healthcare providers and paid by insurers to 

service beneficiaries. These exchanges usually involve money 

but can also include information on eligibility, preadmission 

and readmission requests, denials, and postpayment 

adjustments. The adjudication of claim submissions often 

requires one or more rounds of subsequent information 

exchange. Claims can be thought of as requests for 

reimbursements from the insurance company or public 

agency. Ideally, claims data for a specific health system, 

population, or time period would have the same structure and 

vocabulary. Understanding the identities of the parties 

involved, the clinical services rendered, and the constraints 

and conditions of those services, however, is invariably far 

more complex due to the different ways these stakeholders 

model and label the entities. 

Parsing, normalizing, and mapping claims data into a 

common schema form the basis of further operations, such as 

Digital Imaging and Communications in Medicine. Claims 

data from different sources cannot merely be joined on the 

primary keys used for data storage and transmission but must 

be substantially harmonized in order to create an integrated 

view of a single population or health ecosystem. Claims data 

originate from multiple different systems—record-keeping 

systems from payers, health information exchange networks, 

Digital Imaging and Communications in Medicine, or even 

Population Health Management—and employ diverse coding 

systems for clinical services, clinical procedures using a 

procedure coding system, and drugs filled using a national 

drug code. An artifacts-oriented data integration approach can 

therefore be employed, automatically normalizing and 

harmonizing claim data submitted by different entities for the 

same services rendered to the same beneficiaries. 

Data Source Data Type Volume 
Processing 

Requirement 

Electronic 

Health 

Records 

(EHRs) 

Clinical 

records 
High Harmonization 



 

8 | P a g e  
 

Data Source Data Type Volume 
Processing 

Requirement 

Insurance 

Claims 

Systems 

Financial and 

treatment 

claims 

Very 

High 

Real-time 

adjudication 

Medical 

Sensors 

Continuous 

monitoring 

data 

Streaming Edge analytics 

Mobile Health 

Apps 

Patient-

generated data 
Medium API integration 

Laboratory 

Systems 

Diagnostic 

reports 
Medium 

Semantic 

mapping 

Table 3: Healthcare Data Sources and Characteristics 

5. Population Health Analytics 

Cloud-native data pipelines capable of ingesting and pre-

processing healthcare data can support a broad range of 

analytics use cases. At the other end of the pipeline, analytic 

capabilities for population health — a re-emerging area in 

public health and healthcare policy, where the focus shifts 

from the individual to community health, prevention, and 

optimization of health outcomes — are of particular 

relevance. Population health remains a priority for many 

healthcare organizations, not only due to its potential benefits 

in patient outcomes, cost-savings, and risk detection but also 

because external stakeholders, such as commercial payers, are 

advocating for investments in population health management. 

De-identification makes it possible to combine disparate 

sentient systems without conflicting with patient consent and 

put to good use for population health analytics extremely 

detailed health information derived from electronic health 

records (EHRs) and claims systems. Claims include some 

population health-relevant information, such as diagnosis, 

procedure, and drug codes; however, they are often severely 

reduced in richness without additional semantic information. 

Certain kinds of claims — laboratory claims and drug claims 

in particular — contain useful variables that may be further 

enriched with risk-stratum-specific risk distributions. In 

addition, sensors and social determinants of health are often 

important in signaling risk for specific patients along 

particular axes, particularly across environmentally sensitive 

data clusters. Such analytic capabilities are best understood as 

supervised machine learning routines, tailored for specific use 

cases and developed to help answer pre-defined questions, 

leveraging ground truth drawn from larger volumes of data 

across multiple installations. Cloud-native pipelines thus 

enable the development of population-health analytics using 

de-identified, aggregated copies of healthcare data that are 

routinely shared across multiple payers and/or providers. 

 

Data Source Contribution Pie Chart 

5.1. Data Harmonization and Interoperability 

The capability of cloud-native data pipelines to promote 

seamless population health analytics hinges on properly 

addressing the harmonization and interoperability of claim 

and clinical data. As the wide variety of formats and 

terminologies used for the data sources prevents the direct 

coexistence of claim and clinical information from EHRs, 

mobile sensors, and other sources evaluating data from 
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population health perspectives must conform to a common 

structure with commonly accepted semantics. 

The accomplishment of this requires not only the creation of 

a surrogate population health data model that integrates data 

across different areas of health but also data mapping 

specifications to ensure that data from heterogeneous origin 

can be transformed and labeled unambiguously according to 

the proposed model. For health data within the USA, the Fast 

Healthcare Interoperability Resources (FHIR) standard 

established by Health Level 7 (HL7) can also be leveraged as 

a representation target. FHIR defines a set of resources 

covering a spectrum of data categories widely adopted by 

health informatics applications. The use of the FHIR standard 

as a final destination for the cloud-native supply chain is 

particularly important since the new chronological orders and 

other data modifications separating claim data can guarantee 

cost-free genuine FHIR generation by other tools. 

Security 

Mechanism 
Purpose Implementation 

TLS Encryption 
Secure data 

transmission 

HTTPS/TLS 

protocols 

OAuth 

Authentication 

Secure service 

access 

Token-based 

authorization 

Data Encryption 

at Rest 

Protect stored 

healthcare data 
AES encryption 

Access Control 

Policies 

Restrict 

unauthorized 

access 

RBAC and ACL 

Data Provenance Track data lineage 
Metadata 

governance 

Table 4: Security and Privacy Mechanisms in Cloud-

Native Pipelines 

6. Cloud-Native Implementation 

Considerations 

Operating cloud-native data pipelines for claims processing 

and population health analytics requires careful attention to 

the delimitation of services, operational governance, and 

resource-management practices. With an appropriate 

architecture in place, cloud platform providers offer a 

continual invitation to make services elastic and to take 

advantage of the myriad services on offer to improve 

performance. 

**Service Scalability and Elasticity**   

Such rapid resource creation and deletion, however, make 

other considerations of great interest. Cloud platforms 

provide a wide variety of services that can allow greater 

performance guarantees to be made, such as the 

parallelization of work across regions to overcome global 

latencies. Many of these approaches may require additional 

considerations for pricing and governance, especially around 

authorization and exposure. 

 

Cost Optimization Through Cloud Adoption 
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Cloud-Native Layered Architecture 

6.1. Scalability and Elasticity 

Auto-scaling for the ingestion and processing stages of a 

cloud-native healthcare data pipeline will depend on the 

specific cloud implementation. Auto-scaling policies should 

be defined and applied in accordance with the life-cycle 

management of the services involved. For example, the Azure 

Cloud environment offers a built-in Application Insights, 

Monitor, and Advanced Analysis capabilities that can be 

leveraged to auto-scale Azure Functions based on Azure 

Storage Queue messages, with a per-trigger pricing. Azure 

Data Factory also provides such monitoring and management 

capabilities for its activities. Auto-scaling also applies to the 

Computational Engine, e.g., Google Cloud Data Proc, 

Databricks, etc., both for the resource allocation and costs 

associated with the volumes of processed data and the 

execution times of data transformation and analytics jobs. 

Analytics 

Capability 
Input Data AI Technique 

Healthcare 

Benefit 

Chronic 

Disease 

Prediction 

Claims + 

EHR data 

Predictive ML 

models 

Early 

intervention 

Analytics 

Capability 
Input Data AI Technique 

Healthcare 

Benefit 

Pandemic 

Trend 

Monitoring 

Population-

level claims 

Time-series 

analytics 

Outbreak 

detection 

Risk 

Stratification 

Drug and 

lab claims 

Classification 

algorithms 

Personalized 

care 

Preventive 

Healthcare 

Analysis 

Sensor and 

wearable 

data 

Behavioral 

analytics 

Reduced 

hospitalization 

Community 

Health 

Monitoring 

Aggregated 

datasets 

Population 

analytics 

Policy 

planning 

Table 5: Population Health Analytics Capabilities 

 

FHIR-Based Interoperability Flow 

7. Conclusion 

Cloud-native data pipelines democratize access to healthcare 

data while enabling intelligent processing of claims for 

automated adjudication, fraud detection, and automated 

verification of recipient eligibility. Four conditions are 

necessary to implement these capabilities: pipelines must 

gather data from claims systems and clinical sources, provide 

a common semantics for claims data, enable mapping into a 

harmonized population-level data model, and support scalable 

analytics on these harmonized data sets. 

Automation of claim adjudication is the most obvious 

candidate for intelligent processing. Pipelines that monitor the 

flow of data from payers and claims data stored in data lakes 

can automatically apply the relevant adjudication rules to 
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determine payment outcomes for those claims. Similar query 

patterns examine recent and historical claims to detect 

patterns of fraudulent behavior. Cloud-native pipelines also 

simplify payers' operational burden by providing accurate and 

ongoing checks to determine whether Medicaid recipients 

meet the eligibility requirements established by state and 

federal regulations, and whether such eligibility continues to 

exist. 
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